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ABSTRACT

A Contemporary Investigation on Phytoplankton
Ecological Indicators in the Red Sea

John Anthony Gittings

Ecological indicators are defined as quantifiable metrics that can be used to monitor the
state of ecosystems and their response to environmental perturbations. In the global
oceans, commonly used indicators are typically based on the presence and distribution of
phytoplankton (as indexed by the concentration of chlorophyll-a [Chl-a]), which form the
base of oceanic food webs. Phytoplankton phenology (the timing of phytoplankton
growth) and phytoplankton size structure are particularly important ecological indicators
that can be derived via ocean colour remote sensing. Phytoplankton phenology has a
direct control on food availability, which subsequently impacts the survival of higher
trophic levels and the structure of marine ecosystems. Meanwhile, phytoplankton size
structure can be used to define the major functional groups that ultimately influence
marine food web structure, biogeochemical cycling and carbon export. The Red Sea is a
relatively unexplored tropical marine ecosystem, particularly in relation to its large-scale
biological dynamics. In light of recent evidence of rapid regional warming, the need to
monitor the response of the Red Sea to potential future ecosystem modifications is
becoming more imminent. Using a combination of contemporary oceanographic tools,
with an emphasis on ocean colour remote sensing, this PhD thesis attempts to validate the
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retrieval of phytoplankton ecological indicators in the Red Sea - specifically
phytoplankton abundance, phenology and size structure. The interannual variability of
both indicators and their linkages with the regional physical environment are also
explored.
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Figure 2.1. a) Map displaying the track of the PROVOR BGC-Argo float (red circles)
and corresponding satellite (OC-CCI) matchups (grey-shaded squares) in the northern
Red Sea. A total of 139 vertical profiles were analysed between September 30th 2015 and
September 27th 2016). b) Time series displaying the derivative of the cumulative sums of
Chl-a anomalies used to identify the timing of phenology metrics (initiation and
termination) for the satellite and BGC-Argo datasets. The horizontal grey line located at
zero highlights the transition between increasing/decreasing trends in the cumulative
sums of Chl-a anomalies (e.g. when Chl-a concentrations rise above/below the phenology
threshold criterion, see Materials and Methods).
Figure 2.2. a) Seasonal time series of surface and integrated Chl-a concentrations. The
black and green lines represent surface BGC-Argo Chl-a concentrations (averaged over
the first optical depth) and satellite-derived surface Chl-a concentrations respectively.
The blue-dashed line corresponds to integrated Chl-a concentrations (integrated over the
mean euphotic depth of the time series). b) Average bi-monthly vertical profiles of BGCArgo Chl-a concentrations (black line) and density (red line). The grey panels highlight
the main phytoplankton growth period (December – March). We note that the number of
profiles used to compute each bi-monthly average varied due to the fluctuating sampling
frequency of the BGC-Argo float during its deployment.
Figure 2.3. Time series of satellite-derived surface Chl-a concentrations and vertical
profiles of BGC-Argo Chl-a concentration, Dissolved Oxygen (DO), temperature and the
Brunt–Väisälä Frequency (BVF, an index of stratification), for the period spanning
September 30th 2015 - September 27th 2016. The green arrows in the first panel display
the timings of bloom initiation and termination based on satellite-derived surface Chl-a
concentrations. The black line in each panel represents the Mixed Layer Depth (MLD).
Figure 2.4. Daily satellite imagery of Chl-a concentration (acquired from the ESA OCCCI product, version 3.1) and Sea Surface Temperature (SST, NASA GHRSST OSTIA
product), corresponding to the largest peak observed in Chl-a concentrations in late
February. The precise date of the satellite imagery is 26th February 2016 and the black,
filled circle highlights the position of the BGC-Argo float on this date. The float appears
to be passing through a region of notably colder SST and high Chl-a concentrations,
indicating the potential occurrence of convection-driven vertical mixing.
Figure 2.5. Time series of BGC-Argo Chl-a concentrations integrated between 100 and
200 metres. Note that the time series represents the integrated Chl-a concentration for
each BGC-Argo profile, and thus exhibits a temporal resolution that varies in accordance
with the sampling frequency of the BGC-Argo float (1 to 10 days). Between January and
February, during the main phytoplankton growth period, Chl-a concentrations integrated
between 100 and 200 metres exhibit a marked increase, indicating an overall increase in
new production within the water column.
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Figure 3.1. Map displaying the bathymetry of the Red Sea and geographical location of
the northern Red Sea province (shown by red box). Figure 1 was produced using the
software package MATLAB (version R2015b, https://www.mathworks.com).
Figure 3.2. Seasonal climatology of satellite-derived Chl-a and sea surface temperature
(based on 8-day composites) in the northern Red Sea averaged over the period 19982015. Grey shading represents +/- one standard error for both parameters. The greydashed vertical lines represent the average timings of phytoplankton bloom initiation and
termination for the period 1998-2015.
Figure 3.3. a) Time series of satellite-derived Chl-a concentration and sea surface
temperature (8-day averages) for the northern Red Sea (1998-2015). b) Time series of
corresponding satellite-derived Chl-a and SST anomalies (observed value minus overall
mean). Grey-shaded vertical bars represent the bloom period (early- December – earlyApril) defined by the phenology analysis (Fig. 3.2).
Figure 3.4. Time series of satellite-derived Chl-a and sea surface temperature anomalies
(observed value minus overall mean) averaged over the general peak of the
phytoplankton bloom period (late-January – late-March, Fig. 3.2).
Figure 3.5. Maps of the northern Red Sea displaying differences between phytoplankton
phenology indices generated for ‘warm’ (1999, 2006, 2010, 2011, 2013, 2014, 2015) and
cold (1998, 2000, 2003, 2004, 2007, 2008, 2012) years of the study period (based on the
analysis presented in Figure 4). These maps are representative of the phenology response
during ‘warm’ climate conditions over the northern Red Sea region. During warmer
periods, the initiation of phytoplankton growth is delayed by ~ 1 – 4 weeks and
terminates up to 4 weeks earlier, ultimately leading to a shorter bloom duration overall.
Figure 5 was produced using the software package MATLAB (version R2015b,
https://www.mathworks.com).
Figure 3.6. a) Contour plot displaying vertical temperature profiles and mixed layer
depth (MLD) in the northern Red Sea for the period 1998-2014. b) Monthly anomalies of
satellite-derived Chl-a concentrations and modelled mixed layer depth anomalies for the
equivalent period. Positive MLD anomalies represent deeper mixing conditions.
Figure 3.7. Winter (October – April) satellite-derived Chl-a anomalies (left y-axis)
plotted against standardised winter anomalies of mixed layer depth and heat flux (right yaxis). Physical variables are presented as standardised anomalies for the purpose of
plotting them on a single axis.
Figure 3.8. Scatterplots of spatially averaged mixed layer depth and heat flux anomalies
vs. annual anomalies of phytoplankton phenology metrics i.e., bloom initiation, duration
and termination. The red lines represent the linear regression between the two variables.
Mixed layer depth and heat flux anomalies were averaged over periods corresponding to
each phenology metric (initiation: October – December, duration: October - April,
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termination: February - April). The mixed layer depth and heat flux data were available
for the periods 1998 – 2013 and 2001 – 2015 respectively.
Figure 4.1. Map displaying the bathymetry of the Red Sea and the locations of the cruise
sampling stations. Markers in red and black represent the data used for the validation and
training of the phytoplankton size class model respectively.
Figure 4.2. Total Chl-a concentration plotted against Chl-a computed by summing the
diagnostic pigments (Cw). Each subplot represents different weights that have been
computed in other studies.
Figure 4.3. Satellite validation of total Chl-a concentration from three different empirical
ocean colour algorithms; the standard OC-CCI algorithm and the regionally tuned OCIRG and OC4-RG algorithms developed by Brewin et al. (2015a). r is the Pearson
correlation coefficient, M is the mean absolute difference, δ is the bias and ψ is the rootmean-square-difference. Statistical tests were computed in log10 space. Per-pixel
uncertainties for the matchups obtained using the standard OC-CCI algorithm are
provided as RMSD error bars. Overall, the in situ Chl-a matchups are within the
uncertainty limits of the OC-CCI data. We also present the fixed RMSD uncertainties for
OCI-RG and OC4-RG, which are based on a previous validation of those algorithms
using OC-CCI data (see Fig 7 of Brewin et al., 2015a). Uncertainties associated with in
situ Chl-a concentrations are expressed as percentages (~ +/- 4.6%) and are represented
by the black horizontal error bars.
Figure 4.4. The two-component phytoplankton size model fitted alongside the Red Sea
HPLC pigment data. The black and red lines represent the re-parameterised model and
the original model of Brewin et al. (2015a) respectively. The top row shows the
relationship between total Chl-a concentration and size-specific Chl-a, whilst the bottom
row shows the relationship between total Chl-a and the fraction of total Chl-a from the
two size classes.
Figure 4.5. Total Chl-a concentration plotted against the fractional contribution of picophytoplankton, computed using weights from various studies. The model of Brewin et al.
(2015a) is plotted for comparison (red line). The bias occurs consistently regardless of the
weights used, justifying the requirement for model re-parameterisation.
Figure 4.6. Satellite validation of size-specific Chl-a concentrations (top row) and the
fractional contribution of Chl-a to total Chl-a (bottom row) for the two size classes.
Statistical tests were computed in log10 space for size-specific Chl-a concentrations and in
linear space for the size fractions. The statistical parameters are the same as those
described in Figure 2. For comparison, statistical tests are also presented (in red text) for
matchups computed using the previous Red Sea model parameterisation of Brewin et al.
(2015a).
Figure 4.7. 8-day climatology (1st – 9th April 2015) of total Chl-a (computed using the
OC4-RG algorithm), and the fractional contributions of pico- and the combined
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nano/micro- phytoplankton assemblages generated using the updated model parameters.
In situ data points from the NC2 cruise, conducted during this 8-day period (Table 4.1),
are overlaid on the satellite imagery and are represented by the white circles. The in situ
samples are plotted with the same colour scale as the satellite image.
Figure 4.8. 8-day climatology (28th February – 7th March 2017) showing the fractional
contribution of the combined nano/micro- phytoplankton assemblage at a spatial
resolution of 300 metres. The size fraction was computed using parameters from the reparameterised model and observations of Chl-a concentration acquired via the Ocean and
Land Colour Instrument (OLCI) on-board the SENTINEL-3 satellite (European Space
Agency).
.
Figure 5.1. Map displaying the bathymetry of the Red Sea and geographical location of
the Northern and Central Red Sea ecoregion (limits of this region are highlighted in red).
Figure 1 was produced using the software package MATLAB (version R2016b).
Figure 5.2. Interannual phenology anomalies (weeks) of the nano/micro-phytoplankton
assemblage (timings of the winter bloom initiation, duration and termination) between
1998 and 2018. The grey shaded bar highlights the event that occurred during the winter
blooming period of 2003.
Figure 5.3. Time series of Chl-a concentration attributed to the combined nano/microphytoplankton assemblage (Cn,m), alongside the timings of bloom initiation and
termination (blue vertical dashed lines), for the blooming event detected during the
autumn/winter of 2002/2003. The Cn,m time series for the remaining years are shown in
grey, alongside the climatological phenology metrics computed for the whole period
(grey vertical dashed lines).
Figure 5.4. 8-day composites displaying the spatial distribution of the satellite-derived
fractional contribution of nano/micro-phytoplankton (Fn,m) to total Chl-a concentration,
from the 22nd September - 31st October 2002.
Figure 5.5. Monthly anomaly of the fractional contribution of nano/micro-phytoplankton
(Fn,m) to total Chl-a concentration in October 2002. Positive (negative) values shown in
red (blue) represent higher (lower) fractions of nano/micro-phytoplankton in comparison
to the climatological average computed for the period 1998 – 2018.
Figure 5.6. Average Sea Level Anomaly (m) between 15th September and 15th October
2002. Positive (negative) values shown in red (blue) represent a higher (lower) SLA
respectively. Regions highlighted in blue represent cyclonic structures, whilst anticyclonic features are shown in red. The black arrows indicate the geostrophic velocities
anomaly and highlight the mesoscale eddy dipole in in the Central Red Sea.
Figure 5.7. (a) Interannual variability in the landings of Sardinella spp. (tonnes) and the
anomalies of bloom initiation (weeks) during the period 1998 to 2014. We note that one
year was subtracted from the time series of Sardinella landings, and the plotted time
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series corresponds to one year after the phytoplankton bloom (year t + 1). (i.e., the
interannual variability in the timing of food availability is evident in the catch of the
following year). (b) Interannual variability in the landings of Sardinella spp. (tonnes) and
the anomalies of bloom duration (weeks), during the period 1998 to 2014. As in (a), one
year subtracted was subtracted from the landings data to account for the 1-year lag
between the phenology metrics and Sardinella landings. The light green and grey lines
represent phytoplankton and fisheries datasets (respectively) and the shadings represent ±
1 standard deviation for both variables. (c) and (d) as seen in (a) and (b), but for landings
of Squid spp. between 1998 to 2016. Please note the reversed y-axes in Figs. 5.7a and
5.7c, where negative anomalies (upper values on the y-axes) are indicative of an earlier
bloom initiation (weeks). All data were averaged over the Northern and Central Red Sea
ecoregion (as described in section 2.1.).
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1. General Introduction
1.1. Ecological Indicators and Ocean Monitoring from Space

Global average temperatures have increased by 0.2°C per decade since the mid-1970’s,
primarily due to the anthropogenic enhancement of greenhouse gas concentrations in the
atmosphere, and are expected to become 1.5°C higher than pre-industrial levels by 2030
– 2052 if they continue to rise at the current rate (Hansen et al., 2006; Zickfeld et al.,
2016; Masson-Delmotte et al., 2018). The oceans have absorbed more than 80% of heat
added to the climate system, which has led to higher temperatures in the upper layers of
the water column (Levitus et al., 2005, 2012; Hoegh-Guldberg and Bruno, 2010). As a
consequence, marine ecosystems are presently facing a multitude of different impacts,
including, but not limited to, reduced ocean primary productivity, shifts in the
distribution, community composition and phenology of oceanic species, alterations to
ecosystem functioning and reduced habitat complexity (Behrenfeld et al., 2006; HoeghGuldberg and Bruno, 2010; Poloczanska et al., 2013, 2016; Henson et al., 2017).
Ecological indicators can be utilised to quantitatively evaluate the health or
resilience of marine ecosystems, in response to environmental perturbations associated
with global climate change (Platt and Sathyendranath, 2008). Ecological indicators
enable the assessment of the current state of marine ecosystems, and may serve as earlywarning signals of ecological disturbances and gauges of long-term trends (Racault et al.,
2014a). Indicators may be representative of numerous aspects of ecology, including the
interactions that influence the abundance and distribution of organisms, or more
generally, “the structure and function of nature” (Odum, 1963; Niemi and Mcdonald,
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2004). Subsequently, they are typically measurable, biological parameters that respond to
fluctuations in the biophysicochemical environment. Ecological indicators may exist in a
variety of different forms, including, but not limited to, indicators based on the
abundance of a specific ‘indicator’ species, community metrics (e.g., species richness and
diversity, Legendre and Legendre, 1998), community size spectra (Platt and Denman,
1977, 1978) and quantifiable ecosystem attributes derived from marine ecosystem
models, such as biomass flows, catches and trophic levels (Moloney et al., 2005).
In marine ecosystems, a common choice of indicator relates to the amount of
phytoplankton biomass, which is representative of the first trophic level in the system and
thus constitutes the base of the marine food web. Chlorophyll-a (Chl-a), the universal
pigment found in the light-harvesting chloroplasts of algae (Hurd et al., 2014) is a good
proxy for the presence of phytoplankton biomass, and has been used widely in the past to
estimate phytoplankton abundance in aquatic ecosystems. However, continuous
collection of adequate in situ Chl-a measurements for assessing phytoplankton dynamics
can often be time-consuming and expensive. An alternate method for observing the
distribution of phytoplankton biomass at regional and global scales is visible spectral
radiometry (ocean colour remote sensing), which is briefly summarised as follows.
As sunlight enters the ocean, the spectral characteristics of the light are altered
according to the absorption and backscattering properties of the water and the
constituents within it. A portion of this altered sunlight (radiance) is scattered back into
space and is detected by a radiometer on-board the satellite. Following the application of
atmospheric correction algorithms (which correct for the influence of aerosols, gases and
sun/sky glint), the remote sensing reflectance (Rrs) can be retrieved. From observations of
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Rrs, empirical bio-optical algorithms, typically based on band ratios or differences of Rrs
in the blue and green wavebands of the electromagnetic spectrum, can be employed to
derive estimates of Chl-a (Robinson, 2004).
Over the last four decades, remotely-sensed observations of Chl-a have been
acquired globally, at a spatial resolution (< 1 kilometre) and sampling frequency (daily)
that is not attainable using other contemporary oceanographic platforms. For example,
more advanced remote-sensing technology, including the launch of next-generation
satellite sensors such as OLCI on-board the Sentinel-3a spacecraft (European Space
Agency) enable the spatiotemporal distribution of ecological indicators to be resolved at
spatial scales of ~ 300 m. Thus, satellite remote sensing allows synoptic observations of
Chl-a concentration, which provides the basis to determine indicators that characterise the
state of the marine ecosystem at regional and global scales (Platt and Sathyendranath,
2008; Racault et al., 2014).

1.2. Importance and overview of phytoplankton phenology

Phenology relates to the timing of naturally recurring events and typically refers to the
seasonal cycle of primary producers (Platt et al., 2003; Boyce et al., 2017; Henson et al.,
2017). In the global oceans, phytoplankton growth is characterised by a seasonality that
occurs due to complex interactions between biological and physical processes, such as
water column stratification, light availability, nutrient concentration and predation
(Ferreira et al., 2014; Salgado-Hernanz et al., 2019). For example, in subpolar and
temperate regions, the development of the annual spring phytoplankton bloom has
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traditionally been related to the shoaling of the mixed layer to a critical depth, above
which light availability is such that phytoplankton growth exceeds losses due to
respiration, grazing and sinking export (Sverdrup, 1953), although there have since been
progressive research developments that have posited alternative hypotheses to explain the
annual spring bloom (see Huisman et al., 1999; Taylor and Ferrari, 2011; Boss and
Behrenfeld, 2010). The spring bloom ceases via a combination of grazing, mortality,
nutrient depletion and viral control (Ji et al., 2010; Brussaard et al., 1996; Larsen et al.,
2004). Mechanisms controlling the timing of phytoplankton growth differ in subtropical
and tropical marine ecosystems, where phytoplankton are primarily nutrient-limited and
periods of growth are stimulated by vertical mixing events that re-distribute nutrients
within the upper water column (Racault et al., 2012; Boyce et al., 2017).
Phytoplankton phenology can be quantified using different metrics, including: the
timing of growth initiation, the maximum peak of Chl-a concentration, the duration of the
growth period and the timing of growth termination (Platt et al., 2003; Platt and
Sathyendranath, 2008; Racault et al., 2012). Several approaches have been used for the
derivation of these phenological metrics in different regions of the global ocean, although
the choice of method is generally dependent on the shape of the phytoplankton seasonal
cycle and the sampling frequency of the dataset (Racault et al., 2012). First, phenological
metrics may be derived by fitting density functions (e.g. a Gaussian or Weibull
distribution) to the Chl-a time series. Metrics of initiation, termination and duration can
subsequently be inferred from the peak amplitude of the fitted curve and the standard
deviation (Yamada and Ishizaka, 2006; Sasaoka et al., 2011; Ohlberger et al., 2014).
Phenological metrics may also be acquired by estimating the inflexion points of the
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derivative of the smoothed Chl-a time series (i.e. where the time series transitions
between increasing and decreasing trends) (Rolinski et al., 2007). Perhaps one of the
most conventional approaches for determining phenology is the use of a threshold to
identify the timings of growth initiation and termination. The threshold method is centred
on the concept that the occurrence of a phytoplankton bloom corresponds to a significant
increase in Chl-a above ‘normal’ concentrations (Siegel et al., 2002). The respective
timings of growth initiation and termination are identified as when the Chl-a
concentration rises above and falls below a threshold criterion, which is typically based
on the climatological median of the time series, plus a pre-defined percentage. The
threshold method has been applied in numerous oceanic regions, including the North
Atlantic (D A Siegel et al., 2002), the Irminger Basin (Henson et al., 2006), the Southern
Ocean (Thomalla et al., 2011), the Scotian Shelf (Zhai et al., 2011) and the global oceans
(Racault et al., 2017, 2012).
The timing of phytoplankton growth periods has far-reaching impacts on marine
food web structure and ecosystem functioning, as the survival and fitness of higher
trophic levels is dependent on their synchrony with food availability (match – mismatch
hypothesis [Cushing, 1990, 1974]). Previous studies have shown how alterations to
phytoplankton phenology may negatively impact commercially-important species. For
example, Platt et al. (2003) revealed that a delayed initiation of the spring bloom at the
Eastern Nova Scotian shelf is linked to a decrease in the survival rate of larval Haddock
(Melanogrammus aeglefinus), whilst Koeller et al. (2009) identified a link between the
timing of the annual spring phytoplankton bloom in the North Atlantic and egg hatching
times of the pink North Atlantic shrimp (Pandalus borealis). A de-coupling of such
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trophic relationships, as a result of climatic change and alterations to the physical
environment, may generate changes at the ecosystem-level (Edwards and Richardson,
2004), potentially having severe economic and societal consequences. Thus, monitoring
phytoplankton phenology at seasonal and interannual time-scales is essential for the
effective implementation of marine management strategies in economically important
regions.

1.3 Importance and overview of phytoplankton size structure
Phytoplankton communities exist over a continuum of different sizes and cell volumes
have been shown to span nine orders of magnitude, from 0.1 µm3 for some of the smallest
cyanobacteria, to 108 µm3 for larger diatom species (Finkel et al., 2010; Marañón, 2015).
The size structure of phytoplankton communities is important for food web structure
(Legendre and Le Fèvre, 1991; Moloney and Field, 1991; Parsons and Lalli, 2002)
biogeochemical cycling (Chisholm, 1992), carbon export (Boyd and Newton, 1999;
Briggs et al., 2011; Eppley and Peterson, 1979; Laws et al., 2000; McCave, 1975) and the
thermal structure of the upper-oceanic layer (Sathyendranath and Platt, 2007). At the scale
of the individual, cell size has a direct influence on phytoplankton physiology (Platt and
Jassby, 1976; Raven, 1998), metabolic rates (Chisholm, 1992; Finkel et al., 2010; Platt,
1978; Platt and Denman, 1977), nutrient uptake (Hein et al., 1995; Probyn, 1985; Shuter,
1978) light absorption (Bricaud et al., 2004; Morel and Bricaud, 1981; Prieur and
Sathyendranath, 1981) and sinking rate (Boyd and Newton, 1999; Guidi et al., 2009; Laws
et al., 2000; Michaels and Silver, 1988).
In consideration of the above, phytoplankton size can serve as a useful indicator of

23

a species’ role in trophic functioning and biogeochemical cycling. For example, in
oligotrophic regions, pico-phytoplankton (< 2 µm) tend to dominate and are tightly
coupled with heterotrophic bacteria and protistan grazers, resulting in food webs
characterised by the rapid recycling of biogenic material instead of its direct transfer to
higher trophic levels (Azam et al., 1983). Furthermore, smaller cells have lower sinking
velocities (Stokes, 1851) and most of the biogenic carbon associated with picophytoplankton assemblages is remineralised within the upper layers, minimising transport
rates and long-term carbon sequestration (Falkowski et al., 1998). Conversely, in more
productive regions, larger phytoplankton (< 20 µm) flourish and are associated with
simpler trophic relationships. In these systems, large, multicellular micro-zooplankton
graze directly upon phytoplankton cells and a more classical food web structure subsists.
Biogenic matter, consisting of phytoplankton cells that are not grazed and zooplankton
fecal pellets, is subsequently transported to the deeper layers via a more efficient
biological pump (Guidi et al., 2009).
Phytoplankton size structure is generally represented using three size classes: pico(0.2 – 2 µm), nano- (2 – 20 µm) and micro-phytoplankton (20 – 200 µm) (Sieburth et al.,
1978) which can be quantified via numerous different methods. Traditional in situ
methods of measuring size structure include the use of light microscopy, which enables
the identification of taxonomic groups and their subsequent partitioning into the standard
size classes (pico-, nano- and micro-phytoplankton). However, this is often time
consuming and ultimately dependent on the skill of the individual (Nair et al., 2008). Flow
cytometry provides an alternative method for rapidly identifying cell size, as well as their
fluorescence and scattering properties (Brewin et al., 2014). However, it is usually limited
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to a particular size range and thus may not able to enumerate larger micro-phytoplankton.
Perhaps, the most direct assessment of size-specific biomass is size-fractionated filtration
(SFF). This involves the filtration of water samples through different sized filters (e.g. 20
µm, 2 µm and 0.2 µm), from which the retained Chl-a concentration attributed to each size
class can be quantified (e.g., via fluorometry). Although SFF enables a more exact
partitioning of phytoplankton size, clogging of filters may result in the retention of cells
smaller than the filter pore size, whilst larger cells may pass through the filter if they are
subject to breakage or have a flexible or elongated morphology (Brewin et al., 2014;
Sathyendranath et al., 2014). Assuming prior knowledge on taxon-specific pigment
composition, phytoplankton size structure can also be inferred using High Performance
Liquid Chromatography (HPLC). HPLC has the benefit of being inclusive of the full
phytoplankton size spectra, and several methods exist for the retrieval of size structure
from pigment data (Brewin et al., 2010; Claustre, 1994; Devred et al., 2011; Uitz et al.,
2006; Vidussi et al., 2001). However, some pigments may be shared by several
phytoplankton groups that span a broad range of sizes, and thus may not always be precise
biomarkers that enable differentiation between size classes. Overall, although the
aforementioned in situ methods constitute an important component for attaining
measurements of size structure, they provide limited spatial and temporal coverage for
large-scale analysis or the investigation of long-term trends. Thus, there has been
increasing efforts tailored towards the retrieval of phytoplankton size structure using
satellite remote sensing.
Existing remote-sensing methodologies for deriving phytoplankton size classes
(PSCs) can be broadly categorised into spectral-based (Devred et al., 2011; Kostadinov et
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al., 2009) and abundance-based approaches (Brewin et al., 2011, 2010; Hirata et al., 2011;
Uitz et al., 2006). Spectral-based approaches utilise optical signatures of phytoplankton
absorption and backscattering to retrieve information on size. These approaches enable the
detection of distinct optical signatures and thus provide direct information on size
structure. However, optical signatures may be small or easily confused with noise, whilst
some taxa may share similar optical signatures, potentially making discrimination between
groups problematic (Sathyendranath et al., 2014). Abundance-based approaches exploit
the ubiquitous relationship between phytoplankton biomass and cell size, where large
phytoplankton cells are generally associated with high biomass (e.g., eutrophic regions
such as upwelling areas), whilst small cells are associated with oligotrophic regions
characterised by low biomass (e.g. the subtropical gyres) (Chisholm, 1992). Due to their
simplicity, such approaches are easy to implement and enable size structure to be retrieved
adequately over large scales. However, as they are intrinsically based on phytoplankton
abundance, they are unable to distinguish between different types of phytoplankton that
may be characterised by the same Chl-a concentration.

1.4. Current research in the Red Sea

The Red Sea, situated between the African continent and Arabian Peninsula, is the
world’s northernmost tropical sea. It hosts coral reef ecosystems, contains high levels of
marine biodiversity, and supports shipping, fisheries and tourism, making it a vital
economic asset to the region (Gladstone et al., 2013; Hoteit et al., 2020). Furthermore,
due to it’s uniquely high temperatures and salinity, the Red Sea may serve as an
important model ecosystem for assessing how tropical marine ecosystems and their
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associated coral reefs respond to global climate change (Berumen et al., 2013). Over the
last decade, the Red Sea has been subject to regional warming (Chaidez et al., 2017;
Genevier et al., 2019; Raitsos et al., 2011), linked with coral reef bleaching events
(Cantin et al., 2010; Monroe et al., 2018; Osman et al., 2018) and alterations in
phytoplankton abundance (Raitsos et al., 2015). In addition, numerous coastal regions of
the Red Sea are now also sites of large-scale urban expansion. Megacities, such as
“NEOM” (www.neom.com/en-us/) and the “Red Sea Project” (www.theredsea.sa/en/) are
currently under development along the eastern coastline of the northern and north-central
Red Sea, which may be associated with pervasive environmental impacts, including, but
not limited to, enhanced nutrient deposition, pollution, alterations to natural hydrology
and increased pressure on fish stocks (Pelling and Blackburn, 2014; Sekovski et al.,
2012). Consequently, there is a need to monitor the response of the Red Sea ecosystem to
future climate variability.
Previous research has provided some insights on phytoplankton phenology over
different regions of the Red Sea. For example, Acker et al. (2008) used satellite-derived
observations of Chl-a concentration to investigate the seasonal biological dynamics of the
Northern Red Sea (NRS) and found that the region is characterised by a seasonal
phytoplankton bloom during winter. Raitsos et al. (2013) utilised satellite remote sensing
to elucidate the seasonal succession of phytoplankton biomass in four Red Sea provinces;
The Northern Red Sea, North Central Red Sea, South Central Red Sea and Southern Red
Sea. The authors observed that maximum Chl-a concentrations generally occur during the
winter months, although the mechanisms contributing to elevated Chl-a varied depending
on the region; vertical mixing contributes to high Chl-a concentrations in the north, whilst
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the wind-induced horizontal intrusion of nutrient-rich water from the Indian Ocean (Gulf
of Aden) leads to enhanced Chl-a in the south (see Raitsos et al., 2015). In a related
study, Dreano et al. (2016) investigated spatiotemporal phytoplankton dynamics in the
southern Red Sea and found that the intrusion of nutrient-rich Gulf of Aden Intermediate
Water contributes to phytoplankton blooms during the summer monsoon, which are more
intense than those observed during winter and may be of significant importance for the
coral reef ecosystems of the region. In addition, Racault et al. (2015) provided estimates
of phenological metrics (the timings of phytoplankton growth initiation, peak, duration
and termination) in reef-bound waters of six prominent Red Sea coral reef ecosystems.
Surprisingly, the authors revealed that reef-bound waters were generally characterised by
a different seasonality of phytoplankton growth in comparison to the adjacent open
waters; maximum Chl-a concentrations were detected during summer, when water
temperatures were highest and water column stratification was likely to be established. In
consideration of this paradox, further research is required to elucidate phytoplankton
phenology over the Red Sea and how phenological patterns may respond to
environmental perturbations associated with global climate change.
Due to limited in situ sampling, knowledge on the spatiotemporal distribution of
phytoplankton size structure in the Red Sea is relatively sparse. Nevertheless, increased
in situ sampling efforts over the last two decades have enabled researchers to gain insight
in localised regions of the Red Sea, including the Gulf of Aqaba (Shaikh et al., 1986;
Sommer et al., 2002), the central east coast (Al-Najjar et al., 2007; Touliabah et al., 2010)
and the north-western Red Sea (Nassar et al., 2014). More recently, Pearman et al.,
(2016) used a molecular approach to assess phytoplankton community structure in the
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northern and southern ends of the Red Sea, and Kheireddine et al. (2017) used a
taxonomic, pigment-based approach to investigate community structure along the central
axis of the basin. Both studies revealed that pico-phytoplankton were the main
contributor to the total phytoplankton biomass, although the relative contributions of
pico-, nano- and micro-phytoplankton were found to vary with environmental conditions
and mesoscale features. Finally, a regional study was conducted by Brewin et al. (2015),
who applied an abundance-based, three component size class model (Brewin et al., 2010)
to derive pico- (< 2 µm) and combined nano/micro- (> 2 µm) phytoplankton size classes
in the Red Sea using satellite-derived estimates of Chl-a concentration. However, due to
the paucity of in situ data on these two size classes within the region at the time, their
study utilised model parameters obtained from other oceanic regions (see Brotas et al.,
2013), which although useful, did not account for the unique biological characteristics of
the Red Sea.
Ocean-colour remote sensing is currently the only method providing continuous,
long-term (~20 years) synoptic time series of phytoplankton abundance. Thus, research
efforts dedicated to the substantiation of satellite-derived ecological indicators would
offer important insights into the capability of remote sensing for monitoring food
type/availability in the Red Sea. Following this, avenues of research may entail the
investigation of the phenology, both in terms of general phytoplankton abundance and
size classes, at interannual scales and how the detected trends are associated with the
regional physical environment. Such information is likely to be paramount for developing
a better understanding of trophic relationships and fisheries dynamics in the region,
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contributing to the development and implementation of marine ecosystem management
schemes.

1.5. Research questions and objectives
1.5.1. Research questions

Ecological indicators in marine ecosystems are typically based upon the total biomass of
phytoplankton – photosynthetic microalgae that comprise the base of marine food webs.
Due to the lack of adequate long-term, in situ biological datasets, the Red Sea is
relatively unexplored in the context of large-scale phytoplankton dynamics at synoptic
and interannual scales. Considering such knowledge gaps, this dissertation is centered on
the following research topics:

•

Can we successfully derive different phytoplankton based ecological indicators
in the Red Sea using satellite remote sensing?

•

What are the linkages between changes in the regional physical environment
and the phytoplankton indicators at interannual timescales?

The following specific research questions will be discussed in this dissertation:
•

Can reliable estimates of phytoplankton abundance, phenology and size structure,
be retrieved in the Red Sea using satellite remote sensing?

•

What are the mechanistic linkages between the interannual variability of
phytoplankton phenology and regional warming in the Red Sea?
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•

What is the interannual variability of phenology metrics associated with
independent phytoplankton size classes, and are there any ecological implications
of the observed variability on higher trophic levels?

1.5.2. Objectives

Chapter 1 –
General: Use satellite-derived surface chlorophyll-a (Chl-a) observations, in conjunction
with a Biogeochemical-Argo dataset, to assess the capability of remote sensing to
estimate phytoplankton phenology metrics in the Northern Red Sea.

Sub-objectives:
•

Directly compare phenology metrics computed using remotely-sensed and
BGC-Argo Chl-a datasets in the Red Sea

•

Elucidate how satellite-derived surface Chl-a seasonality relates to the vertical
dynamics of the water column.

•

Investigate further the links between satellite-derived phenology and physical
processes by analysing the vertical seasonal succession of Chl-a, Dissolved
Oxygen (DO), temperature, and the Brunt–Väisälä Frequency (an index of
stratification).

Chapter 2 –
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General: Assess the interannual variability (1998–2015) of both phytoplankton biomass
and phenological indices (timing of bloom initiation, duration and termination) in relation
to regional warming in the Northern Red Sea.

Sub-objectives:
•

Investigate temporal patterns and links between chlorophyll-a and SST in
the Northern Red Sea at interannual time scales

•

Investigate spatial patterns of phytoplankton phenology under warmer
scenarios in order to understand the response of the ecosystem to ‘warmer’
conditions.

•

Examine the physical mechanisms controlling phytoplankton abundance
and phenology

Chapter 3 –
General: Re-parameterise a two-component, abundance-based phytoplankton size model
and apply it to remotely-sensed observations of chlorophyll-a (Chl-a) concentration in the
Red Sea. Ultimately, the goal is to infer Chl-a in two size classes of phytoplankton, small
cells<2 µm in size (picophytoplankton) and large cells>2 µm in size

Sub-objectives:
•

Use an in situ High Performance Liquid Chromatography (HPLC) pigment
dataset from the Red Sea to re-tune the phytoplankton size class model developed
by Brewin et al. (2010).
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•

Evaluate the performance of three different ocean colour algorithms in the Red
Sea in order to determine the best input of Chl-a for the phytoplankton size
model.

•

Conduct the first in situ validation of satellite-derived estimates of phytoplankton
size structure in the Red Sea and pave the way for further investigation on the
seasonality, interannual variability and phenology of different PSCs.

Chapter 4 –
General: Utilise the re-parameterised model from Chapter 3 and investigate the
interannual variability of phenology metrics associated with the larger phytoplankton size
class (the combined nano/micro-phytoplankton assemblage) and explore potential links
between the observed variability and historical fisheries landings reported in the region.

Sub-objectives:
•

Apply the re-parameterised phytoplankton size class model from Chapter 3 and
derive estimates of Chl-a concentration attributed to the combined nano/microphytoplankton assemblage (Cn,m).

•

Investigate the phenological characteristics of the annual winter bloom of Cn,m
detected in the Northern and Central Red Sea.

•

Develop the findings on the analysis by exploring potential links with
historical data on fisheries landings.
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1.6. Dissertation outline

This PhD dissertation combines different contemporary oceanographic measurements –
with an emphasis on ocean colour remote sensing - in order to derive and investigate the
interannual variability of phytoplankton-based ecological indicators in the Red Sea. The
dissertation includes an Introduction, four separate chapters and a general conclusion.
In `Chapter 1, we evaluate the capability of ocean colour remote sensing for the
derivation of phytoplankton phenology metrics (timings of growth initiation, duration and
termination) in the Northern Red Sea. We use satellite-derived surface chlorophyll-a
(Chl-a) observations, in conjunction with a Biogeochemical-Argo (BGC-Argo) dataset, to
assess the capability of remote sensing to estimate phytoplankton phenology metrics in
the region. We expand upon this work in Chapter 2, and use a combination of remotely
sensed and outputs from a state-of-the-art Red Sea hydrodynamic model obtained for the
Northern Red Sea, to assess the interannual variability (1998–2015) of both
phytoplankton biomass and phenological indices (timing of bloom initiation, duration and
termination) in relation to regional warming.
Chapter 3 focuses on the retrieval and validation of remotely sensed estimates of
phytoplankton size structure in the Red Sea. Analogously to Chapter 1, it is primarily a
‘proof-of-concept’ analysis that paves the way for further investigation on the
seasonality, interannual variability and phenology of independent size classes. Finally, in
Chapter 4, we apply the re-parameterised size model developed in Chapter 3 and
undertake a combined approach to examine the interannual variability of phenology
metrics attributed to the larger phytoplankton size class (combined nano/micro-
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phytoplankton) in the Northern and Central Red Sea. We then explore the relationships
between the observed variability in phenology metrics and historical fisheries landings
data.
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2.1. Abstract

The timing of phytoplankton growth (phenology) in tropical oceans is a crucial factor
influencing the survival rates of higher trophic levels, food web structure and the
functioning of coral reef ecosystems. Phytoplankton phenology is thus categorised as an
‘ecosystem indicator’, which can be utilised to assess ecosystem health in response to
environmental and climatic perturbations. Ocean-colour remote sensing is currently the
only technique providing global, long-term, synoptic estimates of phenology. However,
due to limited available in situ datasets, studies dedicated to the validation of satellitederived phenology metrics are sparse. The recent development of autonomous
oceanographic observation platforms provides an opportunity to bridge this gap. Here, we
use satellite-derived surface chlorophyll-a (Chl-a) observations, in conjunction with a
Biogeochemical-Argo dataset, to assess the capability of remote sensing to estimate
phytoplankton phenology metrics in the northern Red Sea – a typical tropical marine
ecosystem. We find that phenology metrics derived from both contemporary platforms
match with a high degree of precision (within the same 5-day period). The remotelysensed surface signatures reflect the overall water column dynamics and successfully
capture Chl-a variability related to convective mixing. Our findings offer important
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insights into the capability of remote sensing for monitoring food availability in tropical
marine ecosystems, and support the use of satellite-derived phenology as an ecosystem
indicator for marine management strategies in regions with limited data availability.

2.2. Introduction

In tropical oceans, phytoplankton constitute a direct food source for coral reef fauna and
pelagic larvae (Yahel et al., 1998; Genin et al., 2009; Lo-Yat et al., 2011; Richter et al.,
2001), whose survival ultimately contributes to healthy, diverse marine ecosystems. This
translates to economic support, services and well-being for maritime nations via fisheries
and tourism (Moberg and Folke, 1999). Phenology characterises the timing of
phytoplankton growth periods and is an integral component controlling the structure of
marine food webs and marine ecosystem functioning (Edwards and Richardson, 2004;
Racault et al., 2012). Alterations to phytoplankton phenology may influence the survival
of higher trophic levels due to variations in the timing of food availability (Cushing,
1990; Koeller et al., 2009; Platt et al., 2003). Thus, monitoring phenology at seasonal and
interannual timescales is necessary for the establishment of management strategies in
tropical oceans and associated coral reef ecosystems. Phenology metrics, including the
timing of phytoplankton growth initiation, maximum amplitude, termination and
duration, are referred to as ‘ecological indicators’, representing objective and quantitative
measurements that can be utilised to evaluate the condition of marine ecosystems and
their response to environmental change (Boyce et al., 2017; Niemi and Mcdonald, 2004;
Platt and Sathyendranath, 2008; Racault et al., 2014a).
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Ocean-colour remote sensing is currently the only method providing continuous,
long-term (~ 20 years), synoptic time series of phytoplankton abundance (indexed by
chlorophyll-a [Chl-a] concentration), from which phytoplankton phenology metrics can
be computed (Platt et al., 2009). However, remotely-sensed Chl-a observations are
representative of the surface oceanic layer (~ first optical depth), rather than being
indicative of the complete vertical phytoplankton distribution within the water column. In
particular, stratified tropical ecosystems are characterised by the presence of Subsurface
Chl-a Maxima (SCM) that cannot be detected by satellites. To date, attempts to validate
satellite-based estimates of phytoplankton phenology with in situ measurements remain
sparse, primarily due to the lack of continuous, spatially extensive observations (Racault
et al., 2014a; Thomalla et al., 2015). The aforesaid limitations of satellite-derived datasets
may discourage researchers from utilising remotely-sensed information in ecosystem
management schemes. Oceanographic multi-platforms could bridge this gap and provide
the necessary information needed to assess the potential of satellite remote sensing in
retrieving phenology indices, and also, enable a more holistic quantification of phenology
over the whole water column.
Adopting an innovative approach, we synergistically utilise satellite-derived Chl-a
observations with data from an autonomous Biogeochemical-Argo float (BGC-Argo
float) to evaluate (1) the capability of remote-sensing data to estimate phytoplankton
phenology metrics in a typical tropical marine ecosystem – the northern Red Sea; and (2)
extend the phenological analysis to the part of the upper water column that is not seen by
satellites. We corroborate surface signatures detected by satellites by investigating the
physical mechanisms that control vertical phytoplankton dynamics.
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2.3. Data and Methodology

2.3.1. BGC-Argo float data

A NKE CTS4 PROVOR float (World Meteorological Organization, #6901573
http://argo.jcommops.org) equipped with biogeochemical and bio-optical sensors was
deployed in the northern Red Sea in September 2015 at 33.73°N and 27.66°E. The float
acquired vertical profiles of biogeochemical and optical parameters during its vertical
ascent from a maximum parking depth of 1000 m. It was programmed to surface at noon,
over time periods varying from 1, 2, 5 or 10 days, depending on the mission’s
specifications. Based on the float’s sampling track, a total of 139 vertical profiles were
analysed between September 30th 2015 and September 27th 2016, spanning a latitudinal
range of approximately 4° (Fig. 2.1a).
Measurements of pressure, temperature and salinity were obtained via a Seabird
standard conductivity-temperature-depth profiler (CTD, model SBE 41CP). Dissolved
Oxygen (DO) concentrations were determined using an Aanderaa Optode sensor (model
4330). Vertical profiles of Chl-a fluorescence were acquired using a WET Labs ECO
Puck Triplet sensor, whilst radiometric measurements, including Photosynthetically
Available Radiation (PAR), were acquired by an OC4 Satlantic radiometer. Following
standard procedures for Argo data management (Wong et al., 2020), each profile was
then quality-controlled using methods that have been specifically developed for each
parameter (Organelli et al., 2016; Thierry et al., 2016, 2011 and references therein).
Briefly, vertical profiles of Chl-a were adjusted for non-zero deep values, and corrected
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for non-photochemical quenching using an empirical method for shallow-mixing waters
according to Xing et al. (2018) The uncertainties regarding this method (XB18) are
provided in their table 2. Following Roesler et al. (2017), the community-established
calibration bias of 2 for the WET Labs ECO fluorescence sensor was applied to in situ
fluorometric Chl-a measurements. After processing, we corroborated Chl-a data by
comparing the first vertical profile acquired during the float’s deployment, with a nearby
profile of Chl-a concentration obtained by a CTD cast taken on the day before the BGCArgo deployment (R/V Thuwal, September 29th 2015). The CTD Chl-a measurements
were obtained using a similar type of WET Labs ECO Puck Triplet sensor, which was
calibrated using High Performance Liquid Chromatography (HPLC) measurements
acquired from multiple cruises conducted across the Red Sea (Kheireddine et al., 2018).
Visual comparison of the two profiles revealed that they were highly similar with regards
to their range of Chl-a concentrations, shape and magnitude, providing us with
confidence that Chl-a concentrations measured by the BGC-Argo float are representative
of the region (figure not shown). DO measurements were corrected by applying a factor
of 1.06 to each profile based on the comparison between the surface percent oxygen
saturation values and those from the World Ocean Atlas climatology (Takeshita et al.,
2013).
For each profile, surface Chl-a concentrations (Chl[Argo-Surf]) were computed by
averaging Chl-a data over the first optical depth. The first optical depth was computed as
the euphotic depth (i.e. the depth at which PAR was 1% of its surface value (Morel and
Berthon, 1989)), divided by 4.6 (Morel, 1988). Integrated Chl-a values (Chl[Argo-Int]) were
calculated by integrating Chl-a between the surface and the euphotic depth of each
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profile. This depth was chosen to represent phytoplankton biomass situated within the
epipelagic, photic zone. The Mixed Layer Depth (MLD) was computed using the
threshold method with a density gradient criterion of 0.03 kg m-3, compared to the density
at 10 m (de Boyer Montégut et al., 2004). To evaluate the level of stratification within the
water column (see Fig. 2.3), we computed the Brunt–Väisälä (buoyancy) frequency using
the “sw_bfrq” function from MATLAB’s SEAWATER toolkit (Morgan, 1994), which
utilises measurements of pressure, temperature and salinity, from the BGC-Argo float, to
calculate the mid-depth Brunt–Väisälä frequency.

2.3.2. Matchup data between remotely-sensed and BGC-Argo datasets

Version 3.1 of the European Space Agency’s Ocean Colour Climate Change Initiative
(ESA OC-CCI) (Sathyendranath et al., 2017, 2012b) was used in this study. The OC-CCI
product consists of merged and bias-corrected Chl-a data from the Sea-Viewing Wide
Field-of-View Sensor (SeaWiFS), Moderate Resolution Imaging Spectroradiometer
(MODIS), Medium Resolution Imaging Spectrometer (MERIS) and Visible Infrared
Imaging Radiometer Suite (VIIRS) satellite sensors. Level 3, daily, mapped Chl-a data
were acquired at a spatial resolution of 4 km from http://www.esa-oceancolour-cci.org.
Brewin et al. (2015, 2013) and Racault et al. (2015) have shown that both standard oceancolour algorithms and the OC-CCI algorithm perform relatively well in the Red Sea,
supporting the use of satellite-derived Chl-a datasets. Previous studies in the Red Sea
have also demonstrated that the OC-CCI product is characterised by significantly higher
data availability in comparison to single-sensor-based missions (Racault et al., 2015).
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Thus, we believe that the OC-CCI dataset is an optimum choice for phenological
analysis. We refer the reader to the OC-CCI Product User Guide at http://www.esaoceancolour-cci.org/?q=webfm_send/318 for a more extensive overview of data
processing, sensor merging and uncertainty quantification.
Satellite Chl-a data (Chl[Sat-Surf]) were temporally matched to BGC-Argo data
based on the BGC-Argo sampling date. For the phenology analysis, 5-day composites
were calculated to reduce the number of missing data and increase the matchups available
to compare phenological metrics estimated using Bio-Argo and satellite datasets. Spatial
matchups were acquired by locating the closest 4 km pixel (nearest latitude and
longitude) to the BGC-Argo sampling location, and computing the average of 3 pixels
longitudinally, centered on that 4 km pixel (grey shaded squares in Fig. 2.1a). A total of
84 satellite matchups were obtained over the sampling period (September 30th 2015 to
September 27th 2016).

2.3.3. Computation of phytoplankton phenology metrics

Following the approach published in Racault et al. (2015), we utilised the cumulative
sums of anomalies method, based on a threshold criterion, to estimate phytoplankton
phenology metrics from both satellite-derived and BGC-Argo Chl-a datasets. This
method has previously been applied for investigating phenology from satellite-derived
climatology and interannual time-series in the Red Sea (Gittings et al., 2018; Racault et
al., 2015), and in situ glider-based seasonal time-series in the Southern Ocean (Thomalla
et al., 2015). Due to the varying sampling frequency of the float and coverage of the
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satellite, we calculated, for both the BGC-Argo and the OC-CCI datasets, the average
Chl-a concentration within 5-day periods, or so-called 5-day composites, which allowed
us to generate temporally consistent and complete seasonal cycles. Generating complete
Chl-a time series is important because the computation of phenology metrics can be
impacted by the presence of missing data in the Chl-a time series (Ferreira et al., 2014;
Racault et al., 2014b). However, even though averaging over 5 days reduces the
resolution at which events in the phytoplankton growth period can be estimated, it does
not significantly affect the spatial pattern of the estimated phenological metrics (Henson
et al., 2017). The cumulative sum of anomalies method requires a complete (i.e. gap-free)
Chl-a time-series as an input, otherwise the phenology metrics cannot be calculated.
Hence, to further improve the coverage of Chl-a satellite data, we applied a linear
interpolation method that fills gaps in the time series. The interpolation method used is
based on the MATLAB subroutine inpaint_nans, which interpolates missing data using a
linear least squares approach (D’Errico, 2012).
Next, we defined the threshold criterion as the median of the time series plus 5%
(Racault et al., 2017, 2012; Siegel et al., 2002). Using this threshold, Chl-a anomalies
were computed by subtracting the threshold criterion from the time series. The
cumulative sums of anomalies were then calculated. Increasing (decreasing) trends in the
cumulative sums of anomalies represent periods when Chl-a concentrations are above
(below) the threshold criterion. The gradient of the cumulative sums of anomalies was
then used to identify the timing of the transition between increasing and decreasing trends
(Racault et al., 2015). The initiation of the main phytoplankton growth period
corresponded to the 5-day period when Chl-a concentrations first rose above the
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threshold criterion (i.e. when the gradient of the time series first changed sign). The
termination of the main phytoplankton growth period was computed as the time when the
gradient first changed sign following the occurrence of the maximum Chl-a concentration
in the time series (the growth peak). The total duration of the main phytoplankton growth
period was calculated as the number of 5-day periods between the timings of initiation
and termination.

2.3.4. Data availability

The ESA OC-CCI satellite ocean-colour dataset used in this study is freely available at
http://www.esa-oceancolour-cci.org. The PROVOR Biogeochemical-float dataset is
freely available at http://www.argo.ucsd.edu and http://argo.jcommops.org.

2.4. Results

2.4.1. Comparing phenology metrics from satellite and BGC-Argo datasets

To evaluate the capability of satellite-derived Chl-a observations for the computation of
phytoplankton phenology, we directly compare phenology metrics computed using
satellite (OC-CCI) and BGC-Argo Chl-a datasets in the Red Sea (Fig. 2.1a). We refer to
the time series of surface Chl-a concentrations from satellites and the BGC-Argo float as
Chl[Sat-Surf] and Chl[Argo-Surf] respectively, whilst Chl[Argo-Int] refers to the time series of
integrated BGC-Argo Chl-a over the euphotic depth (see Materials and Methods). First, it
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is worth noting that Chl[Sat-Surf] exhibits a significant correlation with Chl[Argo-Surf] and
Chl[Argo-Int] (n = 154, ρ = 0.90, p < 0.00001 and n = 154, ρ = 0.71, p < 0.00001
respectively), highlighting the strong coherence between the BGC-Argo and satellite
datasets. Phenology metrics derived from the two datasets match remarkably well (Fig.
2.1b). The initiation of the main phytoplankton growth period as seen from Chl[Argo-Surf]
and Chl[Sat-Surf] occurs in autumn, during late October and early November respectively,
with a difference of one five-day period between the two phenology estimates. The
initiation of Chl[Argo-Int] occurs approximately one month later near the beginning of
December. During the main phytoplankton growth period, two prominent peaks are
apparent in early January and late February across the three Chl-a datasets. The timings
of termination for Chl[Argo-Surf] and Chl[Sat-

Surf]

are almost identical and occur in early

April, whilst the termination of Chl[Argo-Int] occurs ~ 1.5 months later. In accordance with
these timings, Chl[Argo-Surf] and Chl[Sat-Surf] are characterised by main phytoplankton
growth periods with approximately the same duration (~ 5 months), in contrast to
Chl[Argo-Int] which is ~ 2 – 3 weeks longer.

Figure 2.1. a) Map displaying the track of the PROVOR BGC-Argo float (red circles) and
corresponding satellite (OC-CCI) matchups (grey-shaded squares) in the northern Red Sea. A
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total of 139 vertical profiles were analysed between September 30th 2015 and September 27th
2016). b) Time series displaying the derivative of the cumulative sums of Chl-a anomalies used to
identify the timing of phenology metrics (initiation and termination) for the satellite and BGCArgo datasets. The horizontal grey line located at zero highlights the transition between
increasing/decreasing trends in the cumulative sums of Chl-a anomalies (e.g. when Chl-a
concentrations rise above/below the phenology threshold criterion, see Materials and Methods).

2.4.2. Seasonal succession of satellite-derived Chl-a and BGC-Argo vertical profiles

To elucidate how satellite-derived surface Chl-a seasonality relates to the vertical
dynamics of the water column, we present seasonal time series of the three Chl-a
datasets, alongside bi-monthly averages of BGC-Argo Chl-a concentration and density
profiles (Fig. 2.2).
Overall, Chl[Sat-Surf] exhibits similar patterns of variability to the BGC-Argo time
series (Chl[Argo-Surf] and Chl[Argo-Int]). Three distinct phases of the Chl-a seasonal
succession are observed. First, a period of low, but increasing, Chl-a concentrations
occurs in autumn (October – November), coinciding with the observed timing of
phytoplankton growth initiation for the Chl[Argo-Surf] and Chl[Sat-Surf] time series (Fig.
2.1b). The initiation of Chl[Argo-Int] is detected in early December (Fig. 2.1b), although
Chl-a concentrations also exhibit a transient increase during November (Fig. 2.2a).
Following this, the main phytoplankton growth period is apparent during winter
(December – April, grey-shaded panels) and is characterised by an overall increase in
Chl-a and two distinct peaks occurring at the beginning of January and in late February.
Finally, paralleling the onset of termination for surface Chl-a in early April, and
integrated Chl-a in late May, a period of reduced Chl-a concentrations begins in spring
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and continues throughout summer (June – September, Fig. 2.1b, Fig. 2.2a).
Corresponding in situ BGC-Argo vertical profiles reveal a distinct vertical
seasonal succession that reflects the seasonal Chl-a time series (Fig. 2.2b). In autumn
(October – November), Chl-a profiles reveal the presence of a SCM located at ~ 75
metres, whilst density profiles indicate the position of a moderate pycnocline. During the
main winter growth period (period of high surface Chl-a, grey-shaded panels, Fig. 2.2a),
vertical profiles highlight the complete erosion of the SCM. Chl-a concentrations are
substantially higher and homogenous in the upper mixed layer, before decreasing with
depth (Fig. 2.2b). Density profiles also reveal the increasing homogeneity of the upper
water column, particularly during February/March, when the density gradient is very
weak in the 0 – 250 m layer. Vertical profiles during spring (April – May) highlight the
re-establishment of the SCM, which has the highest magnitude detected throughout the
year (~ 0.35 mg m-3), and the presence of a small pycnocline, coinciding with an overall
decrease in surface density (Fig. 2.2b). Summer vertical profiles portray a further
decrease in density and the pycnocline begins to exhibit a stronger stratification gradient
(Fig. 2.2b), associated with a progressive deepening of the SCM (~ 100 m in August September).
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Figure 2.2. a) Seasonal time series of surface and integrated Chl-a concentrations. The black and
green lines represent surface BGC-Argo Chl-a concentrations (averaged over the first optical
depth) and satellite-derived surface Chl-a concentrations respectively. The blue-dashed line
corresponds to integrated Chl-a concentrations (integrated over the mean euphotic depth of the
time series). b) Average bi-monthly vertical profiles of BGC-Argo Chl-a concentrations (black
line) and density (red line). The grey panels highlight the main phytoplankton growth period
(December – March). We note that the number of profiles used to compute each bi-monthly
average varied due to the fluctuating sampling frequency of the BGC-Argo float during its
deployment.

2.4.3. Links between satellite phenology metrics and physical mechanisms

We have shown that phenology metrics computed using observations from the two
platforms are markedly similar. The seasonal cycle of satellite-derived Chl-a exhibits a
strong coherence with in situ vertical Chl-a profiles. We further investigate links between
satellite-derived phenology and physical processes by analysing the vertical seasonal
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succession of Chl-a, Dissolved Oxygen (DO), temperature, and the Brunt–Väisälä
Frequency (BVF, an index of stratification, Fig. 2.3).
The timing of Chl[Sat-Surf] initiation in early November (Fig. 2.3), is concurrent
with an abrupt deepening of the MLD from ~ 25 to 50 m, higher surface Chl-a
concentrations (~ upper 50 m) and a reduction in the BVF. A gradual increase in Chl[SatSurf]

co-occurs with a steady deepening of the MLD until mid-December, when the MLD

has reached ~ 100 metres, coinciding with elevated Chl-a in the mixed layer and the
erosion of the SCM (Fig. 2.3). Accompanying this, in mid-December, the mixed layer
exhibits increased levels of DO, a progressive reduction in temperature, and an overall
decrease in stratification. The peaks observed in the Chl[Sat-Surf] time series during
January and February are matched by a striking increase in Chl-a (> 0.5 mg m-3), the
deepening of the MLD to depths of 100 - 250 metres, and the presence of oxygenated
waters (DO, Fig. 2.3) throughout the mixed layer. Temperature is homogeneous within
the mixed layer during these strong mixing events and the BVF accentuates the relative
weakening/strengthening of stratification. The termination of the satellite-derived main
phytoplankton growth period in early April coincides with a shallower MLD (~ 25
metres), reduced surface Chl-a concentrations and the re-establishment of the SCM (Fig.
2.3). DO remains relatively high at the time of termination and temperatures in the mixed
layer exhibit an overall increase, continuing to warm throughout spring and summer. The
termination of the phytoplankton growth period also overlaps with high values of the
BVF (increased stratification) in the shallow mixed layer.
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Figure 2.3. Time series of satellite-derived surface Chl-a concentrations and vertical profiles of
BGC-Argo Chl-a concentration, Dissolved Oxygen (DO), temperature and the Brunt–Väisälä
Frequency (BVF, an index of stratification), for the period spanning September 30th 2015 September 27th 2016. The green arrows in the first panel display the timings of bloom initiation
and termination based on satellite-derived surface Chl-a concentrations. The black line in each
panel represents the Mixed Layer Depth (MLD).
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2.5. Discussion

Ocean-colour remote sensing is currently the only platform from which synoptic
estimates of phytoplankton phenology – an important ecosystem indicator – can be
acquired. Yet, prior to this analysis, research dedicated to the substantiation of satellitederived phenology metrics was limited. Our study demonstrates that satellite-derived
phenology in a typical tropical ecosystem (the northern Red Sea) is consistent with
estimates attained using an in situ BGC-Argo float dataset, and also appears to be
representative of vertical water column dynamics.
Initiation of the main phytoplankton growth period, based on surface Chl-a
concentrations from both satellite and BGC-Argo datasets, occurs near-synchronously in
late October/early November (Fig. 2.1b), coinciding with a smaller SCM (in comparison
to spring/summer) and an apparent increase in Chl-a concentrations within the surface
layer (Fig. 2.2b, Fig. 2.3). The northern Red Sea experiences colder atmospheric
conditions and stronger air-sea heat fluxes at the onset of winter, which generates
convection events and vertical mixing within the water column (Abualnaja et al., 2015;
Acker et al., 2008; Gittings et al., 2018; Papadopoulos et al., 2015, 2013; Raitsos et al.,
2013; Sofianos, 2003; Yao and Hoteit, 2018). In this respect, biological dynamics in the
northern Red Sea follow a regime that is analogous to what is typically observed in other
tropical marine ecosystems, where the re-distribution of nutrients from the deeper layers
is the dominant factor controlling phytoplankton growth (Doney, 2006). The
enhancement of Chl-a captured by satellite sensors in early November (Fig. 2.1b, Fig.
2.3) may represent the initial erosion of the SCM and the redistribution of Chl-a and
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nutrients to the surface layer. Supporting this, elevated in situ surface Chl-a
concentrations and the presence of a diminished SCM are paralleled by increased density
at the surface (Fig. 2.2b), and an overall reduction in upper layer stratification, in
comparison to summer (Fig. 2.2b, Fig. 2.3). This is analogous with the results of Lavigne
et al. (2015), who revealed that vertical Chl-a profiles across the Mediterranean (Ionian
Sea) exhibit a ‘modified SCM’ shape in early winter, when Chl-a concentrations are
higher in the surface layer and peak just below the base of the mixed layer (as can be
observed in late October in Fig. 2.3). The aforementioned authors attributed this type of
profile shape to vertical mixing in the upper layer that erodes the SCM. Our results are
also consistent with those of Calbet et al. (2015), who revealed that the main seasonal
phytoplankton growth period in the central Red Sea is likely to be initiated when
nutrients are entrained into the upper water column following a deepening of the mixed
layer.
The initiation of Chl[Argo-Int] with the adopted metrics begins in early December.
As Chl[Argo-Int] represents Chl-a values integrated over the euphotic depth, we suggest that
the one month lag observed in the initiation of Chl[Argo-Int] could relate to the amount of
time required for vertical mixing to reach depths where there are abundant deposits of
subsurface nutrients that can stimulate growth within the entire euphotic zone. Supporting
this, we note that the timing of Chl[Argo-Int] initiation in early December appears to
coincide closely with a deepening of the MLD to ~ 100 metres and an increase in Chl-a
concentrations throughout the upper 100 metre later (Fig. 2.1b, Fig. 2.3), emphasizing
the potential occurrence of a large mixing event that may have re-distributed nutrients
throughout the euphotic layer.
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The Chl[Sat-Surf] increase observed during the main phytoplankton growth period
(December – April) is reflected by an enhancement in both surface and integrated BGCArgo Chl-a (Fig. 2.2, Fig. 2.3). During this period, there is a clear intensification of
vertical mixing and phytoplankton growth, particularly during January and February, as
indicated by weaker density gradients, an overall deepening of the mixed layer (up to ~
250 metres), the presence of colder, oxygenated waters and a significant reduction in
vertical stratification (Fig. 2.2b, Fig. 2.3). Consistent with our analysis, maximum Chl-a
concentrations in the northern Red Sea have previously been reported to occur between
January and March as a result of convection-related vertical mixing (Acker et al., 2008;
Gittings et al., 2018; Racault et al., 2015; Raitsos et al., 2013; Yao and Hoteit, 2018). The
timing of prominent peaks in January and February, as evidenced by higher Chl-a
concentrations (~ 0.5 mg m-3) within the mixed layer, is well-represented by the Chl[SatSurf]

time series (Fig. 2.3). These Chl-a peaks occur during periods when the BGC-Argo

float passes through areas characterised by deep mixed layers and colder temperatures
(Fig. 2.4). In such areas, we suggest that strong convection-driven vertical mixing (Yao
and Hoteit, 2018), and the subsequent redistribution of nutrients from deeper layers,
sustains increased levels of phytoplankton growth (Fig. 2.3). A subsequent shallowing of
the MLD, observed immediately following these Chl-a peaks, may be explained by the
fact that the BGC-Argo float is transported out of the convection area. Alternatively,
cyclonic eddies have been reported to form frequently at ~ 27°N in the western region of
the northern Red Sea (Clifford et al., 2000; Papadopoulos et al., 2015; Sofianos, 2003;
Yao et al., 2014a; Zhan, 2014) and have been previously associated with the rapid
shoaling of the mixed layer (Abdulla et al., 2018).
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Figure 2.4. Daily satellite imagery of Chl-a concentration (acquired from the ESA OC-CCI
product, version 3.1) and Sea Surface Temperature (SST, NASA GHRSST OSTIA product),
corresponding to the largest peak observed in Chl-a concentrations in late February. The precise
date of the satellite imagery is 26th February 2016 and the black, filled circle highlights the
position of the BGC-Argo float on this date. The float appears to be passing through a region of
notably colder SST and high Chl-a concentrations, indicating the potential occurrence of
convection-driven vertical mixing.

The timing of Chl[Sat-Surf] termination in early April coincides with that of Chl[Argo-Surf],
paralleling a substantial reduction of in situ Chl-a concentrations within the surface layer
and the re-establishment of the SCM (Fig. 2.1b, Fig. 2.2). The coincident occurrence of
warmer temperatures, a shallower MLD and increased stratification indicates that overall,
satellite-derived Chl-a appears to accurately capture the cessation of vertical mixing and
the resultant diminished supply of nutrients into the upper euphotic layer. Thus, we
hypothesise that once vertical mixing ceases, nutrients within the upper euphotic layer
will be rapidly consumed, surface phytoplankton abundance will decrease to levels
observed prior to the main growth period, and the SCM will re-form as phytoplankton
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begin to grow where there is an optimal combination of two diverging resource gradients:
light from the surface and nutrients diffused from below (Mignot et al., 2014) (Fig. 2.2,
Fig. 2.3).
It is evident that Chl[Argo-Int] concentrations display a marked decrease (alongside
Chl[Sat-Surf] and Chl[Argo-Surf]) in mid February (Fig. 2.2a), before plateauing and
remaining slightly above the threshold criterion throughout April and May (Fig. 2.1b).
However, the termination of Chl[Argo-Int] seems to be delayed by ~ 2 months.
Interestingly, Chl-a concentrations at the SCM during April and May are the highest
observed throughout the time series (Fig. 2.2b, Fig. 2.3). We hypothesise that the delayed
termination of integrated Chl-a concentrations could be explained by the seasonal
dynamics of the SCM in relation to light availability. Following the peak of the main
phytoplankton growth period between February and March, we propose that light
attenuation in the upper euphotic layer decreases in parallel with Chl-a concentrations.
Subsequently, the SCM deepens in response to increased light availability (clearer
waters) and becomes closer to the nutricline, leading to an enhancement in phytoplankton
biomass. Note that a brief discussion on the potential effects of photoacclimation can be
found in the Potential biases section (see Materials and Methods). From June onwards,
the magnitude of the SCM decreases, presumably as nutrients at the nutricline are
gradually consumed, and thus, less biomass is sustained. We also note that the potential
impact of grazing should not be ignored and previous studies in the northern Red Sea
have documented the role of zooplankton grazing on phytoplankton biomass (Sommer et
al., 2002). However, as phytoplankton dynamics in the northern Red Sea are suggested to
be strongly bottom-up controlled (Sommer, 2000), we speculate that the termination of
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the main phytoplankton growth period observed in early April is primarily representative
of nutrient limitation.
Using a biogeochemical dataset, acquired by an autonomous BGC-Argo float
deployed in a relatively unexplored tropical ecosystem – the Red Sea – we demonstrate
that remotely sensed surface phenology matches very closely with phenology metrics
derived from an in situ Chl-a dataset (within the same 5-day period). Satellite-derived
surface phenology successfully captures the commencement and culmination of
convection-driven vertical mixing, which is the predominant mechanism affecting
nutrient availability in the northern Red Sea. Although previous studies have
demonstrated the importance of float-based measurements for the validation of satellite
ocean-colour products in subtropical waters (Wojtasiewicz et al., 2018), to our
knowledge, this study comprises the first float-based assessment highlighting the
capability of satellite sensors for retrieving phytoplankton phenology in a tropical marine
ecosystem.
The timing of food availability in tropical marine ecosystems may be altered
under future scenarios of climate warming, potentially having far-reaching impacts on
higher trophic levels, reef-dwelling organisms, and coastal fisheries that are an invaluable
economic resource in tropical regions. With the consideration that there are presently two
decades of satellite data available, the ability to now retrieve representative estimates of
surface phenology synoptically from space, at interannual timescales, is paramount for
monitoring how tropical ecosystems and their associated coral reef habitats respond to
global climate change. Additionally, in data-limited regions where in situ sampling
efforts are sparse or not possible, satellite-derived phytoplankton phenology is likely to
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become a fundamental factor influencing the effective design and implementation of
future ecosystem management strategies.

2.5.1. Potential biases

Although not accounted for in the analysis of this study, we note that the transportation of
water masses via eddies and surface currents in the northern Red Sea may influence Chl-a
concentrations via horizontal advective processes that act to redistribute material towards
or away from the BGC-Argo profiling site (Raitsos et al., 2017). However, such features
are usually observed in the southern-central Red Sea, as opposed to the northernmost
region, which tends to be more convection-dependent (Raitsos et al., 2015, their Figure 3
and 4, Dreano et al., 2016). Overall, we infer from our results that the BGC-Argo float
generally captured the seasonal convective mixing that characterizes the region.
We also note that variations in Chl-a concentration are not always associated with
changes in biomass, but may result from fluctuations in the concentration of intracellular
pigments as a result of photoacclimation processes. As the concentration of Chl-a is not a
perfect proxy of phytoplankton biomass, we acknowledge that photoacclimation to low
light levels, particularly during MLD deepening events, could impact our analysis. We
have investigated the potential impact of photoacclimation using measurements of
particulate backscattering acquired by the BGC-Argo float. Particulate backscattering at
700 nm (bbp700) averaged over the first optical depth and the first euphotic depth,
generally increases in conjunction with integrated and surface Chl-a concentrations
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Figure 2.5. Time series of BGC-Argo Chl-a concentrations integrated between 100 and 200
metres. Note that the time series represents the integrated Chl-a concentration for each BGC-Argo
profile, and thus exhibits a temporal resolution that varies in accordance with the sampling
frequency of the BGC-Argo float (1 to 10 days). Between January and February, during the main
phytoplankton growth period, Chl-a concentrations integrated between 100 and 200 metres
exhibit a marked increase, indicating an overall increase in new production within the water
column.

(figure not shown). Thus, although photoacclimation likely exerts some influence on Chla concentrations under conditions of reduced light availability, we acknowledge that there
is an overall increase in the concentration of particulate matter within the water column
during the main phytoplankton growth period, indicating that there is a net increase in
Chl-a associated with new production.
Finally, the choice of depth used for computing integrated Chl-a concentrations
could potentially influence our analysis, particularly if we consider the fact that the SCM
may occasionally reach depths that extend below the euphotic zone. In order to capture
Chl-a variability in the deeper layers and verify that the winter increase in Chl-a
concentrations observed at the surface is in fact new production associated with enhanced
nutrient supply from convective mixing, we produced a time series of Chl-a
concentrations integrated between 100 and 200 metres (Fig. 2.5). During the main
phytoplankton growth period, Chl-a integrated within the 100 – 200 metre depth range
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exhibits a significant increase between mid January and late February. Based on this, we
can infer that the enhanced Chl-a detected by satellites at the surface is not just the
redistribution of Chl-a from the SCM, but represents new production within the water
column.
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3.1. Abstract

In the tropics, thermal stratification (during warm conditions) may contribute to a
shallowing of the mixed layer above the nutricline and a reduction in the transfer of
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nutrients to the surface lit-layer, ultimately limiting phytoplankton growth. Using
remotely sensed observations and modelled datasets, we study such linkages in the
northern Red Sea (NRS) - a typical tropical marine ecosystem. We assess the interannual
variability (1998-2015) of both phytoplankton biomass and phenological indices (timing
of bloom initiation, duration and termination) in relation to regional warming. We
demonstrate that warmer conditions in the NRS are associated with substantially weaker
winter phytoplankton blooms, which initiate later, terminate earlier and are shorter in
their overall duration (~ 4 weeks). These alterations are directly linked with the strength
of atmospheric forcing (air-sea heat fluxes) and vertical stratification (mixed layer depth
[MLD]). The interannual variability of sea surface temperature (SST) is found to be a
good indicator of phytoplankton abundance, but appears to be less important for
predicting bloom timing. These findings suggest that future climate warming scenarios
may have a two-fold impact on phytoplankton growth in tropical marine ecosystems: 1) a
reduction in phytoplankton abundance and 2) alterations in the timing of seasonal
phytoplankton blooms.
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3.2. Introduction

Tropical regions harbor some of Earth’s most productive and diverse marine ecosystems,
which provide important services for human populations (Peters et al., 1997). The Red
Sea (Fig. 3.1), the world’s northernmost tropical sea, is an important economic asset (via
tourism, shipping and fisheries) (El Mamoney and Khater, 2004; Gladstone et al., 2013;
Head, 1987) and hosts one of the longest coral reef systems on Earth, which supports
high levels of biodiversity and endemism (Berumen et al., 2013). Evidence indicates that
the Red Sea, which has formerly been classified as a fast-warming Large Marine
Ecosystem (LME) (Belkin, 2009), underwent an abrupt, step-wise temperature increase
in response to global warming trends, which began in the mid-90s and has persisted until
the present day (Chaidez et al., 2017; Krokos et al., 2019; Raitsos et al., 2011).
In tropical marine ecosystems, warmer conditions may reduce the abundance and
primary productivity of phytoplankton - microscopic photosynthetic algae that form the
base of the marine food web. This decrease results from enhanced stratification, less
vertical mixing and reduced nutrient supply to the euphotic zone (Behrenfeld et al., 2006;
Doney, 2006). Despite this, warmer climatic conditions (i.e., positive phases of the El
Niño Southern Oscillation - ENSO) have been linked with higher biomass over a large
region of the Red Sea, due to increased (wind-induced) horizontal nutrient transport from
the Indian Ocean (Raitsos et al., 2015). The northern Red Sea (NRS, red box in Fig. 3.1)
is unique in the fact that it is the only region in the Red Sea that does not emulate this
pattern. Instead, phytoplankton dynamics in the NRS follow a typical tropical regime,
where warmer, stratified conditions contribute to less vertical mixing and a reduction in
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phytoplankton abundance (Raitsos et al., 2015).

Figure 3.1. Map displaying the bathymetry of the Red Sea and geographical location of the
northern Red Sea province (shown by red box). Figure 1 was produced using the software
package MATLAB (version R2015b, https://www.mathworks.com).

The NRS is characterised by a distinct winter phytoplankton bloom that occurs when
colder atmospheric conditions contribute to significant heat loss over the region, and
convective mixing (overturning) transports nutrients from deeper waters into the surface
layers (Abualnaja et al., 2015; Acker et al., 2008; Papadopoulos, 2015; Raitsos et al.,
2013; Sofianos and Johns, 2003; Triantafyllou et al., 2014; Yao et al., 2014a). The NRS
winter bloom is important for the regional ecosystem. For instance, the seasonal increase
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in abundance may be paramount for zooplankton dynamics (e.g. feeding and maturation),
and the reproductive strategies of reef organisms (e.g. molluscs and fish), as already
highlighted in the Gulf of Aqaba (the northernmost extension of the NRS) (Popper and
Fishelson, 1973; Richter et al., 2008; Schnack-Schiel et al., 2008).
Phytoplankton abundance and phenology (bloom timing) can be categorised as
‘ecological indicators’ that can be used to assess the condition of the pelagic ecosystem
(Platt et al., 2003; Platt and Sathyendranath, 2008; Racault et al., 2014a). Interannual
fluctuations in the timing of phytoplankton growth can have far-reaching ecosystem
impacts, as the fitness and recruitment of organisms at higher trophic levels is ultimately
dependent on their temporal synchrony with food availability (match – mismatch
hypothesis, Cushing, 1974; Winder and Schindler, 2004). Previous studies for different
oceanic regions have revealed that changes in phytoplankton phenology can negatively
impact the survival of commercially important species (Koeller et al., 2009; Platt et al.,
2003).
Due to the lack of adequate long-term, in situ biological datasets, the NRS is
relatively unexplored in the context of large-scale phytoplankton dynamics at an
interannual level. One alternative that can be utilised to conduct interannual analyses is
the use of satellite-derived chlorophyll-a (Chl-a, an index of phytoplankton biomass)
datasets (Racault et al., 2012), which provide valuable information about phytoplankton
dynamics over long time periods. The recent development of the Ocean Colour Climate
Change Initiative (OC-CCI) project by the European Space Agency (ESA)
(Sathyendranath et al., 2016, http://www.esa-oceancolour-cci.org) led to the conception
of a high quality, global-scale, error-characterised Chl-a time-series, generated by

83

merging datasets from multiple ocean-colour sensors. Currently, the OC-CCI dataset is
one of the longest (~ 18 years) and most consistent time-series of Chl-a available, and its
use may therefore be suitable for assessing the influence of climate-driven alterations on
phytoplankton.
In this study, we centre our investigation on elucidating the potential response of
phytoplankton dynamics in the NRS to regional warming. We use the OC-CCI dataset to
assess the long-term interannual variability of both phytoplankton abundance (as indexed
by total satellite-derived Chl-a concentration) and phenological indices (timing of bloom
initiation, duration and termination). The mechanistic links between the observed
variability in phytoplankton dynamics and regional abiotic factors (SST, mixed layer
depth [MLD] and air-sea heat fluxes) are also explored.

3.3. Data and Methodology

3.3.1 Study area

Geographical limits of the NRS were chosen based on the Red Sea biological provinces
presented in Raitsos et al. (2013) and are defined as 33°E - 37°E and 25.5°N - 27.8°N
(red box in Fig. 3.1). For the purpose of this study, the Gulfs of Aqaba and Suez were not
included in the analysis as they are regionally controlled by different dynamics.
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3.3.2 Bathymetry data

Gridded bathymetry data used for the generation of Figure 1 were acquired from the
General Bathymetric Chart of the Oceans (GEBCO_2014 Grid, version 20150318,
http://www.gebco.net).

3.3.3. Satellite ocean-colour data

Version 3.1 of the ESA OC-CCI product (Sathyendranath et al., 2016) was used in this
study. This product consists of merged and bias-corrected Chl-a data from the SeaViewing Wide Field-of-View Sensor (SeaWiFS), Moderate Resolution Imaging
Spectroradiometer (MODIS), Medium Resolution Imaging Spectrometer (MERIS) and
Visible Infrared Imaging Radiometer Suite (VIIRS) satellite sensors. Level 3, mapped
data were acquired at a spatial resolution of 4 km, and 8-day and monthly temporal
resolutions from http://www.esa-oceancolour-cci.org, for the period January 1998 –
December 2015. Satellite-derived Chl-a concentrations, before being spatially averaged
over the NRS, were further evaluated and observable outliers were removed following a
one-by-one visual inspection. We note that remotely sensed observations of Chl-a
concentration in optically complex waters may be impacted by the presence of other
optical constituents, such as coloured dissolved organic matter. However, comparisons
with in situ data have demonstrated that remotely sensed datasets perform reasonably
well in the Red Sea (Brewin et al., 2015), even in the optically complex coastal regions
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(Racault et al., 2015; Raitsos et al., 2017). Thus, we are confident in the use of remotely
sensed Chl-a data for studying interannual phytoplankton variability and phenology in the
Red Sea. For further information, the reader is referred to previous literature regarding
the OC-CCI product (Sathyendranath et al., 2016, 2012a) and its previous applications in
the Red Sea and adjacent Arabian Sea (Brewin et al., 2015; Dreano et al., 2016; Gittings
et al., 2017; Racault et al., 2015). In addition, we refer the reader to the OC-CCI Product
User Guide at http://www.esa-oceancolour-cci.org/?q=webfm_send/318 for a more
extensive overview of processing, sensor merging and uncertainty quantification.

3.3.4. Estimation of phytoplankton phenological indices

The annual phenological indices of the seasonal phytoplankton bloom were estimated
using the threshold criterion method (Brody et al., 2013; Racault et al., 2015, 2012). The
threshold criterion method is centred on the concept that the occurrence of a
phytoplankton bloom corresponds to a significant increase in satellite-derived Chl-a
above ‘normal’ concentrations (Siegel et al., 2002).
First, for the estimation of phytoplankton phenology indices, Chl-a data (8-day
temporal resolution) from the original time series were isolated for the period spanning
September 14th 1997 – September 6th 2015. Missing data due to the removal of outliers in
the Chl-a time series were filled in using linear interpolation. The interpolation method
used was based on the MATLAB subroutine inpaint_nans (D’Errico, 2012), which
interpolates missing data using a linear least squares approach (Truong et al., 2015). It is
worth mentioning that we tested an alternative method to fill in missing values using the
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8-day climatological mean. No substantial differences were observed between the two
methodologies, providing us with confidence in the use of our interpolation method.
Visual inspection of the Chl-a seasonal cycle was then conducted for each year and a
threshold criterion, defined as the median + 15% (computed based on the whole 18-year
Chl-a time series), was selected. This threshold was found to be the most representative
for capturing the initiation, duration and termination of the bloom for almost every year
during the 18-year period (excluding 2010 when no clear phytoplankton bloom could be
detected). We note that various thresholds have been utilised in different phenology
studies (Racault et al., 2015, 2012; Zhai et al., 2011) and the choice of threshold criterion
is generally arbitrary and may depend on the type of analysis (e.g. interannual or
climatological).
Next, Chl-a anomalies were computed by subtracting the threshold value from the
annual time series and the cumulative sums of the anomalies were then produced. An
increasing (decreasing) trend in the cumulative sums of anomalies represents periods
when Chl-a concentrations rise above (below) the threshold value. The gradient of the
cumulative sums of anomalies was then used to identify the transition points between
increasing and decreasing trends. The timing of bloom initiation corresponded to the 8day period when Chl-a concentrations first rose above the threshold criterion (i.e. when
the derivative of the time series first changed sign). Similarly, bloom termination was
computed as the time when the derivative first changed sign following the occurrence of
the maximum Chl-a concentration in the time series (the bloom peak). Bloom duration
corresponded to the number of 8-day periods between initiation and termination. The
annual anomalies of the phenological indices were calculated by subtracting each index
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from the overall mean. The above technique was also applied on a pixel-by-pixel basis to
reveal spatial patterns in phytoplankton phenology (see Fig. 3.5). In this case, pixels that
may represent shallower, more optically complex coastal waters were removed from the
analysis (coastal pixels were defined as < 100 metres based on the GEBCO gridded
bathymetry dataset). For convenience, 8-day periods are referred to as ‘weeks’
throughout the manuscript.

3.3.5. SST data

A level 4, gap-free, blended SST dataset (GHRSST AVHRR_OI), downloaded from
https://podaac.jpl.nasa.gov was used to investigate the relationship between Chl-a and
SST in the NRS. This global SST product utilises data obtained from the Advanced Very
High Resolution Radiometer (AVHRR) Pathfinder (V5) time series, combined with in
situ ship and buoy observations. Data were acquired at a daily temporal resolution and
mapped on a grid with a spatial resolution of 0.25° by 0.25°. Daily data were spatially
averaged over the NRS and temporally averaged over 8-day periods to match the
corresponding Chl-a remotely sensed dataset.

3.3.6. Modelled data

Outputs acquired from the high resolution (~1.8 km) MIT general circulation ocean
model (MITgcm), specifically designed to study the general circulation of the Red Sea
(Yao et al., 2014b, 2014a), were used to generate the vertical profiles of temperature in
the NRS. The model covers the entire Red Sea and part of the Gulf of Aden, and was
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forced with reanalysis atmospheric data from the National Centers for Environmental
Prediction (NCEP) (Kalnay et al., 1996; Yao et al., 2014a). It has successfully been used
to describe the overturning circulation in the Red Sea and was further used for analysing
the seasonal variability of the energetic mesoscale activity of the basin (Zhan et al.,
2014). Estimations of the mean MLD, averaged across the whole NRS, were acquired
using a temperature-difference based criteria. Commonly used values lie in the range of
0.01-1.0°C for potential temperature (Dong et al., 2008). For this study, a threshold value
of 0.125°C was chosen. To represent the overall temperature profile of the NRS, mean
profiles were extracted and spatially averaged over the whole study area.
Modelled outputs of heat exchanges with the atmosphere were acquired from a
high resolution (10 km), assimilated atmospheric product, developed at KAUST using the
Advanced Research – Weather Research and Forecasting atmospheric model (Skamarock
et al., 2008; Viswanadhapalli et al., 2017). The model simulations were performed on a
two-way nested domain (30 km and 10 km resolution) that covers the Red Sea and its
adjacent regions. Initial and boundary conditions were acquired from the NCEP Final
Analysis product (Kalnay et al., 1996). Comparisons with in situ and other gridded data
products have shown that this product successfully reproduces spatiotemporal patterns of
wind, temperature and sea level pressure over the Red Sea (Langodan et al., 2017;
Viswanadhapalli et al., 2017).

3.3.7. Data analysis

Correlation analyses were used to statistically investigate relationships between datasets.
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Datasets were tested for normality using a one-sample Kolmogorov-Smirnov test.
Following this, relationships between datasets were tested using either the Pearson
Product Moment correlation or Spearman’s Rank correlation. All analyses of modelled
and satellite datasets were conducted using the software package MATLAB (version
R2015b, https://www.mathworks.com).
3.3.8. Data availability

The datasets of air-sea heat flux and mixed layer depth analysed during the current study
are available from the corresponding author on reasonable request. Bathymetry, ocean
colour and sea surface temperature datasets are freely available at http://www.gebco.net,
http://www.esa-oceancolour-cci.org and https://podaac.jpl.nasa.gov respectively.

3.4. Results

3.4.1. Temporal patterns and links between chlorophyll-a and SST

Based on 18 years of satellite-derived Chl-a, we computed the seasonal climatology of
phytoplankton biomass and phenology (Fig. 3.2, see methodology). The NRS
phytoplankton bloom initiates at the beginning of December, terminates in early April
and has a mean duration of ~ 4 months. Highest Chl-a concentrations are detected at the
end of January and subsist until mid-March, representing the general peak of the bloom.
During this period, Chl-a remains high and is generally stable. The seasonal climatology
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of Chl-a is a near-perfect anti-correlation (n = 46, ρ = - 0.97, p < 0.000001) of the SST
seasonal cycle (red line, Fig. 3.2). Lowest SST coincides with the peak of the bloom and
begins to increase at the end of March. Maximum SST occurs from mid-July to midSeptember, alongside the occurrence of minimum Chl-a concentrations.

Figure 3.2. Seasonal climatology of satellite-derived Chl-a and sea surface temperature (based on
8-day composites) in the northern Red Sea averaged over the period 1998-2015. Grey shading
represents +/- one standard error for both parameters. The grey-dashed vertical lines represent the
average timings of phytoplankton bloom initiation and termination for the period 1998-2015.

The interannual variability of Chl-a is dominated by the seasonal cycle and
highest values consistently occur during the bloom period defined by the phenology
analysis (early-December to early-April, grey-shaded vertical bars, Fig. 3.3a). To remove
the seasonality of the time series and clearly isolate interannual events, we produced the
respective anomalies of Chl-a and SST (Fig. 3.3b). Substantially reduced winter Chl-a
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concentrations can be observed in 1999 and 2010, which co-occur with warmer winter
SSTs (a similar response to elevated winter SST anomalies is also evident in 2006, 2013
and 2014, although to a weaker extent, Fig. 3.3a, b). Oppositely, higher Chl-a
concentrations (alongside considerably colder SSTs) can be identified in 2007, 2008 and
2012, and appear to remain higher over the whole bloom period (Fig. 3.3). Notably
higher Chl-a anomalies occur towards the end of the bloom period in 2000, 2001 and
2003 (Fig. 3.3b), although these events are generally short-lived (2 - 3 weeks) and the
corresponding SST anomalies are more variable.
To emphasize the interannual pattern of Chl-a and its relationship with SST, we
averaged both variables during the general peak of the bloom (late-January – mid-March,
Fig. 3.4). Several anomalously warm winter peaks can be observed in the time series,
namely occurring in 1999 and 2010 and to a lesser extent in 2006 and 2014. Generally,
these years are characterised by some of the weakest winter blooms over the last 18years. Conversely, 2000, 2007 and 2012 (the coldest winter periods) co-occur with the
most intense bloom peaks. Overall, a clear, significant, negative relationship between
Chl-a and SST can be observed at both seasonal (Fig. 3.2) and interannual (Fig. 3.3, 3.4)
scales.
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Figure 3.3. a) Time series of satellite-derived Chl-a concentration and sea surface temperature
(8-day averages) for the northern Red Sea (1998-2015). b) Time series of corresponding satellitederived Chl-a and SST anomalies (observed value minus overall mean). Grey-shaded vertical
bars represent the bloom period (early- December – early-April) defined by the phenology
analysis (Fig. 3.2).

Figure 3.4. Time series of satellite-derived Chl-a and sea surface temperature anomalies
(observed value minus overall mean) averaged over the general peak of the phytoplankton bloom
period (late-January – late-March, Fig. 3.2).
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3.4.2. Spatial patterns of phytoplankton phenology under warmer scenarios

To investigate the response of the ecosystem to ‘warmer’ conditions in the NRS, we
created spatial composites of phenology indices (initiation, duration and termination) by
averaging all of the warmer/colder years of the study period (based on Fig. 3.4). Years
when SST was not evidently above/below average (e.g. 2001, 2002, 2005 and 2009) were
not used to generate the composite images. The resultant maps (Fig. 3.5) display the
differences between these composites and are representative of the response of
phytoplankton phenology to warmer scenarios. Under warmer conditions, bloom
initiation across most of the NRS occurs later (~ 1 - 4 week delay). Both bloom duration
and termination exhibit a similar, and perhaps more striking response during warmer
phases; termination and duration are, on average, 4 weeks earlier/shorter respectively
across the majority of NRS (Fig. 3.5b, c). The exception to this is the south/southeast
region of the NRS, where the response varies from no change to longer bloom duration
and delayed termination (~ 2 – 3 weeks). No change in bloom initiation can be identified
in the northeast region of the NRS and to a lesser extent in the southeast.

Figure 3.5. Maps of the northern Red Sea displaying differences between phytoplankton
phenology indices generated for ‘warm’ (1999, 2006, 2010, 2011, 2013, 2014, 2015) and cold
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(1998, 2000, 2003, 2004, 2007, 2008, 2012) years of the study period (based on the analysis
presented in Figure 4). These maps are representative of the phenology response during ‘warm’
climate conditions over the northern Red Sea region. During warmer periods, the initiation of
phytoplankton growth is delayed by ~ 1 – 4 weeks and terminates up to 4 weeks earlier,
ultimately leading to a shorter bloom duration overall. Figure 5 was produced using the software
package MATLAB (version R2015b, https://www.mathworks.com).

3.4.3. Physical controls on phytoplankton abundance and phenology

We have highlighted the interannual oscillations in phytoplankton biomass,
corresponding links with SST and the identification of distinct warm and cold years.
Furthermore, we have assessed the impact of warmer conditions on phytoplankton bloom
timing. In order to further develop these findings in a physical context, we examined the
relationships between Chl-a concentration, vertical temperature profiles (based on outputs
acquired from the MIT general circulation model - see methodology) and the
corresponding MLD (Fig. 3.6).
Anomalously warm SSTs during the winter bloom peaks of 1999, 2006 and 2010
(Fig. 3.4) are accompanied by similarly elevated temperatures (~ 23.5 – 24 °C) in the
upper 100 metres of the water column and shallower MLD (80 – 120 metres, solid black
line, Fig. 3.6a). In contrast, cooler temperatures (~ 21 – 21.6 °C) in 2000, 2007 and 2012
parallel a substantial deepening of the MLD (~ 180 – 250 metres, Fig. 3.6a). The Chl-a
response to variations in the MLD is apparent, as represented by the moderately strong,
positive correlation (n = 192, ρ = 0.29, p = 0.00005) between monthly Chl-a and MLD
anomalies (Fig. 3.6b).
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To investigate whether the interannual variability of Chl-a concentration is related to
density changes driven by warming/cooling of the surface layers, we examined the
relationships between the average winter (October – April) anomalies of air-sea heatfluxes, MLD and Chl-a in the NRS (Fig. 3.7). This period was chosen in order to
encapsulate the period of preconditioning in early winter when vertical mixing may have
only just started to occur. Negative heat-flux anomalies are significantly correlated with a
shallower MLD (n = 13, ρ = 0.77, p = 0.003) and lower Chl-a anomalies (n = 15, ρ =
0.66, p = 0.009), whilst a shallower MLD is significantly associated with decreased
winter Chl-a concentrations (n = 16, ρ = 0.64, p = 0.009).

Figure 3.6. a) Contour plot displaying vertical temperature profiles and mixed layer depth
(MLD) in the northern Red Sea for the period 1998-2014. b) Monthly anomalies of satellitederived Chl-a concentrations and modelled mixed layer depth anomalies for the equivalent
period. Positive MLD anomalies represent deeper mixing conditions.
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Based on the response of phytoplankton phenology to warmer conditions (Fig. 3.5), we
explored further the potential influence of physical variables in controlling phytoplankton
bloom timing. Anomalies of MLD and heat flux (averaged over the periods
characterising each phenological index [initiation: October – December, duration:
October – April, termination: February – April]) were plotted against corresponding
annual phenology anomalies (Fig. 3.8). Note that the threshold method (Racault et al.,
2012; Siegel et al., 2002) was unable to detect the occurrence of clear bloom timings in
2010, and this year was therefore excluded from the analysis. The reasons for this will be
discussed in the following section.
Results show a negative relationship between bloom initiation anomalies and both
MLD/heat flux (although this is relatively weak and not significant for MLD, Fig. 3.8).
Highly significant, positive relationships occur between phytoplankton bloom duration
anomalies and MLD/heat flux (Fig. 3.8). Analogous results are also revealed by the
relationships between termination anomalies and MLD/heat flux (Fig. 3.8). We note that
relationships between phenological indices and SST were also tested (results not shown).
SST is uncorrelated with bloom initiation and duration anomalies, but exhibits a strong,
significant correlation with termination anomalies (n = 17, ρ = - 0.69, p = 0.002).
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Figure 3.7. Winter (October – April) satellite-derived Chl-a anomalies (left y-axis) plotted
against standardised winter anomalies of mixed layer depth and heat flux (right y-axis). Physical
variables are presented as standardised anomalies for the purpose of plotting them on a single
axis.
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Figure 3.8. Scatterplots of spatially averaged mixed layer depth and heat flux anomalies vs.
annual anomalies of phytoplankton phenology metrics i.e., bloom initiation, duration and
termination. The red lines represent the linear regression between the two variables. Mixed layer
depth and heat flux anomalies were averaged over periods corresponding to each phenology
metric (initiation: October – December, duration: October - April, termination: February - April).
The mixed layer depth and heat flux data were available for the periods 1998 – 2013 and 2001 –
2015 respectively.

3.5. Discussion

We examined the interannual variability of phytoplankton abundance and the timing of
events for the first time in the NRS. Our results reveal that phytoplankton biomass is
coupled with SST at seasonal and interannual timescales (Figs. 2, 3, 4), signifying that
colder SSTs are a useful indicator of convection events that contribute to elevated
nutrients in the surface layer and increased phytoplankton biomass.
Inclusively, the interannual variability of Chl-a concentrations is determined by
the strength of vertical mixing in the water column (Fig. 3.6b, Fig. 3.7). Recent studies in
the NRS have highlighted the importance of air-sea heat exchanges in vertical mixing and
the ventilation of the deep layers (Papadopoulos et al., 2013). The variability of vertical
mixing is largely related to density changes (through buoyancy forcing by net heat
fluxes) that drive the variability of the mixed layer (Fig. 3.7). These changes are
manifested as direct heat exchanges (i.e. cooling/warming of the surface layers) and
indirectly through latent (evaporative) heat fluxes that increase salinity. Years
characterised by reduced Chl-a (e.g. 1999 and 2010) coincide with elevated surface
temperatures (~ 1 - 1.5 °C higher than average) and a remarkably shallower MLD
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following weaker air-sea heat fluxes (Figs. 3, 4, 6, 7). As nutrient concentrations
generally increase with depth (Felis et al., 1998; Reiss and Hottinger, 2012), a relaxation
of vertical mixing reduces nutrient supply to the euphotic zone, diminishing
phytoplankton productivity. Inversely, stronger mixing events that penetrate deeper in the
water column will replenish nutrients in the surface layer, inducing more intense
phytoplankton blooms. These results are supported by Calbet et al., (2015) who
demonstrated that bloom initiation in the central Red Sea likely occurs following MLD
deepening and the entrainment of nutrients into the upper layer, allowing seed
populations to flourish rapidly. In addition, Genin et al. (1995) reported that 96% of the
interannual variability found in winter Chl-a concentration in the Gulf of Aqaba, over an
8-year period, could be explained by variations in air-sea heat fluxes, which control the
maximum depth of mixing.
We note that other physical factors may contribute to the transport of nutrients to
the surface layer and the subsequent stimulation of phytoplankton growth in the NRS.
Rigorous eddy activity in the Red Sea (Raitsos et al., 2017; Zhan, 2014) and especially
the presence of a distinct cyclonic gyre between 26°N and 27°N in the NRS has been
reported in previous works (Clifford et al., 1997; Sofianos and Johns, 2003; Sofianos and
Johns, 2007). Cyclonic activity is known to stimulate the upwelling of nutrients from
deeper waters to the surface layer. The intensity of the cyclonic circulation depends on
density gradients that are directly related to air sea exchanges. Thus, both mechanisms
(convective mixing and cyclonic activity) are to some degree controlled by air-sea heat
fluxes and may act to transport nutrients from deeper waters to the surface layer
(McGillicuddy and Robinson, 1997). Papadopoulos et al. (2015) described how an
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increase in the NRS cyclonic gyre intensity leads to persistent upwelling and prolonged
negative SST anomalies (colder temperatures), ultimately contributing to stronger
phytoplankton blooms in the following winter when convective mixing occurs. These
findings are consistent with our analysis and also explain why the strongest atmospheric
forcing (e.g. in 2003, Fig. 3.7) may not always co-occur with the deepest MLD or the
strongest phytoplankton blooms.
Maximum winter SSTs in 1999 and 2010 are associated with reduced heat
exchanges with the atmosphere (heat flux data not available for 1999), the shallowest
MLDs and lowest Chl-a concentrations throughout the time series (Fig. 3.3, 3.4, 3.7).
These years may represent a delayed response to positive ENSO phases that occurred in
the preceding years. The 1997/98 El Niño was one of the largest to occur in the 20th
century, whilst the 2009/10 El Niño was associated with record-breaking SSTs in the
central Pacific Ocean [39, 40]. Through ENSO teleconnections, global air temperatures
may take up to six months to increase after an El Niño event (Hackert et al., 2001; Kim et
al., 2011) and the warming response of the Red Sea to rising air temperatures has been
shown to be lagged by approximately one month (Raitsos et al., 2011). Thus, a ~ 7-8
month lag in the NRS SST response following an El Niño event is reasonable, and may
explain the high temperatures and limited mixing observed in the winters of these years.
Indeed, positive ENSO phases have been linked with increased stratification, a deepening
of the nutricline and reduced Chl-a concentrations in other tropical regions such as the
Equatorial Pacific and western Indian Oceans (Behrenfeld et al., 2006; Martinez et al.,
2009; Racault et al., 2017). Due to the exceptionally high temperatures and limited
mixing in 2010, we were unable to compute phenology metrics for the 2010 bloom.
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Visual analysis of the 2010 seasonal time series (figure not shown) confirmed that no
discernible bloom could be identified during this year. It is worth noting that the NRS
may be affected by other climatic modes. For instance, Papadopoulos et al. (2013)
demonstrated that extreme winter heat loss events over the NRS are associated with the
eastern Mediterranean lower-atmospheric circulation, which in turn may be partially
controlled by the North Atlantic Oscillation (NAO). However, further investigation is
required in order to fully elucidate the interactions between different climate modes and
heat exchanges over the NRS.
The observed timings of the bloom peak (late-January - mid-March) and
termination (early-April, Fig. 3.2) are consistent with the findings of Racault et al. (2015)
who computed phenological indices for a small region in the central NRS. However, our
evaluation of the average bloom initiation (early December) is later in comparison to the
aforementioned study, which indicated that initiation occurs in November. The
discrepancy between the two studies can probably be explained by differences in the
threshold criteria used for the computation of the phenological indices. The use of a
higher threshold criterion in our study (15% instead of the 5% threshold utilised in
(Racault et al., 2015, Siegel et al., 2002 and other literature, see methodology) likely
resulted in a more delayed initiation estimate, as more time is required for Chl-a
concentrations to exceed the specified threshold value.
Over the last 40 years, the global oceans have warmed at a rate of ~ 0.1°C per
decade in the upper water column (Pörtner et al., 2014) and increasing Northern
Hemisphere temperatures have been directly linked with the abrupt warming of the Red
Sea (Raitsos et al., 2011). Our results signify that phytoplankton phenology in the NRS is
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altered under such warmer climate scenarios. A delayed initiation under warm conditions
(~ 1 – 4 weeks, Fig. 3.5a) is likely related to the time it takes for required buoyancy
forcing to deepen the mixed layer to depths where nutrients are abundant enough to
sustain phytoplankton growth. Warmer winters, characterised by weak atmospheric
forcing, will increase the time required for sea-surface cooling to drive mixing at
sufficient depths and re-distribute nutrients to the surface. Conversely, during cooler
winters, increased air-sea heat fluxes and colder temperatures are likely to subsist at the
commencement of the winter period, contributing to an earlier induction of convective
mixing and an earlier phytoplankton bloom. Our analysis supports this theory, as bloom
initiation anomalies are negatively correlated with the interannual variability of
atmospheric forcing (i.e. weaker heat flux corresponds to later bloom initiation, Fig. 3.8).
The relationship between phenology and heat flux/MLD is also evident in the termination
of the bloom: warm (cold) winters associated with reduced (elevated) heat fluxes and
shallower (deeper) MLDs are significantly linked to phytoplankton blooms that terminate
earlier (later, Fig. 3.8). Weak vertical mixing during warmer winters contributes to low
nutrient concentrations that will be quickly consumed by phytoplankton, thus restricting
the period of phytoplankton growth. Furthermore, the onset of re-stratification and the
shallowing of the MLD will occur more rapidly under warmer conditions, inhibiting the
vertical transport of nutrients into the surface layer earlier. In consideration of this, a
shortening of the bloom duration in response to warming is a logical consequence of
shifts in the timing of initiation and termination, which themselves, are ultimately reliant
on the inception of winter mixing and the onset of post-winter re-stratification
respectively. This is comparable with the global analysis of Racault et al. (2012), who
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found that the duration of phytoplankton growth in the subtropical gyres of the Southern
Hemisphere is dependent on both the timing of bloom initiation and termination.
Despite the clear negative trend, the lack of any significant relationship between
MLD and bloom initiation anomalies (Fig. 3.8) may be attributed to the possibility that
MLD dynamics are highly spatially heterogeneous. The commencements of convection
and mixing are usually localized events limited to specific areas and both enable the
vertical redistribution of nutrients. Thus, the strength of our statistical relationships could
be affected by the spatial averaging of the MLD over the entire NRS, masking local
convection events. Furthermore, the intrusion of water masses from the southeast may
locally affect the MLD, also impacting spatially averaged values.
Although SST is a good indicator of overall phytoplankton biomass (Figs. 2, 3, 4),
our results suggest that it is not as representative of changes in bloom timing in the NRS.
For instance, SST anomalies only exhibited a strong, negative relationship with
anomalies of bloom termination (results not presented). While the reasons for this are yet
to be fully understood, we speculate that fluctuations in SST during the termination
period (February – April) strongly reflect the onset of re-stratification during spring,
which inhibits the re-distribution of nutrients to the surface layer. This may contrast to
the initiation period (October – December), when SST anomalies are not able to capture
the preconditioning phase of vertical mixing, which has not yet reached the surface
layers. The lack of a relationship between SST anomalies and bloom duration could be
explained by the fact that SST is more variable in comparison to heat fluxes or MLD. For
example, SST has been shown to also depend on the general cyclonic circulation in the
NRS (Papadopoulos et al., 2015), the vigorous and highly variable eddy activity (Raitsos
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et al., 2017; Zhan, 2014), and the lateral advection of water masses from neighbouring
regions following the general Red Sea circulation (Sofianos, 2003; Yao et al., 2014a).
Thus, changes in MLD due to atmospheric forcing may occur alongside SST conditions
that are discrepant with expected scenarios. This has been observed in other oceanic
regions, such as the North Atlantic subpolar gyre, where a deeper MLD co-occurred in
response to positive phases of the NAO, despite the presence of warmer SSTs (Martinez
et al., 2016).
The contrasting spatial response of bloom termination and duration to warmer
conditions between the north and southeast NRS (Fig. 3.5b, c) is an interesting result of
our study. This contrast may directly reflect the regional dynamics related to the general
circulation of the NRS as a response to atmospheric forcing. Density differences related
to the north-south gradient of buoyancy forcing drive a general cyclonic circulation in the
NRS (Sofianos and Johns, 2003). This leads to the intrusion of fresher water masses from
the south, which are transported northward into the NRS via a prominent eastern
boundary current (Sofianos, 2003; Yao et al., 2014a). This intrusion is evident in the
study of Raitsos et al. (2015) (their Figure 3c, d) who analysed the response of Red Sea
Chl-a to the Arabian monsoon. Thus, in contrast to the north/northwest region that is
influenced by the vertical transport of nutrients from deeper layers, phytoplankton
phenology in the southeast NRS may be partially controlled by the intrusion of fresher
water masses from the south. Similarly, there may be potential losses of nutrients and
phytoplankton over the open boundary in the western NRS. As our computations of
phenology indices are based on area-averaged Chl-a concentrations for the whole NRS,
we acknowledge that the inclusion of the southeast NRS could impact the results of our
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analysis. Despite this, we capture the overall signal of phytoplankton abundance and
phenology using area-averaged values, and the relationships between phenology and airsea heat flux/MLD are fairly robust (Fig. 3.8).
Overall, during warmer conditions (which are characterised by lower heat fluxes
and more stratified conditions), the NRS phytoplankton bloom initiates ~ 1 – 4 weeks
later, is ~ 4 weeks shorter in duration, and terminates ~ 4 weeks earlier (Fig. 3.5, 3.8).
The NRS has been reported to be the fastest warming region in the Red Sea and is
warming approximately four times faster than the average global ocean warming rate
(Chaidez et al., 2017). In consideration of this, as well as a potential increase in the
frequency of extreme El Niño events (Cai et al., 2014), there is a possibility of a two-fold
impact of warmer climate scenarios on phytoplankton dynamics in the NRS: 1) a
decrease in overall phytoplankton abundance; and 2) changes in the timing of the
seasonal phytoplankton bloom. In coral reef ecosystems, phytoplankton is a direct food
source for sponges (Richter et al., 2001), bi-valves (Yahel et al., 2009) and pelagic larvae
(Erez, 1990). Thus, a reduction in food availability (quantity and time) may have severe
ramifications for higher trophic levels in NRS coral reef complexes. Elevated
temperatures in other reef ecosystems have been related to a significant reduction in Chla concentrations. For instance, a study in French Polynesia revealed a 50% reduction in
fish larval supply to the reef due to increased larval mortality (Lo-Yat et al., 2011)
associated with lower Chl-a concentrations. Analogous impacts may occur in the NRS
coral reefs, potentially affecting the recruitment of reef organisms and regional
biodiversity. The ecological impacts of alterations in phytoplankton phenology could be
manifested in numerous ways. The survival of higher trophic levels may be detrimentally

106

impacted due to the mismatch between the timing of food availability (phytoplankton)
and the presence of planktonic larvae (Cushing, 1990). A difference of 2-3 weeks in
bloom phenology may inhibit the survival of herbivorous zooplankton and fish in
subtropical regions (Henson et al., 2009). A resultant decline in the survival and
recruitment of larvae may occur if the initiation or termination of the bloom begins to
occur later or earlier respectively, and larval spawning continues to match the original
timing of the bloom prior to warming (Cole, 2014). In light of this, if phytoplankton
phenology in the NRS is altered more drastically in conjunction with current climate
change trends, the potential ensuing negative impacts on commercially important species
may be detrimental for human populations that depend on coastal fisheries resources for
their sustenance and economy.
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4.1. Abstract

Phytoplankton size structure impacts ocean food-web dynamics and biogeochemical
cycling, and is thus an important ecological indicator that can be utilised to quantitatively
evaluate the state of marine ecosystems. Potential alterations to size structure are
predicted to occur in tropical regions under future scenarios of climate change. Therefore,
there is an increasing requirement for the synoptic monitoring of phytoplankton size
structure in marine systems. The Red Sea remains a comparatively unexplored tropical
marine ecosystem, particularly with regards to its large-scale biological dynamics. Using
an in situ pigment dataset acquired in the Red Sea, we parameterise a two-component,
abundance-based phytoplankton size model and apply it to remotely-sensed observations
of chlorophyll-a (Chl-a) concentration, to infer Chl-a in two size classes of
phytoplankton, small cells < 2µm in size (picophytoplankton) and large cells > 2µm in
size. Satellite-derived estimates of phytoplankton size structure are in good agreement
with corresponding in situ measurements and also capture the spatial variability related to
regional mesoscale dynamics. Our analysis reveals that, for the estimation of Chl-a in the
two size classes, the model performs comparably or in some cases better, to validations in
other oceanic regions. Our model parameterisation will be useful for future studies on the
seasonal and interannual variability of phytoplankton size classes in the Red Sea, which
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may ultimately be relevant for understanding trophic linkages between phytoplankton
size structure and fisheries, and the development of marine management strategies.

4.2. Introduction

Ecological indicators, which may be defined as quantifiable metrics that characterise
ecosystem structure, composition or function, can be used to monitor the state of marine
ecosystems and their response to environmental perturbations (Niemi and Mcdonald,
2004; Platt and Sathyendranath, 2008; Racault et al., 2014). In the global oceans,
commonly used indicators are typically based on the presence and distribution of
phytoplankton (as indexed by the concentration of chlorophyll-a [Chl-a]), which form the
base of oceanic food webs. Among the ecological indicators that can be derived from
observations of ocean colour (e.g. primary production and phytoplankton phenology), the
size structure of phytoplankton communities is particularly important as it can influence
marine food web structure (Legendre and Le Fèvre, 1991; Maloney and Field, 1991;
Parsons and Lalli, 2002), biogeochemical cycling (Chisholm, 1992), carbon export (Boyd
and Newton, 1999; Briggs et al., 2011; Eppley and Peterson, 1979; Guidi et al., 2009;
Laws et al., 2000; McCave, 1975) and the thermal structure of the upper-oceanic layer
(Sathyendranath and Platt, 2007).
The Red Sea, situated between the African continent and Arabian Peninsula, is the
world’s northernmost tropical sea. It hosts coral reef ecosystems, contains high levels of
marine biodiversity, and supports shipping, fisheries and tourism, making it a vital
economic asset to the region (Berumen et al., 2013; Carvalho et al., 2019; Gladstone et

115

al., 2013). Over the last decade, the Red Sea has been subject to regional warming
(Chaidez et al., 2017; Krokos et al., 2019; Raitsos et al., 2011), linked with coral reef
bleaching events (Cantin et al., 2010; Monroe et al., 2018; Osman et al., 2018), and
alterations in phytoplankton abundance and phenology (Gittings et al., 2018; Raitsos et
al., 2015). Consequently, there is a need to monitor the response of the Red Sea
ecosystem to future climate variability.
Due to limited in situ sampling, knowledge on the spatiotemporal distribution of
phytoplankton size structure in the Red Sea is relatively sparse. Nevertheless, increased
in situ sampling efforts over the last two decades have enabled researchers to gain insight
in localised regions of the Red Sea, including the Gulf of Aqaba (Shaikh et al., 1986;
Sommer et al., 2002), the central east coast (Al-Najjar et al., 2007; Touliabah et al., 2010)
and the north-western Red Sea (Nassar et al., 2014). More recently, Pearman et al. (2016)
used a molecular approach to assess phytoplankton community structure in the northern
and southern ends of the Red Sea, and Kheireddine et al. (2017) used a taxonomic,
pigment-based approach to investigate community structure along the central axis of the
basin. Both studies revealed that pico-phytoplankton were the main contributor to the
total phytoplankton biomass, although the relative contributions of pico-, nano- and
micro-phytoplankton varied with environmental conditions and mesoscale features. For
extensive reviews on phytoplankton species composition in the Red Sea, the reader is
referred to the works of Ismael (2015) and Qurban et al. (2019).
A key method used to observe ecological indicators synoptically and frequently is
ocean-colour remote sensing (Platt 2008, Platt et al., 2009), and several studies have
demonstrated the applicability of satellite remote sensing for investigating the
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spatiotemporal distribution of phytoplankton abundance in the Red Sea (Acker et al.,
2008; Brewin et al., 2013, 2015a; Dreano et al., 2016; Gittings et al., 2018, 2019;
Papadopoulos et al., 2015; Racault et al., 2015; Raitsos et al., 2013, 2015, 2017;
Triantafyllou et al., 2014). Existing remote-sensing methodologies for deriving
phytoplankton size classes (PSCs) can be broadly categorised into abundance-based
(Brewin et al., 2010, 2011; Hirata et al., 2011; Uitz et al., 2006) and spectral-based
(Devred et al., 2011; Kostadinov et al., 2009) approaches. A detailed review of these
different methods can be found in IOCCG (2014), Bracher et al. (2017) and Mouw et al.
(2017). Recent inter-comparisons have revealed that abundance-based approaches, which
exploit the ubiquitous relationship between phytoplankton biomass and cell size (lower
biomass equates to smaller cell size and vice versa, (Chisholm, 1992)), performs well at
retrieving PSCs (Hu et al., 2018; Liu et al., 2018). Specifically, the three-component PSC
model of Brewin et al. (2010), which builds upon the work of Sathyendranath et al.
(2001) and Devred et al. (2006), was shown to perform well in these inter-comparisons,
and has been successfully re-parameterised and validated in many other oceanic regions,
including: the Atlantic Ocean (Brewin et al., 2010; Brotas et al., 2013), the Indian Ocean
(Brewin et al., 2012a), the South China Sea (Lin et al., 2014), the continental shelf seas of
China (Sun et al., 2018), the Western Iberian coastline (Brito et al., 2015), the
Mediterranean Sea (Sammartino et al., 2015), Southern Africa (Lamont et al., 2008),
Chile (Corredor-Acosta et al., 2018) and the global ocean (Brewin et al., 2015b; Ward,
2015).
Recently, Brewin et al. (2015a) applied this model to derive pico- (< 2 µm) and
combined nano/micro- (> 2 µm) phytoplankton size classes in the Red Sea. However, due
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to the paucity of in situ data on these two size classes within the region, at the time, their
study utilised model parameters obtained from other oceanic regions (see Brotas et al.,
2013), justified through analysis of particulate absorption data collected in the Red Sea.
Since then, in situ datasets have become available, enabling the characterization of
phytoplankton size structure in the Red Sea over large spatial scales (Kheireddine et al.,
2017, 2018a). In this study, we utilise these newly available datasets to test and
subsequently re-parameterise the PSC model of Brewin et al. (2015a) for the first time in
the Red Sea. We then apply this model to ocean-colour observations and provide a series
of examples demonstrating the improved performance of the updated approach.

4.3. Data and Methodology
4.3.1. Oceanographic cruises and sampling

Seawater samples were acquired during five research cruises conducted across the Red
Sea between October 2014 and January 2016 aboard the R/V Thuwal (Kheireddine et al.,
2017, 2018a) (Fig. 4.1, Table 4.1). Collectively, these cruises spanned the majority of the
Red Sea (latitudinal range of ~ 15°N – 27°N) and, for convenience, can be separated into
the following biogeographical regions: the Northern Red Sea (NRS), Central Red Sea
(CRS) and Southern Red Sea (SRS). A total of 49 stations were sampled over the Red
Sea, although we note that two of these stations were repeated locations sampled on
different days. The biogeographic region and temporal period associated with each of the
cruises is presented in Table 4.1 and described in further detail by Kheireddine et al.
(2018a).
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Figure 4.1. Map displaying the bathymetry of the Red Sea and the locations of the cruise
sampling stations. Markers in red and black represent the data used for the validation and training
of the phytoplankton size class model respectively.

Table 4.1. Summary of the Red Sea cruises and in situ datasets
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4.3.2. Phytoplankton pigment database

Briefly, at each sampling station, seawater samples (volume ranging from 2.4 – 2.8 L)
were collected within the upper 200 metres of the water column and filtered through 25
mm diameter Whatman GF/F filters (porosity of 0.7 µm). The filters were flash frozen
and stored in liquid nitrogen throughout the cruise, then transferred to an -80°C freezer in
the laboratory prior to analysis. Samples were extracted in 3 mL of 100% methanol,
disturbed with glass pearls on a cooled vibratory homogenizer, centrifuged, and filtered 2
h later using a Teflon syringe filter (0.2 µm). Within 24 hours, the sample extracts were
analysed by High Performance Liquid Chromatography (HPLC) using a complete 1,260
Agilent Technologies system. Measurements of photosynthetic phytoplankton pigments
were acquired in accordance with the HPLC analytical procedure followed by Ras et al.
(2008) and as described by Kheireddine et al. (2017, 2018a). Only samples within the
upper 20 metres of the water column for each station were selected for the analysis, as
satellite sensors acquire measurements approximately within the first optical depth
(typically around 20 meters in the Red Sea (Raitsos et al., 2013)). Uncertainties
associated with the determination of pigment concentrations were calculated using the
principles of uncertainty propagation and are provided in Kheireddine et al. (2017).

4.3.3. Estimation of phytoplankton size structure from HPLC data

For estimating phytoplankton size fractions from HPLC data, we used the method of
Brewin et al. (2015b), adapted from Claustre (1994), Vidussi et al. (2001), Uitz et al.
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(2006), Brewin et al. (2010) and Devred et al. (2011). First, the total Chl-a concentration
(C) was computed from the weighted sum of seven diagnostic phytoplankton pigments
(henceforth referred to as Cw), according to

𝐶! =

!
!!! 𝑊!

𝑃!

(1),

where W represents the weights and P corresponds to the following seven diagnostic
pigments:

fucoxanthin,

peridinin,

19′-hexanoyloxyfucoxanthin,

19′-

butanoyloxyfucoxanthin, alloxanthin, total chlorophyll-b and zeaxanthin. We estimated
W by applying a multi-linear regression on the 133 samples collected during the five
cruises. We then compared our weights with previous studies conducted in other regions
of the global oceans (Table 4.2). The computed weights are in reasonable agreement with
other datasets, with the exception of notable differences observed for the weights
attributed to peridinin and alloxanthin. We speculate that the differences in these
particular pigments were related to their very low concentrations during sampling. As
only a small number of samples (133) were used to compute the weights, when compared
with other published studies (e.g. Uitz et al., 2006; Brewin et al., 2015b), and considering
the potentially erroneous values obtained with the re-parameterisation, we also tested
weights derived from multiple studies across different regions (Table 4.2). Excluding our
own re-parameterised weights, the weights computed by Brewin et al. (2014a) gave the
overall best statistical performance with regards to the relationship between Cw and total
Chl-a (C) (Fig 4.2). Accordingly, we used these weights computed by Brewin et al.
(2014a) in our analysis.
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Figure 4.2. Total Chl-a concentration plotted against Chl-a computed by summing the diagnostic
pigments (Cw). Each subplot represents different weights that have been computed in other
studies. To statistically evaluate these relationships, the Pearson linear correlation coefficient (r),
mean absolute difference (M), bias (δ) and root-mean-square-difference (RMSD, ψ) are provided.

Table 4.2. Phytoplankton pigments and a comparison of the weights (W), computed for Equation
1 using the 133 HPLC data samples collected in this study, with weights derived from other
studies.
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Next, based on the previously reported finding that two optically-distinct assemblages
of particles dominate the Red Sea, and that Chl-a in the Red Sea is generally lower than 1
mg m-3 (Brewin et al., 2015a), we computed fractions of the total Chl-a concentration for
two size classes: pico-phytoplankton (cell size < 2 µm) and combined nano/microphytoplankton (cell size > 2 µm). Due to a low contribution of micro-phytoplankton to
total Chl-a in our dataset (figure not shown), a two-component model was selected for
our study as a more parsimonious solution to the original three-component model put
forth by Brewin et al. (2010). However, we do not rule out the future use of a threecomponent model in the region, should datasets become available that span a higher
range of chlorophyll (e.g. in coastal waters). Following Eq. 2, the fraction of picophytoplankton (Fp) was computed using zeaxanthin, total chlorophyll-b and by
apportioning some of 19-hexanoyloxyfucoxanthin to the pico-phytoplankton pool at total
Chl-a concentrations less than 0.08 mg m-3 (Brewin et al., 2010, 2015b)

!!".!!!! !! !!

𝐹! =

!!

!
!!! !! !!

!!

+

!
!!! !! !!

!!

if C ≤ 0.08 mg 𝑚!!
if C ≥ 0.08 mg 𝑚!!

(2).

The fraction of Chl-a attributed to the combined nano/micro phytoplankton
assemblage (Fn,m) was then computed as

𝐹!,! = 1 − 𝐹!

(3).
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After deriving the fractions of the picophytoplankton (Fp) and combined nano/micro
(Fn,m) phytoplankton populations relative to total Chl-a, the Chl-a concentration attributed
to each of the two size classes was calculated as

𝐶! = 𝐹! 𝐶

(4)

and

𝐶!,! = 𝐹!,! 𝐶

(5),

where Cp and Cn,m correspond to the size-specific Chl-a concentration of picophytoplankton and the combined nano/micro-phytoplankton respectively, and C refers to
the total Chl-a concentration.

4.3.4. Datasets and data partitioning for training, satellite validation and
visualisation

The in situ samples were matched with estimates of satellite-derived remote sensing
reflectance (Rrs) from version 3.1 of the European Space Agency’s Ocean Colour Climate
Change Initiative product (OC-CCI). For the period spanning 2015 - 2017, the OC-CCI
product consists of merged and bias-corrected data from the Moderate Resolution
Imaging Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer
Suite (VIIRS) satellite sensors. Level 3, daily, mapped data were acquired at a spatial
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resolution of 4 km from http://www.esa-oceancolour-cci.org for the time periods
corresponding to each of the cruises (Table 4.1). For further information, the reader is
referred to previous literature regarding the OC-CCI product (Sathyendranath et al., 2012,
2016) and its previous applications in the Red Sea and adjacent Arabian Sea (Racault et
al., 2015; Brewin et al., 2015a; Dreano et al., 2016; Gittings et al., 2017). In addition, we
refer the reader to the OC-CCI Product User Guide at http://www.esa-oceancolourcci.org/?q=webfm_send/318 for a more extensive overview of processing, sensor
merging and uncertainty quantification. Each sample was matched to an individual
satellite pixel temporally (same day) and spatially (nearest pixel based on longitude and
latitude). Of the total 49 stations, we retrieved 14 satellite matchups. The corresponding
sample stations for the matchups were set aside for the independent validation of
satellite-derived total Chl-a, size fractions and size-specific Chl-a (Fig. 4.1). The in situ
samples at each of the matchup stations were averaged within the top 20 metres
(approximately the first optical depth). The remaining 35 in situ sampling stations were
used for the development and re-parameterisation of the phytoplankton size model. We
note that the remaining 35 sampling stations are representative of samples acquired at
multiple depths (up to 20 metres). Thus, a total of 89 samples (corresponding to the
remaining 35 stations) were used for the model re-parameterisation.
We utilised three different empirical, satellite ocean-colour algorithms in our
analysis: the standard OC-CCI algorithm (which is a blended combination of the OC5
(Gohin et al., 2002) and the OC4v6 – OCI (Hu et al., 2012) algorithms) and the OC4 and
OCI algorithms (Hu et al., 2012; O’Reilly et al., 2000) that have been regionally tuned
for the Red Sea by Brewin et al. (2015a) (hereafter referred to as OC4-RG and OCI-RG
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respectively, Fig 4.3). For further illustrative and qualitative validation of the
phytoplankton size model, daily images of satellite-derived phytoplankton size fractions
from the OC-CCI product were also extracted for periods coinciding with the timing of in
situ sample collection during the cruise programs (Table 4.1).
In addition, to provide an example highlighting the potential of new remotesensing technologies and their application for mapping PSCs, we used a Chl-a dataset
acquired from the Ocean and Land Colour Instrument (OLCI) on-board the recently
launched Sentinel-3a satellite of the European Space Agency. An 8-day composite image
for the period 28th February 2017 - 7th March 2017 was downloaded from the European
Space Agency Copernicus Open Access Hub (https://scihub.copernicus.eu/). This dataset
has a spatial resolution of 300 metres and was processed for the Red Sea using the
regionally tuned algorithm developed by Brewin et al. (2015a).

4.3.5. Two-component phytoplankton size class model

Following Brewin et al. (2015a), we used a two-component size class model to
characterise

the

pico-phytoplankton

and

combined

nano/micro-phytoplankton

assemblages in the Red Sea. The model assumes small phytoplankton cells
(picophytoplankton) are incapable of growing beyond a specific Chl-a concentration, and
the addition of extra Chl-a into the system beyond this concentration can be attributed to
the addition of larger phytoplankton cells (Chisholm, 1992; Raimbault, 1988). The model
is based on the exponential equation originally put forth by Sathyendranath et al. (2001)
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and used by Brewin et al. (2010) to relate the concentration of Chl-a in picophytoplankton (Cp, cells < 2 µm) to the total Chl-a according to

!

𝐶! = 𝐶!! 1 − 𝑒𝑥𝑝 − ! !! 𝐶
!

(6).

The parameter Cpm represents the asymptotic maximum value of Chl-a associated with
the pico-phytoplankton size class, whilst Dp determines the fraction of total Chl-a for the
picophytoplankton assemblage as total Chl-a (C) tends to zero. The size-specific Chl-a
concentration of the combined nano/micro-phytoplankton assemblage (Cn,m) can
subsequently be derived according to

𝐶!,! = 𝐶 − 𝐶!

(7).

The model parameters Cpm and Dp were estimated by fitting Eq. 6 to the parameters Cp
and C, which were computed using the HPLC dataset. We used a non-linear, least
squares fitting procedure (Trust-Region-Reflective algorithm, MATLAB Optimization
Toolbox, function ‘LSQCURVEFIT’), in conjunction with bootstrapping (Efron, 1979),
to compute the model parameters and their associated uncertainties (Table 4.3).
Bootstrapping was implemented by randomly sub-sampling the dataset (1000 iterations)
and re-fitting Eq. 6 for each sub-sample. The median and 95% confidence intervals were
then computed from the resulting parameter distribution. The parameter Dp was
constrained to be less than or equal to 1, as size-fractionated Chl-a cannot exceed the total
Chl-a concentration. The model parameters are presented in Table 4.3 and generally
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appear to lie within the range of values that have been computed for different regions of
the global oceans.

Table 4.3. Model parameters derived from Equation 6 and comparisons with different studies.

4.3.6. Statistical tests

For the assessment of satellite ocean-colour data and the validation of the reparameterised model, we primarily used the Pearson linear correlation coefficient (r),
mean absolute difference (MAD (M)) and bias (δ) as performance metrics to compare in
situ and modelled values of total Chl-a, size fractions and size-specific Chl-a. The MAD
is suggested to be less sensitive to different dataset distributions and the presence of
outliers, and provides a natural and unambiguous characterization of model uncertainty
(Willmott and Matsuura, 2005). The MAD has been extensively utilised in other studies
that involve comparisons between in situ and satellite estimates of chlorophyll (e.g.
Moses et al., 2012; O’Reilly and Werdell, 2019) and phytoplankton size structure (e.g.
Brewin et al., 2012a; Corredor-Acosta et al., 2018). The root-mean-square-difference
(RMSD, ψ) is also presented in order to allow comparisons of the model performance
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with previous studies. We note that the linear correlation coefficient and RMSD have
previously been utilised to compare in situ and modelled data (Brewin et al., 2015c,
2016; Doney et al., 2009; Friedrichs et al., 2009). Statistical tests based on Chl-a
concentrations were conducted in log10 space, as Chl-a tends to be log-normally
distributed in the open ocean (Campbell, 1995). The MAD (M) was computed according
to

!
!!!

𝑀=

!!! !!!!

(8),

!

where N is the number of data points, X is the variable (total Chl-a concentration, size
fraction or size-specific Chl-a) and the superscripts E and M correspond to the estimated
variable from the model and the measured variable, respectively. The value of δ was
calculated according to

𝛿=

!
!

!
!!!

𝑋!! − 𝑋!!

(9)

and ψ was expressed as

𝜓=

!
!

!
!!!

𝑋!! − 𝑋!!

!

!/!

(10).
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4.4. Results and Discussion
4.4.1. Satellite validation of total Chl-a

To determine the best input of Chl-a for the phytoplankton size model, we first evaluate
the performance of three different ocean colour algorithms (Fig. 4.3, Table 4.4).
Irrespective of the type of algorithm, in situ values of Chl-a concentration are in good
agreement with the satellite matchups and the relationships are characterised by high
correlation coefficients (r > 0.88) and low mean absolute differences (M < 0.2). Using the
correlation coefficient and RMSD (ψ) as a basis for comparison with previous studies,
the model performance is similar, or in some cases better, to what has been previously
observed in the Red Sea (Brewin et al., 2013, 2015a; Racault et al., 2015) and other
regions of the global ocean (e.g. Bailey and Werdell, 2006; Brewin et al., 2015b; Siegel
et al., 2013) (Table 4.4).

Table 4.4. Statistical results for the three ocean colour algorithms used in this study, and some
comparisons with previous studies

130

Although the three algorithms exhibit a statistically similar performance (e.g.
statistically similar values for the MAD (M) and RMSD (ψ) (95% confidence intervals
overlap) and a statistically similar correlation coefficient (z-test)), the standard OC-CCI
algorithm overestimates Chl-a concentration (δ = 0.08). This is analogous with the results
of Brewin et al. (2015a) who found that the standard NASA OC4 and OCI algorithms

Figure 4.3. Satellite validation of total Chl-a concentration from three different empirical ocean
colour algorithms; the standard OC-CCI algorithm and the regionally tuned OCI-RG and OC4RG algorithms developed by Brewin et al. (2015a). r is the Pearson correlation coefficient, M is
the mean absolute difference, δ is the bias and ψ is the root-mean-square-difference. Statistical
tests were computed in log10 space. Per-pixel uncertainties for the matchups obtained using the
standard OC-CCI algorithm are provided as RMSD error bars. Overall, the in situ Chl-a matchups
are within the uncertainty limits of the OC-CCI data. We also present the fixed RMSD
uncertainties for OCI-RG and OC4-RG, which are based on a previous validation of those
algorithms using OC-CCI data (see Fig 7 of Brewin et al., 2015a). Uncertainties associated with
in situ Chl-a concentrations are expressed as percentages (~ +/- 4.6%) and are represented by the
black horizontal error bars.

systematically overestimate Chl-a in the Red Sea. They attributed this overestimation to
increased chromophoric dissolved organic matter (CDOM) absorption per unit Chl-a.
This hypothesis was recently corroborated by Kheireddine et al. (2018b), who analysed
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the spatial distribution of the absorption coefficient of CDOM (aCDOM), using in situ
measurements acquired during several cruises conducted in the Red Sea. Kheireddine et
al. (2018b) observed that values of aCDOM for a specific Chl-a concentration were
substantially higher in the Red Sea in comparison to the adjacent Mediterranean Sea (20 550%) (Organelli et al., 2014). The authors also revealed that CDOM concentrations
were higher than what has been observed in other oligotrophic regions, such as the
southeast Pacific and Mediterranean Sea (Bricaud et al., 2010; Morel and Gentili, 2009).
The regionally tuned OCI-RG and OC4-RG algorithms are associated with
negative biases (δ = -0.19 and -0.12 respectively), particularly the OCI-RG algorithm,
which displays a consistent underestimation of Chl-a (Fig. 4.3). However, considering the
improved performance of the regionally-tuned Red Sea algorithms previously obtained
using a larger match-up dataset (Brewin et al., 2015a), and it’s slightly higher statistical
performance in comparison to OCI-RG, we opted to use the OC4-RG algorithm for input
to the PSC model. On-going research is required to monitor the performance of all these
algorithms, as and when more data become available in the Red Sea.

4.4.2. Re-parameterisation of the two-component phytoplankton size model

The re-parameterised size model was fitted to the Red Sea HPLC dataset (Fig. 4.4, black
line), and for comparison, was plotted alongside the previous two-component model of
Brewin et al. (2015a) (Fig. 4.4, red line). Overall, the re-parameterised model adequately
captures the general trends in in situ derived size-specific Chl-a (Cp, Cn,m) as a function of
total Chl-a (r > 0.9, M < 0.1). The contribution of Chl-a from the pico-phytoplankton
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assemblage is higher at low Chl-a concentrations and the model parameter Dp is
representative of the increase in pico-phytoplankton as the total Chl-a concentration tends
to zero (Dp = 0.92). Above an asymptotic Chl-a concentration of ~ 0.19 mg m-3 for picophytoplankton (Cp), additional Chl-a in the system can be attributed to increases in Chl-a
within the nano/micro- phytoplankton assemblage (Cn,m). The model also captures the
general trends observed for the phytoplankton size fractions (Fp, Fn,m), where the fraction
of small (larger) cells decreases (increases) with the total Chl-a concentration.

Figure 4.4. The two-component phytoplankton size model fitted alongside the Red Sea HPLC
pigment data. The black and red lines represent the re-parameterised model and the original
model of Brewin et al. (2015a) respectively. The top row shows the relationship between total
Chl-a concentration and size-specific Chl-a, whilst the bottom row shows the relationship
between total Chl-a and the fraction of total Chl-a from the two size classes.
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Although the model of Brewin et al. (2015a) displays the same general trend, it
underestimates Cp and Fp, and overestimates Cn,m and Fn,m, for a given total Chl-a
concentration (Fig. 4.4). We note that these differences are apparent regardless of the
choice of regression coefficients for Eq. 2 (Fig 4.5). Prior to the re-tuning of the size
model, Brewin et al. (2015a) had set the value of the model parameter Cpm (the maximum
Chl-a concentration reached by the pico-phytoplankton population) at 0.06 mg

Figure 4.5. Total Chl-a concentration plotted against the fractional contribution of picophytoplankton (see Equation 2), computed using weights from various studies. The model of
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Brewin et al. (2015a) is plotted for comparison (red line). The bias occurs consistently regardless
of the weights used, justifying the requirement for model re-parameterisation.

m-3 (Table 4.3). Considering the updated model parameter in this study (Cpm = 0.19 mg
m-3), the previous value of Cpm utilised by Brewin et al. (2015a), which was derived using
HPLC datasets collected in the eastern North Atlantic Ocean (see Brotas et al., 2013),
probably under-represents the contribution of the pico-phytoplankton population. Indeed,
Brewin et al. (2015a) and Kheireddine et al. (2017) revealed that pico-phytoplankton
constituted the dominant size class in the Red Sea, although in the case of the latter study,
community structure was found to be fairly heterogeneous due to the mesoscale
variability of the region.

4.4.3. Satellite validation of size-specific Chl-a concentrations and size fractions

Satellite-derived observations of Chl-a concentration from the independent matchup
dataset were used as input to the re-parameterised two-component size class model, and
accordingly, size-specific Chl-a and size fractions were derived. The resultant
relationships between the satellite and in situ data are presented in Figure 4.6. Generally,
satellite estimates of size-specific Chl-a concentration match the in situ observations well.
For both Cp and Cn,m, high r values (r > 0.80) and low MAD (M < 0.2) are obtained. A
slight negative bias occurs for both size classes (-0.11), which is most likely related to the
underestimation of total Chl-a from the OC4-RG algorithm (Fig. 4.3). To further assess
the performance of the re-parameterised model, we present the results of statistical tests
computed for matchups obtained using the previous model parameters of Brewin et al.
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(2015a) (Fig. 4.6). Overall, following model re-parameterisation, the bias is closer to
zero, the MAD is smaller and the RMSD is approximately halved (excluding the RMSD
associated with the size-specific Chl-a concentration of the combined nano-micro
assemblage [Cn,m]). In addition, the RMSD of Cp presented here (ψ = 0.13) is lower than
what has been observed in the global ocean (Brewin et al., 2015b), the North Atlantic
(Brewin et al., 2017a) the waters off Central-Southern Chile (Corredor-Acosta et al.,
2018) and South Africa (Lamont et al., 2018). Satellite-derived size fractions (Fp and
Fn,m) are also in good agreement with the in situ observations (r = 0.67) and the
relationships are characterised by low MAD (M = 0.09) and low biases (δ = ±0.02). We
note that as Fn,m = 1 - Fp (see Eq. 3), the statistical parameters computed for the matchups
of Fp and Fn,m are identical (although characterised by a change of sign for the case of
δ).
To investigate spatial gradients in satellite estimates of phytoplankton size
structure, we present an 8-day composite image of the pico- and nano/microphytoplankton fractions in the CRS region, as well as total Chl-a concentration (Fig. 4.7).
The composite image represents the period 1st - 9th April 2015, corresponding
approximately to the sampling dates of the NC2 cruise conducted in the CRS (3rd – 9th
April 2015, Table 4.1). For comparison, the in situ size fractions of the pico- and
nano/micro- phytoplankton assemblage from the NC2 sampling stations are overlaid on
the satellite image (Fig. 4.7, white circles).
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Figure 4.6. Satellite validation of size-specific Chl-a concentrations (top row) and the fractional
contribution of Chl-a to total Chl-a (bottom row) for the two size classes. Statistical tests were
computed in log10 space for size-specific Chl-a concentrations and in linear space for the size
fractions. The statistical parameters are the same as those described in Figure 2. For comparison,
statistical tests are also presented (in red text) for matchups computed using the previous Red Sea
model parameterisation of Brewin et al. (2015a).

The satellite data effectively capture the spatial variability of in situ size fractions. Lower
fractions of nano/micro- phytoplankton (~ 20 - 25% of the total population) are apparent
in the northern region of the CRS (22 – 24°N), coinciding with reduced Chl-a
concentrations and a higher fraction of pico-phytoplankton (75 – 80%). The fraction of
nano/micro- phytoplankton increases to ~ 35% between 21 and 22°N, and this is
observed by the most southerly in situ sampling station at ~ 21.75°N. This region of
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larger cells is characterised by higher Chl-a concentrations and extends from the eastern
coast towards the western coastline. We speculate that this feature may be representative
of a mesoscale anticylonic eddy that is a capable of transporting water masses across the
basin. Large eddies are known to occur frequently in the CRS (~ 18 – 24°N) (Zhan et al.,
2014, 2019) and previous research has demonstrated how these eddies transfer waters
rich in Chl-a between the east and west coastlines of the Red Sea (Raitsos et al., 2017).
Coral reefs contain elevated concentrations of nutrients from processes such as grazing,
sediment re-suspension and bacterial respiration (Acker et al., 2008; Erez, 1990; Rasheed
et al., 2002) and instances of higher nutrient availability are known to correlate with
larger phytoplankton cells (Marañón, 2015). Indeed, total Chl-a concentration and the
fraction of larger cells is notably higher along the coastlines of the CRS, constituting 40 –
60% of the total phytoplankton population. The eddy may advect larger cells further
offshore between 21 and 22°N at its periphery, whilst simultaneously driving a decrease
in total Chl-a concentration, and an increase in the contribution of pico-phytoplankton at
its core (~ 22.5°N), as a result of downwelling and enhanced oligotrophy.

Figure 4.7. 8-day climatology (1st – 9th April 2015) of total Chl-a (computed using the OC4-RG
algorithm), and the fractional contributions of pico- and the combined nano/micro- phytoplankton
assemblages generated using the updated model parameters. In situ data points from the NC2
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cruise, conducted during this 8-day period (Table 4.1), are overlaid on the satellite imagery and
are represented by the white circles. The in situ samples are plotted with the same colour scale as
the satellite image.

4.4.4. Potential caveats
4.4.4.1. In situ estimates of phytoplankton size structure

We utilised a Red Sea HPLC dataset, in conjunction with a diagnostic pigment approach,
to derive in situ measurements of size-specific Chl-a concentration that would be used for
the re-parameterisation of the two-component size class model of Brewin et al. (2015a).
We note that some diagnostic pigments may be shared by several phytoplankton groups
that span a broad range of sizes, and thus may not always be precise biomarkers that
enable the definitive differentiation between size classes. In consideration of this,
refinements have been made to infer size fractionated Chl-a from the HPLC data using
the diagnostic pigment approach. Specifically, we followed the approach of Brewin et al.
(2010) to compute in situ values of the pico-phytoplankton size fraction (Fp). This
involved apportioning some of the 19′-hexanoyloxyfucoxanthin pigment to picophytoplankton at lower Chl-a concentrations, as some pico-eukaryotes contain this
pigment. Considering that a two-component model was used to derive picophytoplankton and the combined nano/micro-phytoplankton assemblages, it was not
necessary to implement further adjustments that have been previously used to account for
the partitioning of pigments between micro-phytoplankton and nano-phytoplankton (e.g.
Devred et al., 2011). Although we did not compare HPLC-derived estimates of sizefractioned Chl-a with those derived using other methods (e.g. size-fractionated filtration,
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flow cytometry or molecular analysis), systematic differences in size-fractionated Chl-a
between HPLC and other methods have been observed (e.g. Brewin et al., 2014a). Future
efforts should focus on collecting concurrent data on size-fractioned Chl-a in the Red Sea
using multiple methods, for a more complete and accurate diagnosis of phytoplankton
size classes (Nair et al., 2008). Until such datasets become available, the HPLC approach
is our only in situ resource, and it has been shown to capture trends in phytoplankton size
structure in other oceanic regions (Organelli et al., 2013; Uitz et al., 2008, 2015).
Furthermore, the conceptual framework of the two-component model used here has been
supported by multiple in situ methods, including: size-fractionated filtration
measurements (Brewin et al., 2014b; Gin et al., 2000; Marañón et al., 2012),
measurements from flow cytometry and microscopy (Brotas et al., 2013), and
measurements of spectral absorption by phytoplankton and particle backscattering
(Brewin et al., 2011, Brewin et al., 2012b; Devred et al., 2006, 2011).

4.4.4.2. Abundance-based phytoplankton size model

The abundance-based, three-component model conceptualised by Brewin et al. (2010),
and adapted for the Red Sea by Brewin et al. (2015a), has been applied and validated
both globally, and for individual oceanic regions (e.g. Brewin et al., 2010, 2012a, 2014a,
2015a, 2015b; Hu et al., 2018; Lamont et al., 2018; Lin et al., 2014). However,
abundance-based algorithms infer phytoplankton size structure based on relationships
between the total Chl-a concentration and size-fractionated Chl-a, and thus do not
directly detect the presence of different phytoplankton size classes. Although these
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relationships have been shown to hold across the global oceans, deviations from these
relationships occur (e.g. Goericke, 2011). Furthermore, for applications of the model to
satellite data in optically-complex waters, satellite retrievals of Chl-a may be impacted by
the presence of CDOM and non-algal particles (Hirata et al., 2011; Mouw et al., 2017).
Modifications to ecosystem structure as a result of climate change may alter relationships
between phytoplankton size structure and total Chl-a (Agirbas et al., 2015; Racault et al.,
2014; Sathyendranath et al., 2017). Thus, as well as a need for increased in situ sampling
efforts in the Red Sea, re-calibration of abundance-based algorithms may be necessary in
the future, and may require tying model parameters (Cpm and Dp) to other environmental
variables amenable from space (see Brewin et al., 2015b, 2017a; Ward, 2015).
Abundance-based algorithms use total Chl-a from satellite remote sensing as
input. Thus, the accuracy of satellite Chl-a observations is critical for the derivation of
accurate size-fractionated Chl-a data. Per-pixel uncertainties in satellite size-fractionated
Chl-a data can be derived in two ways: 1) by propagating errors in the input total Chl-a
through to the output size-fractionated Chl-a, accounting for uncertainties in model
parameters (Brewin et al., 2017b); or 2) through comparison of satellite size-fractionated
Chl-a with in situ data (validation), by matching the two estimates in time and space
(Brewin et al., 2017a). Each approach has its advantages and disadvantages. Model error
propagation requires good knowledge of errors in model parameters and model input, and
assumes the model is conceptually accurate. Validation generally assumes the in situ data
are correct, when in reality the in situ measurements have their own uncertainties that
should be considered in the analysis, but are difficult to estimate (Brewin et al., 2014b,
2017a; Nair et al., 2008). In addition, when comparing satellite data with concurrent in
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situ data, the scales of the observations differ by orders of magnitude (e.g. 1 litre HPLC
sample and 4km satellite pixel), which can cause additional uncertainties. In our study we
report the uncertainties based on validation (see Figure 4.6.). It is envisaged that future
work could improve on this, perhaps making use of optical water type classification
methods (e.g. Brewin et al., 2017a), and by characterising uncertainties in the in situ data,
through the collection of concurrent in situ size-fractioned Chl-a data using multiple
methods.

Figure 4.8. 8-day climatology (28th February – 7th March 2017) showing the fractional
contribution of the combined nano/micro- phytoplankton assemblage at a spatial resolution of 300
metres. The size fraction was computed using parameters from the re-parameterised model and
observations of Chl-a concentration acquired via the Ocean and Land Colour Instrument (OLCI)
on-board the SENTINEL-3 satellite (European Space Agency).
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4.5. Conclusions

We re-parameterised the two-component phytoplankton size model of Brewin et al.
(2015a) using HPLC pigment data collected in the Red Sea. The updated model
effectively captures the relationships between in situ measurements of total Chl-a
concentration and the Chl-a concentrations of the pico- and combined nano/microphytoplankton size classes, and was subsequently applied to remotely-sensed ocean
colour observations. Overall, satellite estimates of phytoplankton size structure correlate
well with concurrent in situ measurements and also capture the spatial variability in
phytoplankton size structure related to an anticyclonic eddy.
To our knowledge, this analysis provides the first in situ validation of satellitederived estimates of phytoplankton size structure in the Red Sea and paves the way for
further investigation on the seasonality, interannual variability and phenology of different
PSCs. This is likely to be paramount for developing a better understanding of trophic
relationships and fisheries dynamics in the region, contributing to the development and
implementation of marine ecosystem management schemes. Finally, with the advent of
more advanced remote-sensing capabilities, including the launch of next-generation
satellite sensors such as OLCI on-board the Sentinel-3a spacecraft (European Space
Agency), the large-scale spatiotemporal distribution of ecological indicators, as well as
their linkages to mesoscale variability, can be resolved at much finer spatial scales (Fig.
4.8).
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5.1. Abstract
Phytoplankton phenology and size structure are key ecological indicators that influence
the survival and recruitment of higher trophic levels, marine food web structure, and
biogeochemical cycling. For example, the presence of larger phytoplankton cells supports
food chains that ultimately contribute to fisheries resources. Monitoring these indicators
can thus provide important information to help understand the response of marine
ecosystems to environmental change. In this study, we apply the phytoplankton size
model of Gittings et al. (2019b) to 20-years of satellite-derived ocean colour observations
in the Northern and Central Red Sea, and investigate interannual variability in phenology
metrics for large phytoplankton (> 2 µm in cell diameter). Large phytoplankton
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consistently bloom in the winter. However, the timing of bloom initiation and termination
(in autumn and spring respectively) varies between years. In the autumn/winter of
2002/2003, we detected a phytoplankton bloom which initiated ~ 8 weeks earlier and
lasted ~ 11 weeks longer than average. The event was linked with an eddy dipole in the
Central Red Sea, which increased nutrient availability and enhanced the growth of large
phytoplankton. The earlier timing of food availability directly impacted the recruitment
success of higher trophic levels, as represented by the maximum catch of two
commercially important fisheries (Sardinella spp. and Teuthida) in the following year.
The results of our analysis are essential for understanding trophic linkages between
phytoplankton and fisheries and for marine management strategies in the Red Sea.

155

5.2. Introduction

The Red Sea is the worlds’ northernmost tropical sea (Fig. 5.1), and hosts one of the
longest coral reef ecosystems on Earth, which supports high levels of marine biodiversity
(Berumen et al., 2013) and provides essential ecosystem services, including coastal
protection, tourism and fisheries (Berumen et al., 2013; Carvalho et al., 2018; Gladstone
et al., 2013; Moberg and Folke, 1999). Regional sea surface temperatures in the Red Sea
have increased over the last two decades (Chaidez et al., 2017; Krokos et al., 2019;
Raitsos et al., 2011), and have been linked with coral reef bleaching events (Monroe et
al., 2018; Osman et al., 2018), an increased frequency of marine heatwaves (Genevier et
al., 2019), and changes in phytoplankton dynamics (e.g., abundance, composition and
phenology, see (Brewin et al., 2019; Gittings et al., 2018; Raitsos et al., 2015; Silva et al.,
2019)). As a consequence, there is a growing requirement to monitor this unique large
marine ecosystem and understand its’ response to future climate variability.
In accordance with the Kingdom of Saudi Arabia’s Vision 2030 Economic
Diversification Program, several coastal regions of the Red Sea are sites for large-scale
urban expansion. Megacities, such as “NEOM” (www.neom.com/en-us/) and the “Red
Sea Project” (www.theredsea.sa/en/) are currently under development along the eastern
coastlines of the northern and north-central Red Sea respectively (Hoteit et al., 2020).
The construction of such megacities may be associated with pervasive environmental
impacts, for example: enhanced nutrient deposition, pollution, alterations to natural
hydrology and increased pressure on fish stocks (Pelling and Blackburn, 2014; Sekovski
et al., 2012). The success of these projects is intrinsically linked to effective ecological
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monitoring strategies, which will help to preserve essential ecosystem services that
support coastal populations.
Ecological indicators are quantifiable metrics that are used to monitor the status of
ecosystems and their response to environmental perturbations (Platt and Sathyendranath,
2008; Racault et al., 2014). Many indicators in marine ecosystems are based upon the
biomass of phytoplankton – photosynthetic microalgae that comprise the base of marine
food webs and account for 90% of oceanic productivity (Smith and Hollibaugh, 1993).
Phytoplankton also provide energy for higher trophic levels and serve as a direct food
source for coral reef-dwelling organisms (Chassot et al., 2010; Lo-Yat et al., 2011).
The spatial distribution of phytoplankton biomass can be inferred synoptically,
and frequently, from satellite-derived observations of chlorophyll-a (Chl-a, an index of
phytoplankton biomass) (Platt et al., 2009). To date, numerous studies have demonstrated
the applicability of satellite-based approaches for investigating phytoplankton dynamics
in the Red Sea (Brewin et al., 2015, 2013; Dreano et al., 2016; Papadopoulos, 2015;
Racault et al., 2015; Raitsos et al., 2017, 2015, 2013; Triantafyllou et al., 2014).
Specifically, the northern half of the Red Sea has been the subject of recent research
efforts, as phytoplankton dynamics in this region have been shown to follow a typical
tropical biological regime, with a winter (October –April) phytoplankton growth period
caused by increasing nutrient availability from convective mixing (Acker et al., 2008;
Gittings et al., 2019b, 2018; Papadopoulos, 2015; Raitsos et al., 2013).
Previous studies have demonstrated that the winter bloom in the Northern Red
Sea has a high contribution of larger phytoplankton groups (e.g., diatoms), which tend to
dominate under more nutrient-rich conditions (Ismael, 2015; Jin and Agustí, 2018;
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Kheireddine et al., 2017; Marañón et al., 2015; Pearman et al., 2016). The presence of
larger phytoplankton cells supports food chains that ultimately contribute to fisheries
resources (Smetacek, 1998). Small phytoplankton on the other hand, are often linked to
recycled production that supports microbial activities (Chisholm, 1992; Cotner and
Biddanda, 2002). Thus, in conjunction with phytoplankton biomass, knowledge of
additional ecological indicators such as size structure and phenology (the timing of
phytoplankton growth periods) is essential for understanding how energy is transferred
through the marine food web (Gittings et al., 2018; Salgado-Hernanz et al., 2019). This is
particularly important in the Red Sea, where commercial and traditional fisheries
constitute an essential source of sustenance for coastal communities (Jin et al., 2012).
Recently, Gittings et al. (Gittings et al., 2019a) tuned a satellite-based
phytoplankton size class model (Brewin et al., 2015, 2010) for application in the Red Sea.
The model infers the Chl-a concentration in two different phytoplankton size classes,
small (pico, < 2 µm in diameter) and large (combined nano/micro - > 2 µm in diameter)
phytoplankton. Here, we utilise this satellite model, in combination with an approach for
determining phenology metrics (Gittings et al., 2019b, 2018; Racault et al., 2012), to
investigate changes in the seasonal timings of blooms of large phytoplankton (combined
nano/micro phytoplankton) in the Northern and Central Red Sea. Interannual variations in
phenology metrics are then compared with historical fisheries landings reported in the
region, to explore links between phytoplankton blooms and trophic energy transfer.
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Figure 5.1. Map displaying the bathymetry of the Red Sea and geographical location of the
Northern and Central Red Sea ecoregion (limits of this region are highlighted in red). The
map was produced using the software package MATLAB (version R2016b).

5.3. Data and Methodology
5.3.1. Study region

The study region comprises the “Northern and Central Red Sea”, which occupies an area
northwards of ~ 20°N (Fig. 5.1), separating the northern and southern halves of the Red
Sea (Berumen et al., 2019). Geographical limits of this region were based on the Marine
Ecoregions of the World (MEOW) bioregionalisation system led by the World Wildlife

159

Fund and The Nature Conservancy (https://www.worldwildlife.org/publications/marineecoregions-of-the-world-a-bioregionalization-of-coastal-and-shelf-areas;
www.marineregions.org. This classification system partitions the shelf and coastal
regions of the global oceans into “ecoregions”, which are based on a distinct set of
oceanographic or topographic characteristics that contribute to areas of homogeneous
species composition (Spalding et al., 2007). We selected this ecoregion as it enabled the
acquisition of adequate fisheries landings data needed to provide a more complete view
of fisheries dynamics over the northern portion of the Red Sea (see Section 5.3.6).

5.3.2. Satellite ocean colour data

Version 4.0 of the European Space Agency’s Ocean Colour Climate Change Initiative
(ESA OC-CCI) was used in this study. The OC-CCI product consists of merged and biascorrected Chl-a data from the Sea-Viewing Wide Field-of-View Sensor (SeaWiFS),
Moderate Resolution Imaging Spectroradiometer (MODIS), Medium Resolution Imaging
Spectrometer (MERIS) and Visible Infrared Imaging Radiometer Suite (VIIRS) satellite
sensors. Level 3, 8-day, mapped Chl-a data were acquired at a spatial resolution of 4 km
from http://www.esa-oceancolour-cci.org. We note that for generating high-resolution
maps of the satellite-derived fractional contribution of nano/micro-phytoplankton cells
(see Figs. 5.4, 5.5), we used a Chl-a dataset, produced specifically for the Red Sea at a
1km spatial resolution using the regional algorithm described by Brewin et al. (Brewin et
al., 2015). Brewin et al. (Brewin et al., 2015, 2013), Racault et al. (Racault et al., 2015)
and Gittings et al. (Gittings et al., 2019b, 2019a) have shown that both standard ocean-
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colour algorithms and the OC-CCI algorithm perform relatively well in the Red Sea,
supporting the use of satellite-derived Chl-a datasets. In addition, previous studies in the
Red Sea have also demonstrated that the OC-CCI product is characterised by
significantly higher data availability in comparison to single-sensor-based missions
(Racault et al., 2015). For further information, the reader is referred to previous literature
regarding the OC-CCI product (Sathyendranath et al., 2019, 2016, 2012) and its previous
applications in the Red Sea and adjacent Arabian Sea (Brewin et al., 2015; Dreano et al.,
2016; Gittings et al., 2019b, 2019a, 2018, 2017; Racault et al., 2015). We also refer the
reader

to

the

OC-CCI

Product

User

Guide

at

http://www.esa-oceancolour-

cci.org/?q=webfm_send/318 for a more extensive overview of processing, sensor
merging and uncertainty quantification. Observations of Chl-a concentration that were
used as inputs for the size model, and the subsequent phenological analysis, were
acquired for the Northern and Central Red Sea ecoregion (as described Section 5.3.1).

5.3.3. Two-component phytoplankton size class model

For deriving estimates of phytoplankton size structure, we used the two-component
model tuned to the Red Sea by Gittings et al. (Gittings et al., 2019a). This conceptual
model assumes that small phytoplankton cells (picophytoplankton) do not grow beyond a
specific Chl-a concentration, and the addition of more Chl-a into a system, beyond this
concentration, can be attributed to that from larger phytoplankton cells (Chisholm, 1992;
Raimbault, 1988). The model is based on the exponential equation originally put forth by
Sathyendranath et al. (Sathyendranath et al., 2001), and used by Brewin et al. (Brewin et
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al., 2010) to relate the concentration of Chl-a in pico-phytoplankton (Cp, cells <2 µm in
diameter) to the total Chl-a (C) according to

!

𝐶! = 𝐶!! 1 − 𝑒𝑥𝑝 − ! !! 𝐶 ,

(1),

!

where Cpm is the maximum Chl-a concentration of pico-phytoplankton, and Dp represents
the fraction of pico-phytoplankton (Cp / C) as C tends to zero.
Using a High Performance Liquid Chromatography (HPLC) pigment dataset,
Gittings et al., (2019b) estimated the model parameters Cpm and Dp for the Red Sea by
fitting Eq. 1 to in situ estimates of Cp and C. A non-linear, least squares fitting procedure
(Trust-Region-Reflective

algorithm,

MATLAB

Optimisation

Toolbox,

function

‘LSQCURVEFIT’), in conjunction with bootstrapping (Efron, 1992), was used to
compute the parameters and their associated uncertainties. Using this approach, Gittings
et al. (Gittings et al., 2019a) computed Cpm as 0.19 mg m-3 and Dp as 0.92.
Satellite estimates of Cp were computed using Equation 1 using the Gittings et al.
(Gittings et al., 2019a) model parameters, and forced with satellite-derived estimates of
total Chl-a concentration (C). Chl-a concentrations attributed to the combined
nano/micro-phytoplankton assemblage (Cn,m) were then subsequently derived as follows

𝐶!,! = 𝐶 − 𝐶! .

(2).

After deriving Cn,m (from hereafter referred to as large cells), the fractional contribution
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of this assemblage to total Chl-a (Fn,m) was computed as

𝐹!,! =

!!,!
!

.

(3).

The model was run on each grid point, on each of the 8-day CCI mapped Chl-a data
products between 1997-2018.

5.3.4. Computation of phytoplankton phenology metrics

Following completion of the time series of Chl-a concentration attributed to large cells
(from hereafter referred to as Cn,m), we utilised the cumulative sums of anomalies
method, based on a threshold criterion, to estimate the timing of the following phenology
metrics: 1) bloom initiation, 2) bloom duration, and 3) bloom termination (Gittings et al.,
2019b, 2018; Racault et al., 2012). The threshold criterion method is centred on the
concept that the occurrence of a phytoplankton bloom corresponds to a significant
increase in Chl-a above ‘normal’ concentrations (Siegel et al., 2002).
First, for the estimation of phytoplankton phenology indices, 8-day data
corresponding to Cn,m were isolated for the period spanning August 29th 1997 – August
21st 2018. Cn,m was then spatially-averaged over the Northern and Central Red Sea
ecoregion described in section 2.1. A moving window filter was then applied to the Cn,m
time series (MATLAB subroutine hampel) to remove any outliers. The cumulative sum
of anomalies method requires a gap-free Chl-a time-series as an input, otherwise
phenology metrics cannot be calculated. Hence, to further improve the coverage of Chl-a
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satellite data, we applied a linear interpolation method that fills gaps in the time series.
The interpolation method used is based on the MATLAB subroutine inpaint_nans, which
interpolates missing data using a linear least squares approach (D’Errico, 2012).
Next, following visual inspection of each annual Cn,m seasonal cycle, we defined
the threshold criterion as the long term median of the Cn,m time series, plus 15%. This
threshold was selected as it was found to be the most representative of the winter bloom
initiation and termination phenology indices for each year over the 21-year period. We
note that various thresholds (5, 10 and 15%) have been utilised in different Red Sea
phenology studies (Gittings et al., 2019b, 2018; Racault et al., 2015), depending on the
type of analysis (e.g. interannual or climatological).
Using this threshold, Cn,m anomalies were computed by subtracting the threshold
criterion from the time series. The cumulative sums of anomalies were then calculated.
Increasing (decreasing) trends in the cumulative sums of anomalies represent periods
when Chl-a concentrations are above (below) the threshold criterion. The gradient of the
cumulative sums of anomalies was then used to identify the timing of the transition
between increasing and decreasing trends. The initiation of the phytoplankton bloom
corresponded to the 8-day period when Chl-a concentrations first rose above the
threshold criterion (i.e. when the gradient of the time series first changed sign). The
termination of the phytoplankton bloom was computed as the time when the gradient first
changed sign following the occurrence of the maximum Chl-a concentration in the time
series (the growth peak). The total duration of the phytoplankton growth period was
calculated as the number of 8-day periods between the timings of initiation and
termination.
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5.3.5. Sea level anomaly and geostrophic velocities

Satellite altimetry can be used to study the circulation dynamics and the propagation of
cyclonic and anticyclonic oceanic eddies. In this study, we used Sea Level Anomaly
(SLA) derived from satellite altimetry, and associated geostrophic velocity data produced
by Ssalto/Ducas and distributed by AVISO with support from the Centre National
D'Etudes Spatiales (CNES). The geostrophic velocities are computed from gridded sea
surface heights with respect to a twenty-year mean (1993-2012), based on multi-mission
satellite altimeter observations. Daily data were acquired on a regular 1/4° grid between
mid-September to mid-October 2002, and were then averaged into a monthly composite
(Fig. 5.6). The full methodological approach, and its application in the nearby Red Sea,
can be found in Zhan et al. (2014).

5.3.6. Fisheries landings data

We utilised fisheries catch data from the Sea Around Us initiative (University of British
Columbia) which is available online at www.seaaroundus.org. Annual data corresponding
to the total reported landings of Sardinella spp. (Clupeiformes) and Squid spp. (Teuthida)
in the Northern and Central Red Sea ecoregion (Fig. 5.1) were acquired between 1998 –
2016. We focused on landings data collected for Sardinella spp. and Squid spp.
(Teuthida, genus not reported in dataset) to provide examples of pelagic organisms from
vertebrate and invertebrate groups, which have a crucial intermediate role in marine food
webs (linking plankton and higher predatory fish). Clupeiformes such as Sardinella spp.
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are planktivorous and respond strongly to environmental perturbations, particularly
changes in food (phytoplankton) availability (Giannoulaki et al., 2014; Jebri et al., 2020).
They are also amongst some of the most significant contributors to fishery catches
(Duarte and García, 2004; Hall, 1999). Similarly, the level of food availability (as
indexed by Chl-a concentration) is an essential factor influencing the stock recruitment of
juvenile squid, which feed directly on various different types of plankton during their
paralarval phases (Ichii et al., 2011; Nishikawa et al., 2014). The catch dataset is based on
combine official reported data from the Food and Agriculture Organisation of the United
Nations (FAO) Fishstat database, and reconstructed estimates of unreported catch data.
For further information on the reconstruction of fisheries catch data, we refer the reader
to Zeller and Pauly (Pauly and Zeller, 2016). We note that un-normalised fishery landings
do not necessarily represent stock abundance, and fluctuations in these datasets could be
also influenced by other factors. However, trends in fisheries stocks are commonly
detected by analysing catch or landings per unit of effort and studies have shown that
catch data are consistent with phytoplankton biomass trends (Jebri et al., 2020; Kassi et
al., 2018; Tzanatos et al., 2014).

5.4. Results

5.4.1. Interannual variability of phenology anomalies attributed to large
phytoplankton

First, we examined the interannual variability of phenology metrics (initiation, duration
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and termination) associated with the large phytoplankton assemblage (> 2 µm in
diameter) for a 21-year period spanning 1998-2018 (Fig. 5.2). The values are presented as
annual anomalies, and represent the number of 8-day periods (from hereafter referred to
as “weeks” for convenience) above/below the mean timing of growth initiation, duration
and termination.
For each phenology metric, distinct positive and negative phases of the annual
phenology anomalies can be observed. Between 1998 and 2002, the winter growth period
of the nano/micro phytoplankton assemblage initiates later, is shorter in duration and
terminates earlier. In particular, 1998 and 1999 are characterised by winter blooms that
start between 4 - 5 weeks later. The bloom during 1999 terminates up to ~ 5 weeks
earlier, resulting in a duration (phytoplankton growth period) that is ~ 9 weeks shorter
than average (Fig. 5.2). A substantially earlier initiation can also be observed in 2000 and
2001.
Between 2002 and 2008, the phytoplankton growth periods start earlier, are
longer in duration and have a delayed termination. One of the most notable events can be
observed in 2003, where the phytoplankton growth period initiates ~ 8 weeks earlier and
terminates ~ 3 weeks later, resulting in a duration which is ~ 11 weeks longer than
average, and is the longest winter bloom duration observed over the entire 21-year study
period (grey shaded bar in Fig. 5.2). Notably longer blooms (~ 5-6 weeks) are also
apparent in 2007 and 2008 and appear to be predominantly driven by a delay in bloom
termination (~ 4-5 weeks). From 2009-2018, the annual phenology anomalies either do
not show any substantial differences from the average (e.g., between 2009-2012) or
revert back to the pattern observed between 1998-2002, where winter blooms are
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generally characterised by a delayed initiation (< 4 weeks), earlier termination (< 4
weeks) and shorter duration (< 5 weeks).

Figure 5.2. Interannual phenology anomalies (weeks) of the nano/micro-phytoplankton
assemblage (timings of the winter bloom initiation, duration and termination) between 1998 and
2018. The grey shaded bar highlights the event that occurred during the winter blooming period
of 2003.

5.4.2. Abundance and phenology of large phytoplankton associated with the 2003
winter bloom

The Northern and Central Red Sea ecoregion experienced the longest bloom of large
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phytoplankton during the autumn/winter of 2002/2003 (Fig. 5.2). To further investigate
the phenological characteristics of this bloom, as well as the seasonality of Chl-a
concentration attributed to large cells (Cn,m), we present time series of Cn,m during the
entire autumn/winter period blooming period (September - May) of 2002/2003, alongside
the corresponding timings of bloom initiation and termination (highlighted in blue, Fig.
5.3). For comparison, we also highlight the seasonal cycles of Cn,m and phenology metrics
for the remaining years of the study period (shown in grey, Fig. 5.3).

Figure 5.3. Time series of Chl-a concentration attributed to the combined nano/microphytoplankton assemblage (Cn,m), alongside the timings of bloom initiation and termination (blue
vertical dashed lines), for the blooming event detected during the autumn/winter of 2002/2003.
The Cn,m time series for the remaining years are shown in grey, alongside the climatological
phenology metrics computed for the whole period (grey vertical dashed lines).

Overall, the time series of Cn,m reveals a consistent winter seasonal cycle. Cn,m
increases gradually in late-October/early-November, before reaching maximum
concentrations of ~ 0.25 mg m-3 between January and March (grey lines, Fig. 5.3). Cn,m
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returns to pre-bloom conditions (0.05-0.1 mg m-3) by early/mid-April. In contrast, the
time series of Cn,m during the autumn/winter of 2002/2003 (shown in blue) is
characterised by a prominent peak in mid-October (~ 0.36 mg m-3), which is not observed
for any of the other years. Cn,m remains above ~ 0.2 mg m-3 until early-November, when it
decreases and stabilises at concentrations that are comparable with the bloom peaks of
the other years (~ 0.15 mg m-3). By May, Cn,m returns to concentrations that were
observed prior to the start of the winter bloom (< 0.1 mg m-3). Comparing the
climatological phenology metrics (grey dashed lines) with those computed independently
for the autumn/winter of 2002/2003 (blue dashed lines), further emphasises the markedly
earlier bloom initiation of large phytoplankton in mid-September of 2002 (~ 8 weeks), as
well as the delayed termination (~ 3 weeks) at the beginning of May 2003 (Fig. 5.3).

5.4.3. Spatial distribution of the large phytoplankton during the initiation of the
2002/2003 winter bloom

To elucidate the factors contributing to the high abundance of large phytoplankton in
October 2002 (Fig. 5.3), we created maps showing the spatial distribution of the satellitederived fractional contribution of the nano/micro-phytoplankton assemblage (Fn,m)
between late-September and late-October (Fig. 5.4). We chose this period in order to
fully capture the onset and progression of the event observed in Figures 5.2 and 5.3.
Following 22nd September 2002, a small localised region characterised by a
higher fraction of nano/micro-phytoplankton (Fn,m = 0.3 - 0.6) is apparent in the central
Red Sea (black box, Fig. 5.4a). This region is situated closer to the eastern (Arabian)
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coastline, although waters characterised by a higher fraction of larger cells can be
detected extending towards the western (African) coastline. In the week following 30th
September, the region develops into mesoscale cyclonic eddy and a higher fraction of
larger cells can be observed in its’ periphery (Fn,m > 0.6, Fig. 5.4b). Simultaneously, a
mesoscale anticyclonic eddy develops further south, which can be identified as a
localised region where there is a reduced fraction of nano/micro-phytoplankton (Fn,m <
0.2, Figs. 5.4b, c). In the weeks following 8th and 16th October 2002, this eddy dipole
intensifies and Fn,m increases considerably in the regions occupied by the upper cyclonic
eddy (Fn,m < 0.8) and the convergence zone where the peripheries of the two eddies meet
(Figs 5.4c, d).

Figure 5.4. The 8-day composites display the spatial distribution of the satellite-derived
fractional contribution of nano/micro-phytoplankton (Fn,m) to total Chl-a concentration, from the
22nd September - 31st October 2002.

A filament of water masses characterised by a larger fraction of nano/microphytoplankton (Fn,m = 0.3 - 0.4) appears to be advected from the region of mesoscale
eddy activity in the Central Red Sea, traveling northwards along the eastern coastline
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(Fig. 5.4d). From 24th October 2002, a clear enhancement in the fractional contribution of
nano/micro-phytoplankton can be observed over the Northern and Central Red Sea (Fn,m
= 0.4 – 0.8), and the pathway of water mass transport follows the eastern coastline of the
Northern Red Sea. After reaching the northern end of the Red Sea, the water masses
rotate westwards along the northernmost boundary and traveling southwards along the
northwest coastline (Fig. 5.4e). Higher values of Fn,m can be observed across the majority
of the Northern and Central Red Sea (Fig. 5.4e)
The overall development and progression of this event can also be detected in the
monthly anomaly of the fractional contribution of the nano/micro-phytoplankton
assemblage for October 2002 (Fig. 5.5). The fraction of nano/micro-phytoplankton is
more than 25% higher than average in the central Red Sea (in comparison with all
Octobers during 1998 – 2018), corresponding to the region of strong eddy activity (Fig.
4). The advection of water masses characterised by higher fractions of larger cells (Fn,m =
0.05 – 0.15, Figs. 5.4d, e) can also be seen extending northwards from the Central Red
Sea along the eastern coastline of Northern Red Sea, towards the northernmost part of the
basin.
To further corroborate the observed relationships between regional circulation
dynamics and the increase in the abundance of large cells during September/October
2002 (Figs 5.4, 5.5), we generated a monthly composite of Sea Level Anomaly (SLA),
representing the period between 15th September and 15th October 2002 (Fig. 5.6). We also
present the anomalies of the geostrophic velocities, overlaid on top of the SLA, as
represented by the black vector fields. This period was selected in order to highlight
circulation patterns during the initiation and peak of the 2002/2003 winter bloom (as seen
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in Fig. 5.3). The mesoscale eddy dipole in the central Red Sea can clearly be observed in
the monthly map, as shown by the counter-clockwise (clockwise) rotating vector fields in
the northern (southern) parts of the dipole region (~ 18N)°. The position of the strong
cyclonic eddy also coincides with the region of increased values of Fn,m observed in the
central Red Sea (as seen in Figs. 5.4, 5.5). A prominent northward flow can be observed
along the eastern coastline of the Northern and Central Red Sea, which is analogous with
the apparent northward advection of water masses characterised by larger cells observed
in Figures 5.4 and 5.5.

Figure 5.5. Monthly anomaly of the fractional contribution of nano/micro-phytoplankton (Fn,m) to
total Chl-a concentration in October 2002. Positive (negative) values shown in red (blue)
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represent higher (lower) fractions of nano/micro-phytoplankton in comparison to the
climatological average computed for the period 1998 – 2018.

5.4.4. Exploring potential links between the 2003 winter phytoplankton bloom and
fisheries

We have highlighted the interannual variability of phenological metrics associated with
the large phytoplankton assemblage (phytoplankton cells, > 2µm) in the Northern and
Central Red Sea. We subsequently identified a winter bloom that initiated in lateSeptember 2002 and subsisted until May 2003 – the longest winter bloom duration
recorded over the last 20 years (Figs. 5.2, 5.3). To put these findings in the context of
fisheries, we present time series corresponding to the total landings (tonnes) of two
pelagic fisheries groups - Sardinella spp. and Squid spp. (Teuthida, genus not provided)
reported in the Northern and Central Red Sea ecoregion for the period spanning 19982014 and 1998 – 2016, respectively (black lines, Fig. 5.7).
In order to investigate the relationship between phenology and fisheries, we also
present the interannual anomalies of phytoplankton bloom initiation and bloom duration
(highlighted in green) versus the two pelagic fisheries groups (in black, Fig. 5.7). We
note that we subtracted one year from the time series of fisheries landings in Figure 5.7,
so the plotted time series actually corresponds to one year after the phytoplankton bloom
(year t + 1). This was done because a 1-year lag was identified between phytoplankton
phenology metrics and fisheries landings (see Discussion).
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Figure 5.6. Average Sea Level Anomaly (m) between 15th September and 15th October 2002.
Positive (negative) values shown in red (blue) represent a higher (lower) SLA respectively.
Regions highlighted in blue represent cyclonic structures, whilst anti-cyclonic features are shown
in red. The black arrows indicate the geostrophic velocities anomaly and highlight the mesoscale
eddy dipole in in the Central Red Sea.

Overall, the annual anomalies of the initiation and duration of phytoplankton
growth show clear negative and positive relationships with the landings of Sardinella
spp, respectively (please note the reversed y-axes in Figs. 5.7a and 5.7c). Although the
correlations between Sardinella spp. and bloom initiation (r = - 0.34, p > 0.05, n = 16)
and duration (r = 0.23, p > 0.05, n =16) (Fig. 5.7a, b) are not significant at 95%
level, higher (lower) landings of Sardinella spp are observed in years when the bloom
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initiation occurs earlier (later). The maximum catch in Sardinella spp. in year t + 1
(2004) (~ 1750 tonnes more than the mean annual catch) coincides clearly with the
earliest bloom initiation (~ 8 weeks earlier), and the longest bloom duration (~ 11 weeks
longer), associated with the autumn/winter of 2002/2003 (year t). Significant
relationships can be observed between the catch of Squid spp. and the annual anomalies
of bloom initiation (r = - 0.59, p < 0.05, n =18) and duration (and r = 0.48, p < 0.05, n =
18). The maximum catch of squid in 2004 also coincides with the earliest bloom
initiation and longest bloom duration in 2002/2003, and remains higher for the
consecutive two years (Figs. 5.7c, d). After this, total landings decrease and fluctuate
between 100 - 250 tonnes for the remainder of the study period.

Figure 5.7. (a) Interannual variability in the landings of Sardinella spp. (tonnes) and the
anomalies of bloom initiation (weeks) during the period 1998 to 2014. We note that one year was
subtracted from the time series of Sardinella landings, and the plotted time series corresponds to
one year after the phytoplankton bloom (year t + 1). (i.e., the interannual variability in the timing
of food availability is evident in the catch of the following year). (b) Interannual variability in the
landings of Sardinella spp. (tonnes) and the anomalies of bloom duration (weeks), during the
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period 1998 to 2014. As in (a), one year subtracted was subtracted from the landings data to
account for the 1-year lag between the phenology metrics and Sardinella landings. The light
green and grey lines represent phytoplankton and fisheries datasets (respectively) and the
shadings represent ± 1 standard deviation for both variables. (c) and (d) as seen in (a) and (b),
but for landings of Squid spp. between 1998 to 2016. Please note the reversed y-axes in Figs. 5.7a
and 5.7c, where negative anomalies (upper values on the y-axes) are indicative of an earlier
bloom initiation (weeks). All data were averaged over the Northern and Central Red Sea
ecoregion (as described in section 2.1.).

5.5. Discussion

Using the phytoplankton size model of Gittings et al. (Gittings et al., 2019a), we derived
remotely-sensed Chl-a concentrations for large phytoplankton (cells > 2µm) in the
Northern and Central Red Sea. We then investigated the interannual variability of their
phenology metrics (initiation, duration and termination) over a 21-year study period
(1998-2018) and explored the ecological implications of our results by linking the
observed trends with fisheries dynamics.
The annual phenology metrics exhibit fluctuating periods of negative and positive
phases (Fig. 5.2). Between 2002 - 2008, winter phytoplankton growth periods of large
phytoplankton are generally characterised by an earlier initiation (negative anomaly),
delayed termination (positive anomaly) and longer duration (positive anomaly) (Fig. 5.2).
These results are generally consistent with the study of Raitsos et al. (Raitsos et al., 2015)
who revealed that phytoplankton abundance and phenology in the Red Sea vary in
conjunction with fluctuating phases of the Multivariate El Niño Southern Oscillation
Index (MEI). During positive MEI phases, such as the period between 2002-2008 (see
Raitsos et al. (Raitsos et al., 2015) their Figure 1), southwesterly winds associated with
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the winter Arabian monsoon intensify over the Southern Red Sea, driving increased
horizontal advection of nutrient-rich surface waters from the Indian Ocean (Gulf of
Aden). Consequently, winter phytoplankton abundance has been shown to increase by up
to 75% in the Red Sea during positive MEI phases and winter growth periods are
prolonged by an average of ~ 2 weeks, primarily due to the earlier initiation of
phytoplankton growth (Raitsos et al., 2015). Analogously, the delayed initiation and
shorter duration we observed between 1998 – 2002, and 2013 – 2018, is likely associated
with negative MEI (La Niña) phases. During negative MEI, the winter monsoon winds
are weakened, driving reduced volume transport of nutrient-rich waters from the Gulf of
Aden. This delays the initiation of the winter phytoplankton growth period and reduces
its magnitude. We note that the northernmost region of the Red Sea does not emulate this
pattern, as phytoplankton dynamics in this region are primarily governed by the strength
of winter convective mixing, as typically observed in other tropical marine systems
(Acker et al., 2008; Gittings et al., 2019b, 2018; Papadopoulos, 2015; Racault et al.,
2015; Raitsos et al., 2013). Despite the larger study region used in our study, our results
are also consistent with Gittings et al. (Gittings et al., 2018), who detected similar
patterns of interannual variability in the phenology anomalies of Chl-a in a smaller part of
the Northern Red Sea (> 25.5ºN). Accordingly, the interannual variability of large
phytoplankton in the Northern and Central Red Sea is likely controlled by a combination
of the two mechanisms that bring nutrients to the sunlit zone; vertical mixing from
convection in the far Northern Red Sea, and the horizontal advection of fertile water
masses originating from the Gulf of Aden.
One of the most interesting results of our analysis relates to the winter bloom of
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2002/2003. The bloom initiation occurred in mid-September 2002 – the earliest detected
over the 21-year study period (Figs 5.2, 5.3). Cn,m during this year subsequently peaked in
mid-October (~ 0.36 mg m-3), which also constituted the highest winter concentrations of
nano/micro-phytoplankton observed over the entire study period (Fig. 5.3). Cn,m remained
elevated until the beginning of May 2003, resulting in a phytoplankton bloom that was
almost three months longer than the climatological average (Figs. 5.2, 5.3). As previously
discussed, the MEI transitioned from a negative (La Niña) to positive (El Niño) phase in
2002 (Raitsos et al. (Raitsos et al., 2015) their Figure 1). We speculate that the
commencement of the winter Arabian monsoon in October 2002, combined with the
establishment of an El Niño phase, increased the horizontal advection of nutrient-rich
water masses from the Gulf of Aden into the Red Sea, which contributed to: 1) a stronger
winter phytoplankton bloom (Fig. 5.3); and 2) a bloom characterised by an earlier
initiation and longer duration (Fig. 5.2). However, spatial analysis of this event revealed
that the fractional contribution of large phytoplankton increased earlier (towards the end
of September), predominantly in the Central Red Sea (black box, Fig. 5.4a), and
continued to increase throughout October (Figs. 5.4b-e). The horizontal circulation of the
Red Sea is known to be influenced by the frequent occurrence of mesoscale eddies,
particularly in the central part of the basin (Clifford et al., 1997; Morcos, 1970; Quadfasel
and Baudner, 1993; Raitsos et al., 2017; Sofianos and Johns, 2007; Zhan, 2014; Zhan et
al., 2019, 2016). Between mid-September and the end of October 2002, we detected a
pair of mesoscale eddies in the Central Red Sea - a cyclonic eddy in the northern part and
an anticyclonic eddy in the southern part of the province (e.g., Fig, 5.4c, Fig. 5.5, Fig.
5.6). This eddy dipole could be associated with wind jets that blow through the Tokar
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Gap into the Red Sea, and has been previously reported to occur in the Central Red Sea
(~ 19ºN) during the summer monsoon (June-September) (Bower and Farrar, 2015; Farley
Nicholls et al., 2015; Zhai and Bower, 2013). Cyclonic eddies are known to be of
biological importance, as they are associated with the upwelling of colder, nutrient-rich
waters to the surface layer. One potential source of nutrients could relate to the summer
subsurface intrusion of fresher, nutrient-rich Gulf of Aden Intermediate Water [GAIW]).
Model simulations and analyses using in situ datasets have demonstrated that GAIW
propagates northwards following its intrusion during summer (Churchill et al., 2015;
Dreano et al., 2016; Sofianos, 2003; Sofianos and Johns, 2007; Yao et al., 2014b). As
GAIW moves northwards, mixing between GAIW and the surface waters has the
potential to redistribute nutrients to the surface layer, stimulating phytoplankton growth.
Hence, the large increase in the concentration/fraction of large phytoplankton in the
Central Red Sea could be attributed to increased nutrient availability via upwelling
associated with a cyclonic eddy. In accordance with our results, Kurten et al. (Kürten et
al., 2019) detected higher Chl-a concentrations attributed to micro-phytoplankton (e.g.,
diatom spp. such as Thalassiosira subtilis and Pseudo-nitzschia cuspidate) in the central
regions of the Red Sea during spring, as a result of cyclonic eddy activity. Similarly,
Zarokanellos et al. (Zarokanellos et al., 2017) reported that a cyclonic eddy detected in
the Central Red Sea during spring was associated with the upward flux of nutrients into
the euphotic zone, which contributed to higher Chl-a concentrations.
Aside from vertical mixing processes, mesoscale eddy activity and large-scale
circulation features have been shown to facilitate the horizontal exchange of water
masses from coastal to offshore waters, as well as to more distant coastal regions. For
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example, Raitsos et al. (Raitsos et al., 2017) demonstrated that mesoscale circulation
features, such as anticyclonic eddies, may advect nutrient-rich water masses for distances
exceeding 250 km, in less than two weeks, between distant coral reef complexes that line
the eastern and western coastline of the Red Sea. These dynamic circulation patterns may
further increase nutrient availability and enhance phytoplankton growth in offshore
waters (e.g., Fig. 5.4b). In agreement with previous studies, we found evidence of water
mass transport from the central region of eddy activity towards the Northern Red Sea,
along the eastern coastline (Figs. 5.4d, 5.4e, 5.5, 5.6). We speculate that this filament,
characterised by a higher fraction of large phytoplankton (and most likely higher
concentrations of nutrients), can be attributed to the interaction between the cyclonic
eddy in the Central Red Sea (Figs. 5.4, 5.5) and the eastern boundary current in the
Northern Red (Sofianos, 2003; Yao et al., 2014a; Zhai et al., 2015).
Our results indicate a direct linkage between the timing of winter blooms of larger
phytoplankton cells, and the landings of commercially important fisheries in the Northern
and Central Red Sea (Fig. 5.7). Although the diet of the larvae of Sardinella spp. may be
diverse, studies in other oceanic regions have shown that they regularly feed directly
upon larger phytoplankton cells (e.g., diatoms), depending on the regional environmental
conditions (Kassi et al., 2018; Nieland, 1982). As we cannot confirm the specific species
of Sardinella associated with the landings data in our study, it is difficult to know the
exact spawning season of the Sardinella spp. analysed in our study. However, the main
spawning season of the Indian oil sardine (Sardinella longiceps) has been reported to
occur between June-September in the nearby Arabian Sea, coinciding with the summer
monsoon (Al-Anbouri et al., 2013; Jayaprakash and Pillai, 2000; Kripa et al., 2018). A
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similar spawning season (April-September) was reported for Sardinella fimbriata in the
Arabian Gulf (Almatar and Houde, 1986). Thus, we hypothesise that the positive
relationship between the annual timings of bloom initiation/duration, and the catch of
Sardinella spp. in the following year, can be explained by a typical match-mismatch
scenario (Cushing, 1974; Platt et al., 2003): in years when the winter bloom initiates
earlier (e.g., ~ 8 weeks in 2002/2003), there is a higher abundance of food (plankton) in
the latter stages of the spawning season and Sardinella larva subsequently have enough
food to grow and survive during their most vulnerable life stage, leading to enhanced
recruitment and a higher catch in the following year. Supporting this, maximum landings
of Sardinella spp. were reported in 2004 – one year after the 2003 winter bloom (Fig.
5.7). Conversely, when the initiation of bloom is delayed, food availability for Sardinella
larva is low and a higher proportion of larvae do not survive. This impacts recruitment
success, and consequently, the total catch in the following year. These results agree with
Kassi et al. (2018), who found that a large portion of the interannual variability observed
for the catch of Sardinella aurita in waters of the Ivorian Coast (West Africa) could be
attributed to the timing of phytoplankton bloom initiation in the previous year.
Additionally, Tzanatos et al. (2014) also observed a 1-year lag between the Landings per
Unit of Effort (LPUE) of several commercially important fish and squid species and Sea
Surface Temperature in the Mediterranean, and proposed that the impacts of warmer
conditions, may reduce phytoplankton biomass, and potentially affect fisheries landings
in the successive years.
We detected comparable relationships between bloom phenology and the total
landings of Squid spp., which are known to be a commercially and economically
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important fishery in the Red Sea (Fig. 5.7) (Sabrah et al., 2015). Although little is known
about the seasonal spawning dynamics of squid in the Red Sea, previous reports indicate
that spawning may occur between August – October in the Indian Ocean (Silas et al.,
1982). Therefore, years characterised by higher landings of Squid spp. may also be
attributed to increased food availability and higher recruitment success during the
spawning season of the previous year.

5.6. Conclusions

To the best of our knowledge, the analysis presented in this paper comprises the first
attempt to assess the linkages between the interannual variability of satellite-derived
ecological indicators and fisheries dynamics in the Red Sea. Using a two-component
phytoplankton size class model, re-parameterised for the Red Sea, we derived the Chl-a
concentration attributed to large phytoplankton (cells larger than 2 µm) and examined the
interannual variability of phenology metrics associated with this partitioned size class.
The phenology of larger phytoplankton size classes in the study region exhibits a
interannual variability, which can likely be explained by a combination of two physical
mechanisms that are known to influence the concentration of nutrients in the Northern
and Central Red Sea: 1) horizontal advection of nutrient-rich water masses from the Gulf
of Aden and redistribution of eddies; and 2) winter convective mixing in the
northernmost regions of the Red Sea. We revealed the occurrence of an anomalously long
winter phytoplankton bloom in the autumn/winter of 2002/2003, which was characterised
by a markedly earlier bloom initiation (~ 8 weeks earlier than average) and a substantially
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prolonged duration (~ 11 weeks longer). Spatial analysis of this event revealed that
mesoscale circulation features, predominantly the occurrence of a strong eddy dipole in
the Central Red Sea, increased nutrient availability that enhanced the growth of large
phytoplankton across the broader Northern and Central Red Sea. We stress that the
timing of food availability may directly impact the recruitment success of higher trophic
levels, as represented by the maximum catch of two commercially important fisheries
(Sardinella spp. and Teuthida) in the year following the blooming event of 2002/2003.
In regions where in situ datasets are scarce, satellite-derived ecological indicators
are likely to become essential for understanding the large-scale trophic dynamics of
marine ecosystems. The observed linkages between satellite-derived phytoplankton
phenology metrics and fisheries may serve as an early “warning system” (Jacobs et al.,
2020) where an anomalous alteration to bloom timing is an indication that the landings of
commercially important species may be impacted in the following year. This is important
for policy makers who are responsible for the development and implementation of
ecosystem management strategies.
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6. Conclusions and Future Work

The Red Sea, situated between the African and Asian continental plates, is a unique large
marine ecosystem. Despite being one of the warmest and saltiest oceanic regions on
Earth, the Red Sea is characterised by high levels of marine biodiversity and endemism
on account of the wide-ranging coral reef complexes, seagrass meadows and mangrove
forests situated along its’ coastlines. Thus, with the consideration that the Red Sea has
experienced rapid warming since mid-1990s (Raitsos et al., 2011), which has continued
until the present day, the basin may function as a “natural laboratory” that can be utilised
to elucidate the response of other marine ecosystems to future climate scenarios.
Ecological indicators are quantifiable metrics that can be utilised to assess the
response of ecosystems to environmental change (Platt and Sathyendranath, 2008). In the
case of the marine environment, a suitable choice of ecological indicator relates to the
amount of phytoplankton (autotrophic) biomass, which has essential impacts οn food web
structure, oceanic carbon regulation and climatic processes. Key ecological indicators in
the marine environment include phytoplankton abundance, phenology and size structure,
which are known to respond rapidly to environmental perturbations associated with
warmer climate scenarios. Thus, assessing the trends and variability of these ecological
indicators can provide important knowledge of ecosystem status.
Over the last decades, satellite-derived observations of phytoplankton biomass have
been acquired globally, at a high spatial resolution (< 1 km) and sampling frequency
(daily) that is not achievable using other oceanographic platforms. Thus, satellite remote
sensing allows synoptic observations of surface Chl-a concentration, which provides the
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basis to determine ecological indicators that characterise the state of marine ecosystems
at regional scales. In conjunction with satellite-based Earth observation, research cruises,
and autonomous robotic platforms such as Biogeochemical-Argo (BGC-Argo) profiling
floats, enable biogeochemical datasets to be systematically obtained from the surface and
deeper layers of the ocean interior that cannot be observed using satellite-based
approaches. Yet, prior to the research conducted during this PhD project, holistic
approaches that integrate datasets acquired from multiple ocean observation platforms for
the investigation of phytoplankton ecological indicators in the Red Sea were sparse.
The timing of phytoplankton growth period (phenology) can reverberate through
marine ecosystems, as the survival and fitness of organisms at higher levels of the food
web is dependent on the level food availability during their vulnerable larval stages (Platt
et al., 2003). Therefore, in this dissertation, we considered phytoplankton phenology to
be a useful ecological indicator that may reflect modifications to the regional physical
environment in the Red Sea. In Chapter 1, we revealed that phytoplankton phenology
metrics (i.e., the timing of bloom initiation and termination), derived from Chl-a time
series acquired from two separate oceanographic contemporary platforms (ocean colour
remote sensing and a BGC-Argo profiling float), corresponded markedly well in the
Northern Red Sea. In addition, remotely sensed surface signatures were representative of
vertical water column dynamics and were able to capture Chl-a variability related to the
onset of convective mixing during the winter period. Thus, the results of this proof of
concept analysis provided us with confidence in the use of satellite-derived phenology as
an ecological indicator in the Red Sea and paved the way for further research to be
conducted in the region (Chapter 2).
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Following the corroboration of satellite-derived estimates of phytoplankton
phenology, in Chapter 2 we investigated the response of phytoplankton bloom timing to
the rapid rates of warming detected in the Northern Red Sea. Using a combination of
remotely sensed and modelled datasets, our analysis revealed that warmer winter periods
are characterised by reduced atmospheric heat fluxes and increased water column
stratification, which inhibits nutrient availability in the region. As a consequence, we
observed a two-fold impact of rising temperatures on phytoplankton dynamics in the
Northern Red Sea: 1) a decrease in total phytoplankton abundance; and 2) changes in the
phenology of the annual winter phytoplankton bloom. Collectively, the first two chapters
of this dissertation revealed that under future warmer climate scenarios, there may be
modifications to the timing of phytoplankton growth in the Northern Red Sea, as well as
other typical tropical marine ecosystems where phytoplankton growth is primarily
dependent on nutrient availability. During periods of intense warming, such as marine
heatwaves (MHWs), we suspect that this could have far-reaching impacts on higher
trophic levels, and ultimately, commercial and artisanal fisheries that are an invaluable
economic resource in the Red Sea.
In Chapter 3, we retrieved and validated remotely sensed estimates of another
ecological indicator - phytoplankton size structure - in the Red Sea. Phytoplankton size
structure can have an important influence on marine food web structure, biogeochemical
cycling and carbon export in the oceans. For instance, small cells are thought to be
associated with recycled production, whilst larger cells are linked with export production
(Guidi et al., 2009). Large cells are also a food source for zooplankton, and tightly linked
to the transfer of energy through the marine food chain. Thus, phytoplankton size
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structure is also considered as a key ecological indicator in the marine environment.
Using an in situ pigment dataset acquired in the Red Sea, we-parameterised the twocomponent size class model of Brewin et al. (2015a) and applied it to remotely-sensed
Chl-a observations to infer Chl-a in two phytoplankton size classes, pico- (< 2µm), and
combined nano/micro-phytoplankton (> 2µm). The model re-parameterisation was
achieved using in situ High Performance Liquid Chromatography (HPLC) pigment
datasets obtained during various research cruises conducted in the Red Sea. Overall, the
results of Chapter 3 demonstrated that validated estimates of phytoplankton size structure
could successfully be retrieved in the Red Sea. Despite the small number of in situ
satellite matchups available (n=14), the statistical performance of the re-parameterised
model was comparable, and in some cases better, to what has been previously reported in
other areas of the global oceans. Access to reliable satellite-derived estimates of
phytoplankton size structure in the Red Sea is essential for understanding how
environmental perturbations may alter phytoplankton community structure, which
ultimately has implications for trophic relationships and ecosystem functioning (Chapter
4).
Following the successful re-parameterisation of the phytoplankton size class model,
we combined the methodological approaches outlined in Chapters 1-3, and attempted to
investigate the interannual variability of phenology metrics attributed to larger
phytoplankton size classes (the combined nano/micro-phytoplankton assemblage) in the
Northern and Central Red Sea. We focused on larger cells (e.g., diatoms) that constitute
the nano/micro-phytoplankton assemblage, as they typically comprise the base of food
chains that support fisheries resources. Although we attempted to keep the study regions
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consistent between the chapters, we note that a broader study region - the Northern and
Central Red Sea ecoregion (as defined by World Wildlife Fund and The Nature
Conservancy) was incorporated into this analysis, for the purpose of linking our findings
with available datasets of fisheries landings in the Red Sea. Despite the larger study area,
we observed similarities between the interannual variability of phenology metrics
associated with nano/micro-phytoplankton (timing of bloom initiation, duration and
termination), and the patterns of variability observed in Chapter 2. We attribute this to a
combination of previously reported physical mechanisms that are typically known to
influence phytoplankton phenology in the study region: 1) the strength of horizontal
nutrient transport from the Southern Red Sea during fluctuating phases of the
Multivariate El Niño Southern Oscillation, and 2) vertical mixing associated with
convection in the far Northern Red Sea (Chapters 1 and 2). Perhaps one of the most
interesting results of this analysis was the anomalously early, and prolonged bloom of
large cells that was detected in the winter of 2002/2003. This bloom initiated ~ 8 weeks
earlier than average, most likely due the presence of an eddy dipole in the Central Red
Sea, which increased nutrient availability via upwelling in the region. This event was
subsequently linked with substantially higher landings of two commercially important
species (Sardinella spp. and Squid spp.) in the following year. These results shed light on
the direct linkages between the timing of food availability, and the survival and
recruitment success of higher trophic levels in the Red Sea. Furthermore, the findings of
this study emphasize how ecological indicators can be effectively used to elucidate
relationships between phytoplankton size structure and fisheries, which may ultimately
be important for management strategies in the Red Sea.
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Overall, this dissertation has provided preliminary investigations on how validated
estimates of phytoplankton-based ecological indicators (abundance, phenology and size
structure) can be retrieved in the Red Sea using ocean colour remote sensing. We then
applied these ecological indicators and explored the mechanistic linkages between the
regional physical environment and phytoplankton variability, and how our findings may
have implications for higher trophic levels (Chapters 2 and 4). Yet, further work is
necessary in order to gain a deeper understanding on how climatic change may alter the
biological dynamics of the Red Sea. In the near future, research avenues may involve
efforts dedicated to the improvement and development of satellite ocean colour
algorithms as more in situ datasets become available in the Red Sea. This is essential for
gaining representative estimates of Chl-a concentration – the basis for determining
ecological indicators. Future efforts to improve the re-parameterisation of the abundancebased phytoplankton size class model (Chapter 3) would enable further partitioning of
phytoplankton into three size classes (pico-, nano- and micro-phytoplankton) and more
representative estimates of community structure in the Red Sea. We note that this
dissertation primarily focused on regions within the northern half of the Red Sea. Thus,
assessments on the retrieval and interannual variability of ecological indicators, are yet to
be conducted in the southern half of the Red Sea, which is typically more heterogeneous
and subject to more complex circulation dynamics due to it’s proximity to the Indian
Ocean.
Finally, over the next decades, we anticipate that more accurate spatiotemporal
fisheries datasets (such as Catch per Unit Effort and stock assessments), in both pelagic
and coastal ecosystems, will become available in the Red Sea. In conjunction with this,
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the launch of next-generation satellite sensors will enable the spatiotemporal distribution
of phytoplankton indicators to be resolved at a much finer spatial resolution. Hence,
future avenues of research will entail more long-term investigations (> three decades of
high resolution satellite datasets) on the phytoplankton ecological indicators (abundance,
phenology and size structure) analysed in this study. Consequently, these improved
datasets will enable a deeper understanding of ecosystem dynamics in more localized
regions of the Red Sea, including legislatively-defined regions like Marine Protected
Areas (MPAs) or regions characterised by a specific habitat type (e.g., coral reef
ecosystems, shallow islets, and lagoons).
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7. Additional Thesis Contributions

In addition to the work conducted for my PhD, I was also involved in other projects that
utilised ecological indicators to improve knowledge of biological dynamics in the Red
Sea For each project, a publication has been written. The full publications are provided in
Appendix 2.
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Knowledge on large-scale biological processes in the southern Red Sea is relatively limited,
primarily due to the scarce in situ, and satellite-derived chlorophyll-a (Chl-a) datasets. During summer, adverse atmospheric conditions in the southern Red Sea (haze and clouds)
have long severely limited the retrieval of satellite ocean colour observations. Recently, a
new merged ocean colour product developed by the European Space Agency (ESA)—the
Ocean Color Climate Change Initiative (OC-CCI)—has substantially improved the southern
Red Sea coverage of Chl-a, allowing the discovery of unexpected intense summer blooms.
Here we provide the first detailed description of their spatiotemporal distribution and report
the mechanisms regulating them. During summer, the monsoon-driven wind reversal modifies the circulation dynamics at the Bab-el-Mandeb strait, leading to a subsurface influx of
colder, fresher, nutrient-rich water from the Indian Ocean. Using satellite observations,
model simulation outputs, and in situ datasets, we track the pathway of this intrusion into the
extensive shallow areas and coral reef complexes along the basin’s shores. We also provide
statistical evidence that the subsurface intrusion plays a key role in the development of the
southern Red Sea phytoplankton blooms.

1. Introduction
The Red Sea is an elongated (~2250 km) oceanic basin situated between Asia and Africa. The
southern end of the basin is connected with the open Indian Ocean via the narrow strait of
Bab-el-Mandeb. As a result of its geographical position at subtropical latitudes, isolation, lack
of riverine input and low precipitation rates (2 cm / year), the Red Sea is one of the warmest
and most saline marine environments in the world [1]. Despite these extreme conditions, the
Red Sea accommodates one of the world’s largest coral reef complexes, while supporting an
ecosystem characterised by high endemism and biodiversity [2,3].
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There is a marked physicochemical gradient along the north-south axis of the Red Sea [4,5],
which has a profound impact on its biology [6]. The southern Red Sea coastal areas are characterised by shallow banks and turbid waters, and differ biologically from the rest of the basin, in
that they contain extended mangrove habitats, less developed coral reefs and an increased
presence of seagrasses and macroalgae [4,7]. Due to the proximity of the Bab-el-Mandeb strait
connecting it to the Indian Ocean, the southern Red Sea waters are less saline and more nutrient-rich [4,8,9]. This area is considered the most productive part of the Red Sea, where intense
phytoplankton blooms have been observed [6,10,11].
Phytoplankton form the base of the marine food chain and therefore play a crucial role in
marine ecosystems, including coral reefs [10]. The functioning of coral reef ecosystems relies
on these microscopic marine algae, which provide a source of food for many coral reef-associated organisms, including zooplankton, sponges, bivalves, and free-swimming larvae. Thus,
any changes in phytoplankton bloom timing or abundance may lead to trophic mismatch and
alter the functioning of marine ecosystems [12,13]. For example, a significant positive relationship between satellite-derived Chl-a (an index of phytoplankton biomass) and the recruitment
success of coral reef fish larvae has been reported in French Polynesia [14].
Previous studies using remotely-sensed measurements of Chl-a have suggested that the Red
Sea is a winter/spring blooming environment [6,15,16], although indications of summer
blooms have also been reported in the southern Red Sea [6]. An in situ study off the coast of
Jeddah in the central Red Sea also suggested that a summer phytoplankton bloom of cyanobacteria (Trichodesmium spp.) occurs between June and August [17]. Unfortunately, adverse
atmospheric conditions (haze and clouds) during this period have severely limited the retrieval
of satellite Chl-a data in this area and prevented further investigation [6,11]. Recently, Chl-a
data coverage in the southern Red Sea has been substantially improved by a new ocean colour
data product that combines observations from three different sensors: the European Space
Agency (ESA) developed Ocean Colour Climate Change Initiative (OC-CCI) [11].
A recent study using OC-CCI revealed that most of the reef-bound coastal waters of the
southern Red Sea experience high Chl-a concentrations during summer (at the onset of the
South Asian summer monsoon) [11]. Despite their importance, these summer blooms have
not been studied thoroughly and the mechanisms regulating them remain unknown. Using
the enhanced data coverage of the OC-CCI product, we assess the spatiotemporal distribution
of the southern Red Sea summer Chl-a concentrations and their links with the regional environmental conditions. To understand the physical processes triggering these blooms, we
explore the hypothesis of Churchill et al. [18] who proposed that a subsurface intrusion of
nutrient-rich water from the Gulf of Aden into the Red Sea during summer could play an
important biological role for the southern Red Sea ecosystem. Using remotely-sensed, modelled and in situ datasets, as well as climate indices, we investigate the link between the southern Red Sea summer phytoplankton blooms and the subsurface intrusion of the Gulf of Aden
Intermediate water (GAIW).

2. Methods
2.1 Datasets
2.1.1 Satellite Remote Sensing datasets. Monthly and 8-day Level 3 remotely-sensed surface Chl-a measurements from the OC-CCI dataset were acquired at a 4 km resolution. We
extracted the data over the Red Sea and the Gulf of Aden (Fig 1A) for the period 2000 to 2012
from www.esa-oceancolour-cci.org. This merged product—produced and validated by the
ESA—is the most complete and consistent time-series of multi-sensor global Chl-a data. It
combines datasets from the Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua,
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Fig 1. Schematic representation of the Red Sea, and percentage data coverage of satellite Chl-a data. a) Geographical locations in the Red
Sea. Delimitations of the southern Red Sea (south of 17˚N, blue dashed rectangle), and the western Gulf of Aden (west of 46˚E, green dashed
rectangle). The elongated pink rectangle represents the area over which the model outputs were averaged to obtain the vertical profiles (Fig 2). b)
MODIS percentage data coverage in monthly composites for July (2002–2012). c) Similar to b, but for OC-CCI merged sensor product data.
doi:10.1371/journal.pone.0168440.g001

the Sea-Viewing Wide Field-of-View Sensor (SeaWiFS), and the Medium Resolution Imaging
Spectrometer (MERIS). It has been corrected for bias and allows the retrieval of high-resolution Chl-a data with substantially improved coverage in the southern Red Sea region [11,19].
To display the improved data coverage between single sensors and the OC-CCI dataset, we
compared OC-CCI data with MODIS Level 3 Chl-a data. Monthly composites for the period
2000 to 2012 were downloaded from the NASA OceanColor archive website (oceandata.sci.
gsfc.nasa.gov). Regarding the MODIS dataset, the presence of clouds and haze during summer
has resulted in very few observations over the southern Red Sea (Fig 1B). Indeed, the MODIS
sensor appears to have severe issues in retrieving measurements of Chl-a during July (2002 to
2012; Fig 1B). One advantage of the OC-CCI dataset is the improved spatial and seasonal coverage in the Gulf of Aden and Red Sea (Fig 1C), which permits the investigation of summer
Chl-a variability in the southern Red Sea. Overall, the average percentage data coverage for
July (2002–2012) in the southern Red Sea (blue-box area average, Fig 1A) increased from ~5%
for MODIS to ~64% for CCI.
Sea surface temperature (SST, ˚C) is an important parameter for studying phytoplankton
dynamics. In tropical seas, like the Red Sea, colder SST can be indicative of upwelled nutrientrich waters [6]. Here, we used a Level 4 (gap-free), blended dataset that merges day and night
SST from the Advanced Very High Resolution Radiometer (AVHRR) [20]. The data have been
corrected with in situ observations (acquired from buoys and ships), and mapped on a
0.25˚x0.25˚ resolution grid using optimal interpolation [21]. Monthly and daily aggregates for
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the period 2000 to 2012 were obtained from podaac.jpl.nasa.gov. The daily SST aggregates
were then averaged over the same 8-day periods as those of the remotely-sensed Chl-a dataset.
2.1.2 Potential bias in remotely-sensed ocean colour observations. Large areas in the
southern Red Sea are optically complex, in that they may contain suspended sediments, yellow
substances, particulate matter, and/or coloured dissolved organic matter that do not covary in
a predictable manner with Chl-a, thus limiting the application of remotely-sensed data [22]. In
addition, the southern Red Sea has extended areas with shallow bathymetry, where the Chl-a
signal may be obscured by the effect of seafloor reflectance [22]. A combination of these factors
can result in an overestimation of Chl-a in the southern Red Sea [6,11,19]. However, validation
studies using a suite of univariate statistical tests have shown a reasonable agreement between
satellite-derived and independent in situ Chl-a data in the Red Sea with a relative root mean
square error of 46% compared to 77% for the global ocean [23,24]. In addition, further recent
validation studies [11,19] have specifically evaluated the performance of ocean colour data in
shallow, reef-bound coastal waters in the Red Sea. Their performance over these areas (Pearson
correlation coefficient r = 0.82) was found to be comparable to results observed in deeper
ocean waters (r = 0.84), indicating that the use of ocean colour data is appropriate to study the
relative increase of biological activity in the broader southern Red Sea during summer. The
scope of the current study is to assess the general phytoplankton spatiotemporal variability at
the southern part of the basin, regardless of absolute concentrations.
2.1.3 Climate Indices. It is well documented that the seasonal monsoon winds regulate
the winter Red Sea phytoplankton by enhancing the influx of nutrient-rich Gulf of Aden surface water [6,15,16]. In this study, we use the Indian monsoon index (IMI) (apdrc.soest.hawaii.
edu/projects/monsoon/seasonal-monidx.html)—which has been linked to the air-sea heat
exchange in the Red Sea [25]—to investigate whether the strength and variability of the South
Asian monsoon regulates Chl-a concentrations in the southern Red Sea during summer. The
index is defined as the difference in zonal winds (at 850 hPa) between two regions over the
Indian Ocean and Northern India (5˚-15˚N, 40˚-80˚E and 20˚-30˚N, 70˚-90˚E) [26]. Daily values were acquired and aggregated to construct monthly and 8-day (corresponding to those of
OC-CCI and SST) averaged time series for the period 2000 to 2012 (apdrc.soest.hawaii.edu/
projects/monsoon/realtime-monidx.html). We also considered the use of the multivariate ElNiño southern oscillation index (MEI, www.esrl.noaa.gov/psd/enso/mei/). Despite its usefulness in describing the relationship between warmer global climate phases and higher Chl-a
concentrations during winter [15], we found that the MEI was not significantly related to
southern Red Sea Chl-a during summer.
2.1.4 Research cruise datasets. We used available in situ measurements of salinity and
nutrients (NO3+NO2) acquired from Leg 1 of the King Abdullah University of Science and
Technology (KAUST) 2011 Red Sea Expedition (R/V Aegaeo, September 15–October 10).
Samples were taken at 206 stations along 20 transects across the Red Sea basin (between 17˚N
and 28˚N). Further details regarding the data collection and processing are provided by Churchill et al. [18]. To show the intrusion of nutrient-rich water from the Gulf of Aden, we calculated the averages of salinity and nutrient in situ measurements in cells of one-degree latitude
width and centered at approximated depths of 5, 10, 25, 50, 75, 100, 150, and 200 m. This division of the depth–latitude profile allowed us to obtain meaningful profiles of nutrients and
salinity without data gaps (see Fig 2E and 2F).
2.1.5 Modeled datasets. Outputs from a high resolution (~1.8 km) general circulation
ocean model were used to compute the climatological profiles of salinity and temperature. The
model was specifically configured to study of the general circulation of the Red Sea and presented in Yao et al. [27,28]. The hydrodynamics were simulated using the MIT General Circulation Model (MITgcm) over a 50-year period between 1952 and 2001. The model domain
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Fig 2. Vertical profiles of model outputs and in situ ship-borne observations, depicting the summer influx of colder, fresher, and
nutrient-rich intermediate water masses (GAIW) into the southern Red Sea. a) and b) Profiles of temperature and salinity climatologies
during winter (Jan-Feb), obtained from the MITgcm circulation model, and averaged over the transect indicated in Fig 1A. c) and d) Similar
profiles for the summer period (Jul-Aug). e) and f) In situ measurements of nutrient concentrations and salinity during the summer 2011,
aggregated in cells of one-degree width and centered at approximate depths of 5, 10, 25, 50, 75, 100 and 200 m (marked by black diamonds
on the y-axis).
doi:10.1371/journal.pone.0168440.g002

covers the entire Red Sea (including the Gulf of Suez and the Gulf of Aqaba) and part of the
Gulf of Aden. The bathymetry was derived from the ETOPO2 dataset. The model was forced
with 6 hourly atmospheric data from the NCEP/NCAR 40 year reanalysis 1 project (NCEP)
[29], while open boundary conditions in the Gulf of Aden were specified by the reanalysis of
the Estimation of the Circulation and Climate of the Ocean (ECCO) consortium [30]. The
simulation was initialized from a state of rest using annual mean temperature and salinity
from the World Ocean Atlas 2013 [31,32]. The model employed a 10-year spin up period,
using the atmospheric conditions of 1952. The results and validation of these simulations were
presented in Yao et al. [27,28]. Of specific interest for the current study, the seasonal exchange
flow patterns and the volume transports at the strait of Bab-el-Mandeb, as well as the structure
of the intruding flow, were found to be robust features of the 50 year run and consistent with
available observations [27]. The model outputs have also been used to study the seasonal
[27,28] and eddy [33] variability in the Red Sea.
Atmospheric forcing plays a key role in the Red Sea: they govern the air-sea heat fluxes [34]
and the deep ventilation of this area, thus significantly influencing phytoplankton biomass
[34,35]. Previous research has also suggested that the monsoon wind regime is an important
factor governing phytoplankton biomass in the Red Sea [6,15,16]. Monsoon winds have been
shown to be critical drivers of phytoplankton seasonal variability in other subtropical areas
such as Sanya Bay (South China Sea), where the occurrence of summer and winter blooms correspond to monsoon winds [36]. Wind fields from a high resolution, downscaled assimilated
product [37,38] were used to analyse the atmospheric variability, since it provides higher resolutions compared to publicly available wind datasets and assimilates all available in situ data in
the region. The atmospheric product was developed at KAUST by the Earth Modeling and prediction group, using the Advanced Research–Weather Research and Forecasting atmospheric
model [39]. The atmospheric model was designed with two-way interactive nested domains of
30 and 10 km horizontal resolutions and 35 vertical levels. The inner domain (10 km) covers
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the Red Sea and adjacent regions. The initial and boundary conditions were obtained from the
NCEP Final Analysis (FNL) product. Observations from the NCEP Atmospheric Data Project
[40] were assimilated every 6 hours using a consecutive integration approach [41]. The consecutive integration approach uses the forecast as the background in the next assimilation cycle.
This provides improved initial conditions for the next integration period, in which the model
runs in a free forecast mode. Further details on the experimental design and methodology as
well as on the performance of the analysis product are provided in Viswanadhapalli et al. [38].
In this study the surface variables are extensively validated with all available observations at different time scales, while regional climatic characteristics are discussed and validated with FNL
and different satellite products. Analysis of mean seasonal and monthly winds show that the
model accurately reproduces the impact of southwest Indian monsoon flow during summer
months. Recent successful applications of this product on Red Sea waves [37,42] and on farfield dispersion of concentrate discharges along the Saudi coast of the Red Sea [43] further support the relevance of this dataset for studying regional climatic characteristics.

2.2 Data Analysis
One difficulty associated with the visualization of Chl-a in the Red Sea is the order-of-magnitude variation in annual concentration between the oligotrophic North and the mesotrophic
South. This impedes a proper appreciation of the difference in seasonal dynamics between
these two areas as well as the spatial propagation of Chl-a. Thus, to compare the seasonal variability of Chl-a in different regions of the Red Sea, we computed the ratio between monthly climatologies and the annual climatology over the 12 years of data available. This allowed us to
identify regions where higher Chl-a concentrations occur during a given month. Furthermore,
because the statistical distribution of Chl-a data points tends to be skewed towards higher values (Chl-a data is generally log-normally distributed [23]) and outliers can influence the mean
considerably, climatologies were computed using the median.
We produced annual averages of summer (May-August) Chl-a, SST, wind regime and IMI
for the southern Red Sea from 2000 to 2012 and used them to compute correlation maps. Chla–SST (Fig 3A) correlations were computed on a pixel-per-pixel basis; to obtain a high-resolution map, SST data were projected on the Chl-a grid using the bilinear interpolation method.
Correlations shown in Fig 3B–3D were calculated between individual pixels of Chl-a and,
respectively, SST individual pixels, the IMI time series and the wind regime. The wind regime
was defined as the average of the wind speed in the southern Red Sea (defined as the area
below 17˚N) and the western Gulf of Aden (west of longitude 46˚E, Fig 1A) and represents the
strength of the Arabian summer monsoon.
To explore the relative importance of environmental variables, we constructed linear models that predict the 8-day averaged log-concentrations of Chl-a in the southern Red Sea (bluebox area average, Fig 1A) during summer (May to August). The 8-day averaged IMI, wind
speed and SST data were used as predictors in the models. SST and wind speed were averaged
in the southern Red Sea and the Gulf of Aden (blue- and green-box area averages, respectively,
Fig 1A). The regional wind speed and IMI (which accounts for the general pattern of the monsoon winds) were used, since the monsoon winds are the main drivers of upwelling in the Gulf
of Aden, which in turn generates the intrusion of nutrient rich water in the southern Red Sea.
SST was included in the model, as colder waters in oligotrophic tropical seas are generally
indicative of increased nutrient concentrations. Temporal lags of zero, one and two 8-day periods were considered between the predictors and Chl-a concentrations. The performance of
the models was evaluated using a cross-validation approach [44]. One year of data was omitted
before fitting the model, and was used to compute the corresponding root-mean-square error
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Fig 3. Spatial correlations between Chl-a, SST, wind regime, and IMI in the southern Red Sea during summer. a) Chl-a and
wind regime. b) Chl-a and IMI. c) Chl-a and SST. d) SST and wind regime. The wind regime is defined as the averaged wind speed
in the southern Red Sea (below 17˚N) and the western Gulf of Aden (west of 46˚E). The critical correlation value for a p<0.05
significance level with 11 degrees of freedom is r = 0.55.
doi:10.1371/journal.pone.0168440.g003

(RMSE). The averaged RMSE was used to compare the linear model to a climatological prediction. To perform the variable selection and the linear model fitting, we used the lasso regression, a regularized variation of the multivariate linear regression [44]. The lasso regression is a
method of variable selection and regularization that forces coefficients which are below a specified threshold to be zero. The objective is to obtain a model that is both simpler to interpret
and has better prediction accuracy compared to the classical linear regression.
In the few cases of data gaps (missing pixels) in the Chl-a time-series datasets, the missing
values were replaced by the climatological means (based on the 13-year climatology). For the
correlation maps, the missing values in the pixel time series were discarded before the correlation computation.

3. Results and Discussion
3.1 Chlorophyll distribution in the southern Red Sea
The recent development and availability of the OC-CCI data product has enabled us to provide
a complete description of the southern Red Sea Chl-a concentrations (Fig 1B and 1C) and to
reveal the presence of unanticipated intense summer phytoplankton blooms in the southern
Red Sea. These blooms exhibit distinct phenological characteristics: they initiate in May, peak
in July, and cease in September (Fig 4A). The seasonal climatology also shows that Chl-a concentrations are approximately 250% higher during summer in comparison to winter (i.e. ~5
mg / m3 in July against ~2 mg/m3 in January). Fig 4B displays the average concentration of
Chl-a during the summer period (May-August, 2000–2012). The summer concentrations are
markedly higher in the southern Red Sea, particularly around the Al-Lith, Farasan and Dahlac
regions (Fig 4B). However, since the north-south gradient of Chl-a concentration is a well
known feature of the Red Sea biology [4,6], we computed the ratio between Chl-a in July and
annual climatologies to specifically highlight the summer-blooming regions (Fig 4C, see section 2.2 of methods for details). Overall, the southern Red Sea experiences substantially higher
Chl-a concentrations during July compared to the rest of the year. These high summer concentrations occupy a large part of the southern basin, and are particularly pronounced around the
eastern shore and Dahlac islands (Fig 4B and 4C).
The 8-day ratio maps computed between 2003 and 2011 (S1 File) show that the summer
bloom generally initiates at the end of May/beginning of June in the coastal areas around AlLith and the Farasan archipelago. The bloom rapidly expands to the rest of the southern Red
Sea, rarely extending beyond 19˚N. The distribution of Chl-a exhibits considerable temporal
variability during the summer blooming period: Chl-a concentrations tend to reach a maximum in July and terminate in August but the termination date can vary between July and
September.
Although Raitsos et al. [6] did observe traces of elevated summer Chl-a using MODIS data,
its full extent was not anticipated due to the sparseness of satellite Chl-a measurements at that
time. A brief temporal analysis of OC-CCI data by Racault et al. [11] revealed that many reefbound areas of the southern Red Sea experience intense summer phytoplankton blooms that
are even stronger than the winter ones. Considering the oligotrophic nature of the Red Sea,
our analysis of the Chl-a spatiotemporal distribution suggests the existence of a local physical
mechanism, capable of supplying sufficient amounts of nutrients to initiate and maintain the

PLOS ONE | DOI:10.1371/journal.pone.0168440 December 22, 2016

8 / 20

The Gulf of Aden Intermediate Water Intrusion Regulates the Southern Red Sea Summer Phytoplankton Blooms

PLOS ONE | DOI:10.1371/journal.pone.0168440 December 22, 2016

9 / 20

The Gulf of Aden Intermediate Water Intrusion Regulates the Southern Red Sea Summer Phytoplankton Blooms

Fig 4. Spatiotemporal distribution of remotely-sensed OC-CCI Chlorophyll in the Southern Red Sea
(2000–2012). a) Monthly climatology of Chl-a averaged in the southern Red Sea (blue-box area average, Fig 1A).
The red circular datapoints represent the individual months (2000–2012), while the grey shadow depicts the 90%
confidence intervals of the climatology. b) Spatial distribution of Chl-a during summer; calculated based on monthly
climatologies (May to August). c) Ratio of July to annual Chl-a observations, highlighting the higher concentrations
of Chl-a in the southern Red Sea during July; computed from monthly composites between 2000 and 2012.
doi:10.1371/journal.pone.0168440.g004

blooms. Thus, to understand the southern Red Sea phytoplankton dynamics, it is necessary to
investigate the physical processes that facilitate nutrient availability in this region.

3.2 Input of nutrient-rich water in the southern Red Sea
3.2.1: Intrusion of nutrient-rich water masses from the Gulf of Aden. The Red Sea is an
oligotrophic and highly stratified large marine ecosystem, which mainly relies on its connections with the open ocean for nutrient supply. The only significant water-mass exchange
occurs between the Red Sea and the Indian Ocean through the narrow strait of Bab-el-Mandeb. The exchange during winter is that of a typical inverse estuarine circulation; there is an
inflow of fresher (less saline) surface water from the Gulf of Aden and a sub-surface outflow of
warm, more saline water (Fig 2A and 2B) [8,18,27,45]. During winter, the prevailing winds are
orographically constrained to blow northwards over the southern Red Sea, facilitating the
intrusion of nutrient-rich surface water from the Gulf of Aden [8,18,27,45].
During summer, the monsoon winds reverse their direction (southwards) in the southern
part of the Red Sea, driving an outflow of Red Sea surface water [27,46]. Outside the Red Sea,
in the western Gulf of Aden, a corresponding reversing of the prevailing winds (from westward
to eastward) is at the origin of an intense upwelling [27,46–48]. Both phenomena (the Red Sea
surface outflow and the upwelling in the Gulf) induce the influx of an intermediate water mass
from the Gulf of Aden into the Red Sea, known as the Gulf of Aden Intermediate water
(GAIW) [27]. In the Gulf of Aden, this water mass is characterized by a low-salinity nutrientrich layer between 120 m and 420 m depth [49]. Following the wind-induced upwelling in the
Gulf of Aden, the core of the GAIW shallows by at least 50 m, facilitating its intrusion into the
Red Sea [27,47,49]. The GAIW is nutrient–rich, in contrast to the nutrient-depleted ambient
Red Sea waters [50]. As the GAIW enters the Red Sea, it is sandwiched between outflows of
surface and deep Red Sea water. Based on direct observations, Sofianos et al. [51] estimated
that the GAIW intrudes at a rate of 0.3 Sv during the peak of the three-layer exchange at the
strait, thus making a significant contribution to the water mass distribution in the area. The
three-layer circulation pattern lasts from June to September (during the summer monsoon)
[28]. The presence of this phenomenon, during the stratified nutrient-depleted season, could
thus provide an important source of nutrients.
Simulations of circulation models indicate that the main part of the GAIW intrusion can
reach up to ~16˚N in July-August (Fig 2C and 2D). In situ salinity and nutrient datasets also
show a distinct stream of fresher, nutrient-rich water extending up to 19˚N (Fig 2E and 2F). At
~75 m depth, the nutrient concentrations (NO3+NO2) in the GAIW reached values higher
than 10 μmol/l, while salinity was in the range of 37–38 psu (compared to 39 psu for surface
water).
Based on in situ measurements of nutrients and velocity fields, acquired at ~66 m depth in
September 2011 (Fig 5A, updated from [18]), the nutrient–rich GAIW appears to flow northward, along the Al-Lith banks on the eastern shore (between 17˚N and 18˚N) [18,27]. To
examine this circulation spatially, we display model simulations of salinity and temperature at
65 m depth for the same month (Fig 5B and 5C). Evidently, a layer of fresher and cooler water
intrudes into the Red Sea (via the Bab-el-Mandeb strait), and moves northwards towards the
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Fig 5. In situ nutrient an velocity observations and model outputs of temperature and salinity a) In situ
measurements of nutrient concentrations and mean velocity vectors at ~66m depth during September 2011;
reprinted and adapted with permission from [18]. b) and c) September climatological salinity and temperature at
65m depth, calculated from the MITgcm circulation model.
doi:10.1371/journal.pone.0168440.g005

shallow areas around the Dahlac and Farasan islands. Above 17˚N, the flow is deviated by an
anticyclonic eddy and ends around 19˚N. Between 17˚N and 19˚N, the simulated temperature
and salinity data (Fig 5B and 5C) and the in situ measurements of nutrients (Fig 5A) show a
remarkable agreement on the pathway of the intrusion; the GAIW travels northward along the
shallow areas of the eastern shore and intrudes in the shallow coral reef areas, delivering nutrients to the local ecosystems. This northward propagation along the eastern side (intrusion
path) is clearly evident in the track of higher Chl-a concentrations (Fig 4C).
3.2.2: Interactions and mixing of GAIW with ambient water masses at the Southern
Red Sea. To further elucidate the pathways of the GAIW in the Red Sea, we display the simulated minimum salinity for the layers between 0 m and 100 m depth (Fig 6A). The depth at
which this minimum salinity occurs is displayed in Fig 6B. The lowest salinity values, observed
at depths between 50 m and 65 m, are representative of the core of the GAIW entering the
basin. The model clearly depicts the mixing of fresher waters into the shallow coral reef areas
around the Farasan islands. Churchill et al. [18] suggested that complex interactions occur
between the GAIW stream and coral reefs on the eastern side of the Red Sea. The model simulations reveal that the intrusion of the GAIW in the shallow areas of the Dahlac and Farasan
islands takes place between 15˚N and 17˚N (Fig 6B). The observed higher salinity values
around the Farasan islands (compared to the main intrusion path) may be attributed to mixing
between the GAIW and the ambient water masses, intensified by the shallow and complex
bathymetry of this region.
The seasonal climatology of remotely-sensed SST provides further evidence of mixing
occurring between the GAIW and the surface layers (Fig 7A). A noticeable decrease in SST
occurs around the Farasan islands between June and August, whereas temperatures generally
increase in the rest of the southern Red Sea. Overall, the regions experiencing a decrease (or a
slight increase) in SST between June and August (Fig 7B) correspond to the regions of high
Chl-a observed off the eastern shore (Fig 4B and 4C). They also coincide with the pathway followed by the GAIW intrusion along the eastern shore up to ~19˚N, further supporting the
notion that mixing occurs between the GAIW and shallow waters near the Farasan islands and
Al-Lith banks. It is thus evident that areas characterized by regionally colder SST are associated
with higher Chl-a concentrations, implying the transfer of nutrients to the upper layers due to
mixing processes.
In this section, we used simulated temperature and salinity data, to provide a complete
description of the pathway of the GAIW intrusion and its mixing within the coral reef systems
surrounding the Dahlac and Farasan islands. Remotely-sensed SST data confirm that the
GAIW mixes with surface water along the eastern shore, whilst spatial maps of Chl-a reveal the
occurrence of phytoplankton blooms along the pathway of intrusion. It is therefore highly
likely that the GAIW intrusion plays a key role in facilitating regional phytoplankton blooms.

3.3 Interannual variability of phytoplankton blooms in relation to the
physical environment
3.3.1 Correlations between Chl-a and environmental parameters. In an attempt to clarify the relationship between the summer phytoplankton blooms in the southern Red Sea and
the GAIW intrusion, we further examine the Chl-a interannual variability in relation to
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Fig 6. Southern Red Sea simulated minimum salinity between 0m and 100m depth. a) September climatology of the lowest salinity values
observed between 0m and 100m depth—calculated from the MITgcm circulation model, and b) the depth at which these minimum salinity values
occur.
doi:10.1371/journal.pone.0168440.g006

selected environmental variables. Specifically we examine the spatial correlations between
summer (May–August) averages of Chl-a, SST, wind speed and the IMI (see methods in section 2.2). SST variability allows us to explore the relationship between the presence of colder
waters (which are potentially richer in nutrients) and higher Chl-a concentrations. Analysis of
the relationship between Chl-a and wind intensity (and Chl-a and IMI) allows us to infer the
influence of wind-driven mechanisms.
The positive correlations between the average regional wind speed and the summer Chl-a
(evident across most of the southern Red Sea, Fig 3A) highlight the persistent relationship
between the wind regime and summer phytoplankton blooms. The interaction between the
wind regime and Chl-a is coherent with the proposed mechanism that links wind intensity, the
GAIW intrusion and phytoplankton activity; intense surface winds tend to increase the
strength of the intrusion of nutrient-rich GAIW. High positive correlations between Chl-a and
the IMI are also observed during summer, along the path of the GAIW intrusion from the
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Fig 7. Summer SST climatology in the southern Red Sea, displaying evidences of cooling along the GAIW intrusion pathway. a)
Average SST difference between June and August (2000 to 2012), depicting a cooling of surface waters on the eastern shore of the southern
Red Sea. b) SST monthly climatologies (solid lines) and individual monthly datapoints (solid circles), from 2000 to 2012 for the following
regions (displayed in panel a): the rectangles represent areas in Farasan archipelago (red), central southern Red Sea (blue), and Dahlac
archipelago (green).
doi:10.1371/journal.pone.0168440.g007

Bab-el-Mandeb strait to the Farasan islands (Fig 3B). These results further highlight the relationship between the local environment and the Arabian monsoon dynamics, through the teleconnection of the local wind regime.
Significant negative correlations are also observed between averaged summer SST and Chla (Fig 3C, r = -0.57, p < 0.05, based on blue-box area average [Fig 1A]). This is particularly evident in areas where high Chl-a concentrations occur, such as the Farasan/Dahlac archipelagos
and the Al-Lith bank (below 17˚N), and where mixing occurs along the eastern shore, as
revealed from the climatology analysis of remotely-sensed SST data (Fig 7A). Thus, it is evident
that the intrusion of GAIW in the shallow areas and the transfer of nutrients to the upper layers through mixing are typical features of the GAIW pathway.
Strong negative correlations are also evident between SST and wind speed in areas of the
southern Red Sea that experience enhanced Chl-a concentrations (Fig 3D). The correlations
are strongest along the eastern shore, close to the Farasan islands, where a large decrease in
SST is observed during summer (Fig 7B). The spatial pattern of the correlation between SST
and wind intensity coincides with the pathway of GAIW into the Red Sea and the high Chl-a
concentrations, and thus links the two processes: the wind-regulated intensity of the nutrientrich GAIW intrusion and the local processes that may supply the available nutrients to the
upper layers.
Collectively, the results of the correlation analysis support the hypothesis that the intrusion
of nutrient-rich GAIW in the southern Red Sea contributes to the formation of large summer
phytoplankton blooms; stronger monsoon winds enhance the upwelling in the western part of
the Gulf of Aden, which subsequently enhances the GAIW influx into the southern Red Sea
[46,51]. The GAIW intrudes into the shallow coral reef areas where it interacts with ambient
water masses (as hypothesised by Churchill et al. [18]) and reaches the surface layers. As
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evidenced by the corresponding reduction of SST (Fig 7), this interaction supplies the surface
waters with nutrients, enhancing phytoplankton growth. These interactions are more pronounced in the reef complexes along the eastern shore (i.e. along the pathway of the intrusion
along the eastern shore of the southern Red Sea [18,27]).
3.3.2 Predictive model of weekly Chl-a concentrations. To assess the relative importance
of different environmental variables (wind, IMI, and SST) on Chl-a concentrations, linear
models were fitted to predict the weekly averaged Chl-a in the southern Red Sea. The lasso
regression (see methodology for further information) was used to select the most explanatory
variables. The parameters that showed significant correlations with Chl-a were used as predictors in the model: SST, wind speed and the IMI. Wind speed was averaged in the southern Red
Sea and in the Gulf of Aden (blue- and green-box area averages respectively, Fig 1A), while
SST was averaged in the southern Red Sea only. The variables were taken with lags of zero, one
or two 8-day periods.
Among the variables used in the regression analysis, the final model selected the averaged
wind speed over the Gulf of Aden and the IMI (with a lag of 1 week) to be the most important,
explaining 52% of Chl-a variability (Fig 8A and 8B). The resulting 2-dimensional model is displayed in Fig 8C. It is evident that Chl-a concentrations increase in response to stronger monsoonal winds (as indicated by IMI) and regional winds (over the Gulf of Aden), both of which
drive the regional upwelling in the Gulf of Aden. The model selection of the wind over the
Gulf of Aden instead of the wind over the southern Red Sea suggests that the effect of monsoonal winds on the upwelling dominates over local wind effects. The elimination of the averaged wind speed in the southern Red Sea does not exclude a possible impact of local winds on
the nutrient supply to the upper layers, through vertical mixing or upwelling in the region.
However, local mixing/upwelling in the absence of GAIW, would not produce the same
effects, since ambient water masses at similar depths in the Red Sea have significantly lower
nutrient concentrations (Fig 2). The 8-day period lag between IMI and Chl-a reflects the spatial distance between the Red Sea and the locations where the index is calculated (between the
Indian Ocean and northern India). The elimination of SST by the model can be attributed to
the fact that the variability is mainly driven by the monsoon reversal and intense regional
winds.
Finally, although the relationships Chl-a–IMI (Fig 8A), and Chl-a–wind speed (Fig 8B)
appear slightly exponential, we did not find statistical evidence of nonlinear relationships
between the predictors and Chl-a (after fitting a generalized additive model [44]). To show the
existence of such nonlinearities, additional data or a more sophisticated model is required.

4. Conclusion
Previous attempts to assess satellite-derived summer phytoplankton biomass in the southern
Red Sea have been constrained by the persistent presence of clouds, which severely limits the
available number of observations [6]. Using a recently developed multi-sensor dataset
(OC-CCI), with significantly improved data coverage, we provided the first complete description of the spatiotemporal distribution of previously reported intense phytoplankton blooms
in the southern Red Sea [11]. These blooms, which are more intense than the winter blooms,
generally begin in May, peak in July and cease between August and September. They first
appear in the shallow areas close to Al-Lith and the Farasan islands and then rapidly expand to
the rest of the southern Red Sea (south of 19˚N).
The southern Red Sea phytoplankton blooms are regulated by the circulation patterns at
the Bab-el-Mandeb strait. The reversal of the Asian summer monsoon facilitates the intrusion
into the southern Red Sea of an intermediate layer of colder, fresher, nutrient-rich water from
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Fig 8. Statistical models of summer Chl-a averages over the southern Red Sea. a) Linear regression model of weekly Chl-a using IMI with a
one-week lag as predictor. b) Linear regression model of weekly Chl-a using the wind speed averaged in the Gulf of Aden (west of 46˚E) as
predictor. c) Multivariate linear regression surface (white plane) of weekly Chl-a with the final predictors of wind speed and IMI. Positive and
negative model errors on the data are represented with red and blue lines respectively. The solid black circles represent the datapoints.
doi:10.1371/journal.pone.0168440.g008

the Gulf of Aden [18,27]. Using in situ and simulated datasets, we show that this intermediate
water generally travels northward, mostly along the eastern shore of the basin, and intrudes
into the shallow areas around the Dahlac and Farasan islands. This nutrient-rich water mass
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then mixes with the ambient waters of the coral reef systems surrounding the Dahlac and Farasan islands, as shown by remotely sensed SST and Chl-a datasets. Our statistical analysis is consistent with the hypothesis that the combination of the aforementioned physical mechanisms
regulates the supply of the euphotic zone with nutrients, leading to intense summer phytoplankton blooms in the southern Red Sea. This is the first attempt to describe and explain
these summer blooms (as seen from space), and further multidisciplinary approaches (using in
situ, modeled and remotely-sensed observations) are needed to identify nutrient pathways and
study their impact on the marine algae of the Red Sea.
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Kürten B, Al-Aidaroos AM, Struck U, Khomayis HS, Gharbawi WY, Sommer U. Influence of environmental gradients on C and N stable isotope ratios in coral reef biota of the Red Sea, Saudi Arabia. J Sea
Res. 2014; 85: 379–394.

6.

Raitsos DE, Pradhan Y, Brewin RJW, Stenchikov G, Hoteit I. Remote sensing the phytoplankton seasonal succession of the Red Sea. PloS ONE. 2013; 8: e64909. doi: 10.1371/journal.pone.0064909
PMID: 23755161

7.

Spalding MD, Ravilious C, Green EP. World atlas of coral reefs. University of California Press; 2001.

8.

Triantafyllou G, Yao F, Petihakis G, Tsiaras KP, Raitsos DE, Hoteit I. Exploring the Red Sea seasonal
ecosystem functioning using a three-dimensional biophysical model. J Geophys Res-Oceans. 2014;
119: 1791–1811.

9.

Kürten B, Al-Aidaroos AM, Kürten S, El-Sherbiny MM, Devassy RP, Struck U, et al. Carbon and nitrogen stable isotope ratios of pelagic zooplankton elucidate ecohydrographic features in the oligotrophic
Red Sea. Prog Oceanogr. 2016; 140: 69–90.

10.

Longhurst AR. Ecological geography of the sea. 2nd ed. Academic Press; 2007.

11.

Racault M-F, Raitsos DE, Berumen ML, Brewin RJW, Platt T, Sathyendranath S, et al. Phytoplankton
phenology indices in coral reef ecosystems: Application to ocean-color observations in the Red Sea.
Remote Sens Environ. Elsevier B.V; 2015; 160: 222–234.

12.

Edwards M, Richardson AJ. Impact of climate change on marine pelagic phenology and trophic mismatch. Nature. 2004; 430: 881–884. doi: 10.1038/nature02808 PMID: 15318219

13.

Platt T, Fuentes-Yaco C, Frank KT. Spring algal bloom and larval fish survival. Nature. 2003; 423: 398–
399.

14.

Lo-Yat A, Simpson SD, Meekan M, Lecchini D, Martinez E, Galzin R. Extreme climatic events reduce
ocean productivity and larval supply in a tropical reef ecosystem. Global Change Biol. 2011; 17: 1695–
1702.

15.

Raitsos DE, Yi X, Platt T, Racault M-F, Brewin RJW, Pradhan Y, et al. Monsoon oscillations regulate fertility of the Red Sea. Geophys Res Lett. 2015; 42.

PLOS ONE | DOI:10.1371/journal.pone.0168440 December 22, 2016

18 / 20

The Gulf of Aden Intermediate Water Intrusion Regulates the Southern Red Sea Summer Phytoplankton Blooms

16.

Acker J, Leptoukh G, Shen S, Zhu T, Kempler S. Remotely-sensed chlorophyll a observations of the
northern Red Sea indicate seasonal variability and influence of coastal reefs. Journal of Marine Systems. 2008; 69: 191–204.

17.

Shaikh EA, Roff JC, Dowidar NM. Phytoplankton ecology and production in the Red Sea off Jiddah,
Saudi Arabia. Mar Biol. 1986; 92: 405–416.

18.

Churchill JH, Bower AS, McCorkle DC, Abualnaja Y. The transport of nutrient-rich Indian Ocean water
through the Red Sea and into coastal reef systems. Journal of Marine Research. 2014; 72: 165–181.

19.

Brewin RJW, Raitsos DE, Dall’Olmo G, Zarokanellos N, Jackson T, Racault M-F, et al. Regional oceancolour chlorophyll algorithms for the Red Sea. Remote Sensing of Environment. 2015; 165: 64–85.

20.

National Climatic Data Center. GHRSST Level 4 AVHRR_OI Global Blended Sea Surface Temperature
Analysis. 1st ed.

21.

Reynolds RW, Smith TM, Liu C, Chelton DB, Casey KS, Schlax MG. Daily High-Resolution-Blended
Analyses for Sea Surface Temperature. J Climate. 2007; 20: 5473–5496.

22.

IOCCG. Remote Sensing of Ocean Colour in Coastal, and Other Optically-Complex, Waters. Sathyendranath S, editor. Reports of the International Ocean-Colour Coordinating Group. 2000.

23.

Brewin RJW, Raitsos DE, Pradhan Y, Hoteit I. Comparison of chlorophyll in the Red Sea derived from
MODIS-Aqua and in vivo fluorescence. Remote Sensing of Environment. 2013; 136: 218–224.

24.

Barbini R, Colao F, De Dominicis L, Fantoni R, Fiorani L, Palucci A, et al. Analysis of simultaneous chlorophyll measurements by lidar fluorosensor, MODIS and SeaWiFS. Int J Remote Sens. 2004; 25:
2095–2110.

25.

Abualnaja Y, Papadopoulos VP, Josey SA, Hoteit I, Kontoyiannis H, Raitsos DE. Impacts of Climate
Modes on Air-Sea Heat Exchange in the Red Sea. J Climate. 2015.

26.

Wang B, Wu RG, Lau KM. Interannual variability of the Asian summer monsoon: Contrasts between the
Indian and the western North Pacific-east Asian monsoons. J Climate. 2001; 14: 4073–4090.

27.
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Abstract
Harmful Algal Blooms (HABs) are of global concern, as their presence is often associated
with socio-economic and environmental issues including impacts on public health, aquaculture and fisheries. Therefore, monitoring the occurrence and succession of HABs is fundamental for managing coastal regions around the world. Yet, due to the lack of adequate
in situ measurements, the detection of HABs in coastal marine ecosystems remains challenging. Sensors on-board satellite platforms have sampled the Earth synoptically for
decades, offering an alternative, cost-effective approach to routinely detect and monitor
phytoplankton. The Red Sea, a large marine ecosystem characterised by extensive coral
reefs, high levels of biodiversity and endemism, and a growing aquaculture industry, is one
such region where knowledge of HABs is limited. Here, using high-resolution satellite
remote sensing observations (1km, MODIS-Aqua) and a second-order derivative
approach, in conjunction with available in situ datasets, we investigate for the first time the
capability of a remote sensing model to detect and monitor HABs in the Red Sea. The
model is able to successfully detect and generate maps of HABs associated with different
phytoplankton functional types, matching concurrent in situ data remarkably well. We also
acknowledge the limitations of using a remote-sensing based approach and show that
regardless of a HAB’s spatial coverage, the model is only capable of detecting the presence of a HAB when the Chl-a concentrations exceed a minimum value of ~ 1 mg m-3.
Despite the difficulties in detecting HABs at lower concentrations, and identifying species
toxicity levels (only possible through in situ measurements), the proposed method has the
potential to map the reported spatial distribution of several HAB species over the last two
decades. Such information is essential for the regional economy (i.e., aquaculture, fisheries & tourism), and will support the management and sustainability of the Red Sea’s
coastal economic zone.
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Introduction
Harmful Algal Blooms (HABs) in aquatic ecosystems are characterised by the rapid accumulation of algal biomass and/or the production of toxins and harmful metabolites by certain algal
species. HAB events may have a broad range of ecological impacts, including, but not limited
to, increased mortality of marine organisms (including fish and mammals), detrimental effects
on public health and alterations to ecosystem trophic structure [1].
The Red Sea is a Large Marine Ecosystem (LME) and hosts extended coral reef complexes
that support high levels of biological diversity and many endemic species. Coral reefs offer
vital ecosystem services such as coastal protection, fisheries, tourism and recreation [2–9]. Previous research has demonstrated that HAB events may occur throughout the year in different
regions of the Red Sea [10–18]. The reported species during these HAB events include, but not
limited to, Kryptoperidinium foliaceum, Noctiluca scintillans/miliaris, Heterosigma akashiwo,
Cochlodinium polykrikoides, Ostreopsis sp. and the cyanobacterium Trichodesmium erythraeum. These phytoplankton species were categorized according to the functional group
they belong to. For instance, K. foliaceum, N. scintillans/miliaris, Ostreopsis sp., and C. polykrikoides belong to dinoflagellates, H. akashiwo to raphidophytes and T. erythraeum to cyanobacteria. The aforementioned species were mainly responsible for HAB outbreaks previously
reported in the Red Sea and have been occasionally associated with severe fish mortalities over
the last two decades [11–17].
The first record of the binucleate dinoflagellate K. foliaceum, associated with a diatom endosymbiont, was detected in the coastal waters of Al Salif (southern Red Sea) on 8th May 2013
[11]. N. scintillans/miliaris, a large heterotrophic dinoflagellate, was detected in the coastal
waters of Al Hodeidah, in the southern Red Sea during March 2009 [14]. In the south-central
coast of Saudi Arabia, large blooms of H. akashiwo and Ostreopsis sp. were observed during
May 2010 and February 2012, respectively [15,17]. Winter blooms of the toxic cyanobacteria
T. erythraeum, which may manifest as “red tides”, were observed off the coast of western
Yemen (southern Red Sea) in December 2012 [12].
Previous studies have demonstrated that HABs can be detected and described using satellite
remote sensing, which provides bio-optical measurements at spatial and temporal scales not
attainable with traditional in situ approaches [19,20]. To date, several remote sensing algorithms based on bio-optical and ecological methods have been established to discriminate the
aforementioned HABs in the global oceans, including regions adjacent to the Red Sea, such as
the Arabian Sea, Indian Ocean and Mediterranean Sea [19–33]. However, to the best of our
knowledge no such technique has been utilized to discriminate these HABs in the Red Sea
basin. In this study, we developed a remote sensing model that applies satellite and in situ datasets to a second-order derivative technique to examine the capability of HAB detection in the
Red Sea using a remote sensing algorithm. We apply our method on MODIS-Aqua satellite
observations and validate our results using field data collected during several sampling HAB
campaigns in the Red Sea over the last two decades.

Materials and methods
Satellite data
MODIS-Aqua Level 1A (L1A, calibrated spectral radiance, 1km2 resolution) data were
obtained from the NASA Goddard Space Flight Centre’s ocean color data archive system
(https://oceancolor.gsfc.nasa.gov/). Daily satellite observations were selected to correspond
with time periods when blooms of K. foliaceum, N. scintillans/miliaris, H. akashiwo, Ostreopsis
sp., T. erythraeum and C. polykrikoides have been observed during field programs in the Red
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Table 1. Summary of the satellite datasets for the different types of harmful algal blooms (HABs) in the Red Sea.
Training datasets

Name of the harmful algal
bloom
Kryptoperidinium foliaceum

Validation
datasets

26th May 2013 and 2nd June 2013
th

8th May 2013

Noctiluca scintillans/ miliaris

7 February 2004, 21 February 2004, 14 March 2004 and
4th March 2009

3rd March 2009

Heterosigma akashiwo

3rd and 10th June 2010

27th May 2010

th

st

th

th

th

Ostreopsis sp.

16 May 2012, 25 February 2013 and 6 March 2013

27th February
2012

Trichodesmium erythraeum

2nd December 2012 and 16th December 2012.

27th December
2012

Cochlodinium polykrikoides

23rd November 2008 and 23rd December 2008

13th March 2010

https://doi.org/10.1371/journal.pone.0215463.t001

Sea [10–15]. MODIS-Aqua datasets, corresponding to the time periods where previous in situ
data are available, were acquired to: a) train the model, and b) validate the model results
(Table 1). The satellite data were processed to Level 2 using the new atmospheric correction
algorithm incorporated in the SeaDAS software (version 7.5) [19,34]. Data products that were
extracted from the Level 2 MODIS-Aqua files included remote sensing reflectance (Rrs) (for
wavelengths 412, 443, 488, 531, 547, 667, 678, and 748 nm), and the algal bloom index (ABI)
derived Chl-a concentration. The algal bloom index (ABI) algorithm uses normalized waterleaving radiance (nLw) ratios as a key input parameter to estimate Chl-a values associated with
HABs, and distinguish algal particles from other non-algal particles in optically complex
coastal waters [35,36]. We note that remotely sensed Chl-a observations may be hindered in
shallow optically complex case II waters where non-phytoplankton substances such as suspended sediments, particulate matter and/or colored dissolved organic matter (CDOM) do
not covary in a predictable manner with Chl-a [8]. However, validation studies based on a
suite of univariate statistical tests have shown a reasonable agreement between remotely sensed
measurements and independent in situ Chl-a data in the Red Sea [37,38]. We are thus confident in the use of satellite-derived Chl-a concentrations for supporting the investigation of
HABs in the Red Sea.

In situ data
Surface water samples were collected in the Red Sea during four different field programs. During the field program in November 2012 –August 2013, the dinoflagellate K. foliaceum and the
cyanobacterium T. erythraeum were reported in the coastal waters of Al Salif and the coast of
Al Hodeida City, in the southern Red Sea, respectively [11,12]. The field sampling program
conducted in the fisheries landing center at Al Hodeida reported an intense bloom of N. scintillans/miliaris during March 2009 [14]. The in situ study conducted in the Red Sea off the Al
Shouqyq coastline (southern Saudi Arabia) on 27th May 2010 reported a water discoloration
caused by H. akashiwo blooms [17]. Catania et al. [15] reported the occurrence of benthic
dinoflagellates Ostreopsis sp. on 27 February 2012 at a location off the coasts of Thuwal, Saudi
Arabia (Fig 1b and Table 2). The oceanographic measurements that were recorded from the
aforementioned field programs included temperature, salinity, and cell counts. The phytoplankton cells were identified and counted using a Sedgwick-Rafter plankton counting chamber. Cells were enumerated and expressed as cells L-1. Spatial matchups between the in situ
measurements and satellite-derived HAB observations were acquired by locating the closest 1
km pixel (nearest latitude and longitude) to the in situ sampling location.
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Fig 1. Bathymetry and the position of reported harmful algal blooms (HABs) in the Red Sea. (a) Bathymetry of the Red Sea
(acquired from the General Bathymetric Chart of the Oceans (GEBCO_2014 Grid, version 20150318, http://www.gebco.net)). (b)
Map showing the in situ sampling locations associated with the different Harmful Algal Blooms (HABs) in the Red Sea; Ost:
Ostreopsis sp.; HA: H. akashiwo; KF: K. foliaceum; TE: T. erythraeum; NS: N. scintillans/miliaris (We note that no in situ data were
collected during the occurrence of C. polykrikoides blooms in the Red Sea, although their cyst life-stages were identified along the
Red Sea, off the south-western coast of Saudi Arabia [16]).
https://doi.org/10.1371/journal.pone.0215463.g001

Approach
Our modeling approach is comprised of two parts: 1) Deriving Rrs from daily MODIS-Aqua
data for the different HAB events that were previously reported in the Red sea waters, and 2)
Developing an algorithm based on a derivative analysis to detect species-specific HABs in
Table 2. Summary of the different types of harmful algal blooms (HABs) reported by various studies in the Red Sea.
Name of the harmful algal
bloom

Date

Cell abundance
(L-1)

Sampling Location

No. water samples
collected

References

Ost Ostreopsis sp.

27th February
2012

12×104

Coasts of Thuwal, Saudi Arabia (22˚ 19.6300 N, 38˚ 51.4400
E)

5

[15]

HA Heterosigma akashiwo

27th May 2010

11.4×106

Al Shouqyq city on the southern Red Sea coasts of Saudi
Arabia (19˚41´05˝ N, 40˚43’20˝ E)

2

[17]

KF

Kryptoperidinium
foliaceum

8th May 2013

2.26×106

Coastal water of the Al Salif area, southern Red Sea (15˚
19´8.96˝ N, 42˚40´49.86˝ E)

4

[11]

TE

Trichodesmium
erythraeum

27th December
2012

1.65×104

Coast of Al Hodeida City (14˚ 470 07" N, 42˚ 560 46.31" E)

4

[12]

NS

Noctiluca scintillans/
miliaris

3rd March 2009

5.5×104

Coastal waters of the Yemeni Red Sea (14˚22´26˝ N, 42˚
56’27˝ E)

5

[14]

https://doi.org/10.1371/journal.pone.0215463.t002
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Fig 2. Summary of the steps involved in the development of our model. Flow chart showing the major steps involved in the
detection and classification of different Harmful Algal Blooms (HABs) in the Red Sea.
https://doi.org/10.1371/journal.pone.0215463.g002

near-surface waters. Fig 2 highlights the major steps involved in the development and application of the model.

Training data and spectral analysis
An independent training dataset was established from Rrs measurements of the different HAB
events that were previously reported in the coastal and open waters of the Red Sea. Due to lack
of in situ Rrs measurements, a set of training samples were constructed from MODIS-Aqua
data concurrent with the in situ data. Examples of the Rrs spectra of these HABs in the MODIS-Aqua wavelengths are shown in Fig 3. We note that each HAB species has its unique absorption and backscattering characteristics [19, 39–42] (see S1 and S2 Figs for particulate
absorption and backscattering spectra). For instance, the raphidophyte H. akashiwo exhibits
high Rrs values at 531 and 547 nm, which implies low absorption of pigment concentrations
(including fucoxanthin and diadinoxanthin) with high backscattering coefficients at these
wavelengths. The dinoflagellate Ostreopsis sp. has a significant Rrs peak at 547 nm, which is due
to the minimum absorption by Chl-a and xanthophyll pigments (diadinoxanthin and peridinin) with, in consequence, backscattering by cells remaining the main factor governing Rrs
spectra (Fig 3b) [42]. Moldrup and Garm [40] demonstrated that K. foliaceum is characterised
by an Rrs peak in the green wavelengths due to the low absorption rate of photopigments associated with this species, including Chl-a and c, fucoxanthin, diadinoxanthin, β-carotene, β-zeacarotene and γ-carotene (Fig 3c). The Rrs spectra of the dinoflagellate N. scintillans/miliaris
exhibits two distinct peaks: one at ~ 531 nm and the other at ~ 678 nm (Fig 3d) [41]. The first
peak is due to low absorption and high backscattering caused by a green endosymbiont, whilst
the latter is due to the combined effect of reduced absorption and enhanced backscattering
[19,41]. In Fig 3e, the strong reflectance peak for C. polykrikoides at ~ 547 nm reflects absorption related to the presence of carotenoids [19,22]. As reported in previous studies [19,22,43],
the cyanobacterium T. erythraeum contains both Chl-a and biliproteins (allophycocyanins,
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Fig 3. Examples of Rrs derived from daily MODIS-Aqua data for the different HAB species in the Red Sea waters. (a) H.
akashiwo (b) Ostreopsis sp. (c) K. foliaceum (d) N. scintillans/miliaris (e) C. polykrikoides (f) T. erythraeum.
https://doi.org/10.1371/journal.pone.0215463.g003

phycocyanins and phycoerythrins), which have unique characteristic absorption spectra. The
peaks at 531 and 547 nm are due to high backscattering of these biliprotein pigments (Fig 3f).
The prominent secondary peak in the far-red region of Rrs spectra for all of the aforementioned species (~ 678 nm) is caused by solar-stimulated Chl-a fluorescence (Fig 3a–3f).

Derivative analysis
Detection of species-specific HABs in the Red Sea depends on the ability to distinguish the
unique optical properties associated with each species. Previous studies have demonstrated
that band-ratio/difference algorithms can be effectively utilized for mapping HAB events
[44,45]. The most commonly used band-ratio/difference algorithms are based on remote sensing reflectance in the blue and green bands (i.e., Rrs 443 nm and Rrs 547 nm) [46,47]. Besides
the combination of band-ratio and band-difference algorithms, several other methods have
also been used for mapping HABs. One popular technique is the derivative spectra method
[48,49]. This method magnifies spectral inflections and enables the detection of small spectral
variations. Thus, it can be utilised for the close examination of Rrs spectral patterns. By
amplifying Rrs spectral shapes, it highlights features present in the spectra and does not add
information that is not already contained in the Rrs spectra [50]. The Rrs spectral shapes of phytoplankton species were examined by calculating the second-order derivative and identifying
local maxima (peaks) and minima (troughs) of the Rrs spectrum. The second derivative of Rrs
(d2 Rrs (λ)) is numerically evaluated as follows:
d2 Rrs ðlÞ Rrs ðliþ1 Þ
¼
dl2

2Rrs ðli Þ þ Rrs ðli 1 Þ
Dl2

ð1Þ

where Δλ = (λi − λi+1) is the finite band resolution.
The current remote sensing model combines both band-ratio/difference algorithms, and
second-order derivative analysis, to detect the presence/absence and map the spatial distribution of HAB species. The second derivative of MODIS-Aqua derived Rrs was computed and
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Fig 4. Examples of second-order derivative Rrs from daily MODIS-Aqua data for the different HABs in the Red
Sea waters. (a) H. akashiwo (b) Ostreopsis sp. (c) K. foliaceum (d) N. scintillans/miliaris (e) C. polykrikoides (f) T.
erythraeum.
https://doi.org/10.1371/journal.pone.0215463.g004

plotted as a function of wavelength for different HAB species (Fig 4). We note that each HAB
species has its unique derivative Rrs spectral signatures. For instance, the derivative Rrs spectra
of H. akashiwo blooms exhibits two prominent peaks (~ 488 nm and ~ 667 nm) and two negative troughs (~ 547 nm and ~ 678 nm) (Fig 4a). The dinoflagellate Ostreopsis sp. has two maximum peaks (~ 443 nm and ~ 667nm) and two negative troughs (~547 and ~ 678 nm) of the
derivative Rrs spectra (Fig 4b). Two negative troughs at 531 nm and 678 nm are present in the
derivative spectra of K. foliaceum along with a maximum peak at 488 nm (Fig 4c). The derivative Rrs spectra of N. scintillans/miliaris exhibits two positive peaks (~ 443 nm and 547 nm)
and two negative troughs (~ 531 nm and ~ 678 nm) (Fig 4d). In the derivative spectra of C.
polykrikoides, a positive maximum peak is observed at 667 nm and a negative trough at 678
nm (Fig 4e). In addition, T. erythraeum exhibits two maximum peaks at 443 nm and 667 nm
along with two minimum troughs (at ~ 547 nm and 678 nm, Fig 4f). Based on the aforementioned local maxima (peaks) and minima (troughs) of d2 Rrs in the entire visible spectrum, we
derived different equations (referred to as ‘nequation’ in Table 3) by combining the blue-green
band-ratio/difference algorithm and differences in the derivative spectra, to distinguish various HAB species.
Table 3. Different sets of nequations for each HAB species based on the band-ratios/difference algorithm and difference in their derivative spectra.
Name of the harmful algal blooms
H. akashiwo
Ostreopsis sp.
K. foliaceum
N. scintillans/miliaris
C. polykrikoides
T. erythraeum

h

Nequations

i

ðRrs 443Þ
ðRrs 547 Rrs 443Þ

� f½d Rrs 488

d2 Rrs 667� � ½d2 Rrs 547

d2 Rrs 678�g

ðRrs 443Þ
ðRrs 547 Rrs 443Þ

� f½d2 Rrs 443

d2 Rrs 667� � ½d2 Rrs 678

d2 Rrs 547�g

ðRrs 443Þ
ðRrs 547 Rrs 443Þ

� f½d2 Rrs 488

d2 Rrs 667� � ½d2 Rrs 678

d2 Rrs 531�g

ðRrs 443Þ
ðRrs 547 Rrs 443Þ

� f½d2 Rrs 547

d2 Rrs 443� � ½d2 Rrs 531

d2 Rrs 678�g

ðRrs 443Þ
ðRrs 547 Rrs 443Þ

� f½d2 Rrs 667

d2 Rrs 488� � ½d2 Rrs 531

d2 Rrs 678�g

ðRrs 443Þ
ðRrs 547 Rrs 443Þ

� f½d2 Rrs 667

d2 Rrs 443� � ½d2 Rrs 678

d2 Rrs 547�g

h
h
h
h
h

2

i
i
i
i
i

https://doi.org/10.1371/journal.pone.0215463.t003
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Remote sensing parameters for monitoring HABs in the Red Sea
Several different parameters have been used to investigate occurrence of HABs, including false
color composite imagery, satellite-derived Chl-a maps, and spectral analysis-based bloom
maps [51,52]. These parameters have enabled us to detect the presence/absence of HABs and
map the spatial extent of different HAB species that were previously reported by various field
programs in the Red Sea. A detailed synopsis of the HAB analysis is provided as follows.
The first step of this analysis was to visually interpret the abnormality of ocean color in the
Red Sea during HAB events. To achieve this, we processed false-color composite MODIS
images by combining Rrs in the NIR, green and blue wavelength bands (also known as the
RGB band). Hu et al. [53] demonstrated that false color imagery can easily distinguish between
dark features caused by high absorption of light related to the presence of Chl-a, and bright
features caused by non-pigment materials such as sediment, corals and shallow bathymetry.
Secondly, to investigate Chl-a concentrations during a HAB event, we examined satellitederived Chl-a generated using the ABI algorithm. Gokul and Shanmugam [19] demonstrated
that satellite-derived ABI Chl-a can effectively estimate Chl-a values associated with HABs,
and discriminate algal bloom patches from other non-algal particles in optically complex
coastal waters. In addition, based on the satellite derived Rrs spectra (training dataset) and its
second-order derivatives of different phytoplankton functional types (PFTs), we produced
bloom maps in order to detect the presence/absence and map the spatial distribution of different phytoplankton species that were known for HAB outbreaks in the Red Sea (see Fig 2).
Finally, in situ measurements of the different phytoplankton cell counts (related to these HAB
species) were used for the validation of the model results.

Results
The proposed remote sensing algorithm was applied to daily MODIS images that were selected
during HAB events previously reported in the coastal and open waters of the Red sea (see
Materials and methods). A scatterplot of the output from nequations versus the Rrs difference
(Rrs 678−Rrs 443) is shown in Fig 5. Based on the derivative analysis, all these types of HABs
were shown to be well clustered and distinguishable. For convenience, we categorized these
different types of HAB species according to their regional locations in the Red Sea. For
instance, Ostreopsis sp. and H. akashiwo blooms were detected in the central Red Sea, whilst
the remaining blooms (K. foliaceum, N. scintillans/miliaris, T. erythraeum and C. polykrikoides)
occurred in the southern Red Sea. The spatial distributions of these HAB events in the central
and southern Red Sea are discussed in the following section.

Regional examples
Central Red Sea. To detect blooms of Ostreopsis sp. and H. akashiwo, we utilised high-resolution MODIS-Aqua images taken on 27th February 2012 and 27th May 2010 respectively,
over the central Red Sea, along the south-central coast of Saudi Arabia. Figs 6 and 7 illustrate
how the presence of these two blooms may be revealed by false color imagery, satellite-derived
Chl-a and bloom maps generated using the remote sensing model. For instance, the bright features observed in Figs 6 and 7b were probably caused by suspended sediments or the presence
of coral reefs. Such features limit the utility of false color imagery for the detection of water discoloration caused by HABs. However, high Chl-a concentrations (up to 3 mg m-3) occurred in
the same areas (clearly seen as red features in the Figs 6 and 7c). Thus, in comparison to the
false color imagery, ABI-derived values of Chl-a appear to be less sensitive to the presence of
substances other than phytoplankton, thereby reducing the possibility that pixels characterised
by non-algal substances being confused with those that are representative of Ostreopsis sp. and
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Fig 5. Distinct cluster of different HAB species (based on training datasets) in the Red Sea waters. Ost- Ostreopsis
sp.; NS- N. scintillans/miliaris; TE- T. erythraeum; KF-K. foliaceum; HA-H. akashiwo; CP- C. polykrikoides.
https://doi.org/10.1371/journal.pone.0215463.g005

H. akashiwo blooms. Based on the current model, the presence of these two blooms (red
patches in of Figs 6, 7d and 7e) appeared to coincide spatially with high ABI-derived Chl-a
concentrations (Figs 6 and 7c), indicating that the model was able to detect the presence/
absence of these blooms. The presence of Ostreopsis sp. and H. akashiwo blooms detected by
the remote sensing model were in agreement with maximum in situ cell counts recorded along
the south-central coast of Saudi Arabia during 27th February 2012 and 27th May 2010 (Figs 6
and 7f and Table 3), respectively.
Southern Red Sea. Similarly, we applied the model to MODIS-Aqua images taken on 8th
May 2013 and 27th December 2012 to investigate blooms of K. foliaceum and T. erythraeum,
respectively, in the Yemeni coastal waters of the southern Red Sea. As reported by Alkawri
[9,10], these two blooms occurred in the shallow waters, where reflective features (e.g. suspended sediments and the sea bed) may disrupt the signal of these phytoplankton blooms.
This hindered the utility of false color composite imagery for the visual differentiation of these
blooms from features associated with surrounding non-bloom and sediment dominated
waters (Figs 8 and 9b). In contrast, N. scintillans/miliaris blooms on 3rd March 2009 were
clearly observed as red features in the false color imagery, as a result of enhanced reflectance at
red wavelengths (Fig 10b). Also, Chl-a associated with these patches was much higher than the
surrounding non-bloom waters (Fig 10c). The spatial patterns of K. foliaceum, T. erythraeum
and N. scintillans/miliaris blooms, as depicted by their bloom maps, were highly correlated
with high Chl-a values (> 2 mg m-3) in those areas (Figs 8–10c and 10d). Though the field
observations were spatially limited, when applied to MODIS-Aqua data, our remote sensing
model was able to map the spatial patterns of these HAB species in the Yemeni coastal waters
of the southern Red Sea (Figs 8–10d and 10e). The presence of K. foliaceum, T. erythraeum and
N. scintillans/miliaris blooms detected by MODIS-Aqua were found to coincide with higher
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Fig 6. Remotely sensing Ostreopsis sp. blooms in the central Red Sea and comparison with in situ measurements.
(a) and (b) False color composite image generated using the NIR, green and blue reflectances (i.e., R = Rrs (748), G =
Rrs (547), B = Rrs (443)). (c) Satellite-derived Chl-a using the ABI algorithm. (d) and (e) MODIS-Aqua-derived maps of
the Ostreopsis sp. blooms in the central Red Sea on 27th February 2012 [In (e) the red and white dots denote the
presence and absence of HABs, respectively, as detected using satellite data. Also, the yellow circles and yellow triangles
indicate the in situ sample points and highlight the presence and absence of Ostreopsis sp. blooms, respectively]. (f)
Variations in Ostreopsis sp. cell counts recorded from the different sampling sites in the central Red Sea on 27th
February 2012 [red squares and red circles denote satellite detection of HAB presence and absence, respectively].
https://doi.org/10.1371/journal.pone.0215463.g006

observed in situ cell counts that were collected along the Yemeni coastal waters on 8th May
2013, 27th December 2012 and 03rd March 2009 (Figs 8–10f and Table 3), respectively.
To assess the accuracy of the remote sensing model, four measures of accuracy were derived
from an error matrix: the user’s accuracy, producer’s accuracy, overall accuracy and kappa
coefficient (see definitions and formulations in S1 File). Based on the spatial matchups
between in situ measurements and satellite-derived HAB observations, we constructed an
error matrix to provide an accuracy assessment and error characterization of our model
(Table 4). The results of the accuracy assessment for detecting the presence and absence of different HAB species in the Red Sea are outlined in Table 4 (footnote ‘a’). Overall, the results
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Fig 7. Remotely sensing H. akashiwo blooms in the central Red Sea and comparison with in situ measurements.
(a) and (b) False color composite image generated using the NIR, green and blue reflectances (i.e., R = Rrs (748), G =
Rrs (547), B = Rrs (443)). (c) Satellite-derived Chl-a using ABI algorithm. (d) and (e) MODIS-Aqua-derived maps of the
H. akashiwo blooms in the Red Sea on 27th May 2010 [In (e) the red and white dots denote the presence and absence of
HABs, respectively, as detected using satellite data. Also, the yellow circle and yellow triangle indicates the in situ
sample points and highlight the presence and absence of H. akashiwo blooms, respectively]. (f) Variations in H.
akashiwo cell counts recorded from the two different sampling sites in the Red Sea off the southern coast of Saudi
Arabia on 27th May 2010 [red square and red circle denotes the satellite detection of HAB presence and absence,
respectively].
https://doi.org/10.1371/journal.pone.0215463.g007

reveal that satellite-derived HAB observations exhibit a good agreement with the in situ datasets of individual HAB species.

Relationships between satellite-derived Chl-a and in situ phytoplankton
cell counts
In order to assess the performance of the remote sensing model, we compared satellite-derived
Chl-a and in situ phytoplankton cell counts data for each HAB species. As evident in Fig 11a,
the in situ cell count increases in conjunction with satellite-derived Chl-a concentrations for
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Fig 8. Remotely sensing K. foliaceum blooms in the southern Red Sea and comparison with in situ measurements.
(a) and (b) False color composite image generated using the NIR, green and blue reflectances (i.e., R = Rrs (748), G =
Rrs (547), B = Rrs (443)). (c) Satellite-derived Chl-a using ABI algorithm. (d) and (e) MODIS-Aqua-derived maps of the
K. foliaceum blooms in the Red Sea on 8th May 2013 [In (e) the red and white dots denote the presence and absence of
HABs, respectively, as detected using satellite data. Also, the yellow circle and yellow triangles indicate the in situ
sample points and highlight the presence and absence of K. foliaceum blooms, respectively]. (f) Variations in K.
foliaceum cell counts recorded from the four different sampling stations in the coastal waters of Al Salif, southern Red
Sea on 8th May 2013 [red squares and red circles denote satellite detection of HAB presence and absence, respectively].
https://doi.org/10.1371/journal.pone.0215463.g008

each of the observed HAB species. In addition, we also computed the area density for each
HAB species, based on the spatial coverage of bloom pixels (area covered by the HAB event)
and their corresponding in situ phytoplankton cell counts. Fig 11b shows the variations in the
area density of the different HAB species observed in the Red Sea. The area density of T. erythraeum was the lowest (0.3 kg m-2) amongst all of the species because of their low cell abundance (1.6� 104 L-1), whilst the highest was observed for H. akashiwo with an area density of
540 kg m-2. The second highest area density was attributed to K. foliaceum (29 kg m-2). The
overall area density pattern of HAB species followed the trend H. akashiwo > K. foliaceum >
N. scintillans/miliaris > Ostreopsis sp. > T. erythraeum.
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Fig 9. Remotely sensing T. erythraeum blooms in the southern Red Sea and comparison with in situ
measurements. (a) and (b) False color composite image generated using the NIR, green and blue reflectances (i.e., R =
Rrs (748), G = Rrs (547), B = Rrs (443)). (c) Satellite-derived Chl-a using ABI algorithm. (d) and (e) MODIS-Aquaderived maps of the T. erythraeum blooms in the Red Sea on 27th December 2012 [In (e) the red and white dots denote
the presence and absence of HABs, respectively, as detected using satellite data. Also, the yellow circle and yellow
triangles indicate the in situ sample points and highlight the presence and absence of T. erythraeum blooms,
respectively]. (f) Variations in T. erythraeum cell counts recorded from the four different sampling stations in the
Yemeni coastal waters off Red Sea, near Al Hodeida City on 27th December 2102 [red squares and red circles denote
satellite detection of HAB presence and absence, respectively].
https://doi.org/10.1371/journal.pone.0215463.g009

Discussion
Accuracy of the present HAB detection model in the Red Sea
Over the last two decades, an increase in the number of HAB events has been observed along
the Red Sea coast [11–17]. We note that many of these species have been reported to cause
severe fish mortalities and numerous ecological impacts in the region [10–14]. However, as the
Red Sea remains relatively unexplored, in situ datasets are limited. Alternatively, in parallel
with in situ measurements, satellite remote sensing can provide important information on
the spatial distribution of HABs. Until recently, several bio-optical algorithms have been
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Fig 10. Remotely sensing N. scintillans/miliaris blooms in the southern Red Sea and comparison with in situ
measurements. (a) and (b) False color composite image generated using the NIR, green and blue reflectances (i.e., R =
Rrs (748), G = Rrs (547), B = Rrs (443)). (c) Satellite-derived Chl-a using ABI algorithm. (d) and (e) MODIS-Aquaderived maps of the N. scintillans/miliaris blooms in the Red Sea on 3rd March 2009 [In (e) the red and white dots
denote the presence and absence of HABs, respectively, as detected using satellite data. Also, the yellow circles and
yellow triangles indicate the in situ sample points and highlight the presence and absence of N. scintillans/miliaris
blooms, respectively]. (f) Variations in N. scintillans/miliaris cell counts recorded from the five different stations in the
coastal waters of Yemen, southern Red Sea during 3rd March 2009 [red squares and circles denote satellite detection of
HAB presence and absence, respectively].
https://doi.org/10.1371/journal.pone.0215463.g010

established to identify the dominant PFTs in the oceans [19–33]. Brewin et al. [27] demonstrated that these algorithms use different PFT definitions and retrieve different variables
including, but not limited to, multiple taxonomic groups and phytoplankton size fractions
based on Chl-a or volume [25]. These PFT algorithms were mainly based on second-order
anomalies of Rrs spectra [30], band-ratio Rrs spectra [33], absorption [31] and backscattering
spectra [32]. Although the aforementioned algorithms have provided promising results for distinguishing PFTs from space, they have pointed out several limitations, one being their limited
ability to distinguish between different HAB species that belong to the same PFT. To overcome
this, we developed a model that exploits the spectral characteristics of different HAB species
using a second-order derivative approach, along with the Rrs band-ratio/difference method, to
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Table 4. Statistical accuracy assessment results for detecting the presence and absence of different HAB species in the Red Sea watersa.
No. of satellite match ups
Ostreopsis sp.
No. of in situ sampling locations

H. akashiwo

K. foliaceum

T. erythraeum

N. scintillans/miliaris

Total

Ostreopsis sp.

5

0

0

0

0

5

H. akashiwo

0

2

0

0

0

2

K. foliaceum

0

0

4

0

0

4

T. erythraeum

0

0

0

4

0

4

N. scintillans/miliaris

0

0

0

1

4

5

Total

5

2

4

5

4

20

a

Overall accuracy = ((5+2+4+4+4)/20)×100 = 95%. Producer’s Accuracy: Ostreopsis sp. = (5/5) ×100 = 100%; H. akashiwo = (2/2) ×100 = 100%; K. foliaceum = (4/4)
×100 = 100%; T. erythraeum = (4/5) ×100 = 80%; N. scintillans/miliaris = (4/4) ×100 = 100%. User’s Accuracy: Ostreopsis sp. = (5/5) ×100 = 100%; H. akashiwo = (2/2)

×100 = 100%; K. foliaceum = (4/4) ×100 = 100%; T. erythraeum = (4/5) ×100 = 100%; N. scintillans/miliaris = (4/5) ×100 = 80%. Kappa coefficient = (NA-B)/(N2-B) =
0.9, where N = 20; A = 19; B = 85.
https://doi.org/10.1371/journal.pone.0215463.t004

detect and classify HABs in the Red Sea. The second-order derivative technique was trained
based on the spectral curvature and shape of Rrs data—two factors used to distinguish speciesspecific HABs from other phytoplankton and non-phytoplankton features in the coastal and
open waters of Red Sea. The prominent peaks in the Rrs spectra at green (~ 531 and/or 547nm)
and red wavelengths (~ 678 nm) for these HAB species are represented by noticeable troughs
in the respective wavelengths for the d2 Rrs spectra (see Figs 3 and 4). We note that the spatial
patterns of these HABs species, inferred from bloom maps, generated via the remote sensing
model, appeared to be consistent with satellite-derived Chl-a. Our results show that the current
model detects the aforementioned HAB species with adequate accuracy, specifically at high
Chl-a concentrations (> 1 mg m-3). In addition, our model was also capable of mapping the
spatial extent of these HAB species in the Red Sea waters. Although HABs mainly occur locally,
the dynamic regional circulation can transfer water masses hundreds of kilometers away [9,54]
(see Fig 10d and 10e). Combining false color satellite imagery from spectral Rrs data, satellite
Chl-a, and knowledge of local waters, our study has demonstrated that it is possible to differentiate HABs from the reflective feature associated with suspended sediments, corals and shallow
bathymetry.

Fig 11. Remotely sensing Chl-a concentrations associated with different HAB species in the Red Sea and comparison with in
situ phytoplankton cell counts. (a) Variations in total cell counts of harmful species and their satellite-derived Chl-a concentrations
observed in the Red Sea. (b) Variations in the area density of remotely sensed HABs in the Red Sea. TE- Trichodesmium erythraeum;
Ost- Ostreopsis sp.; NS- Noctiluca scintillans; KF-Kryptoperidinium foliaceum; HA-Heterosigma akashiwo.
https://doi.org/10.1371/journal.pone.0215463.g011
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Limitations of the present HAB model
In this section, we acknowledge some limitations of the HAB model, identify and summarize
the main issues, and wherever possible, suggest solutions. Firstly, the Red Sea is surrounded by
deserts and is frequently influenced by dust storms and aerosols, which makes it challenging to
apply atmospheric corrections [38]. Since our model utilises satellite ocean color data, the
accuracy of the detection and classification of HABs may also depend on the atmospheric correction results (i.e., water leaving radiance (Lw)) [19]. Recent studies have demonstrated that
the standard atmospheric correction scheme may result in erroneous and negative Lw across
the entire visible wavelengths in optically complex oceanic waters, where dense HABs (e.g.
N. scintillans/miliaris and C. polykrikoides) absorb strongly in the blue wavelengths and reflect
at NIR bands [34,55]. Thus, the associated enhanced water signals may interfere with the standard aerosol correction scheme to produce negative Lw (and subsequently Rrs) for most of the
HAB pixels [20,22,34]. This problem was circumvented by utilising an atmospheric correction
algorithm [34] that was mainly developed for optically complex, oceanic waters dominated by
suspended sediments and HABs [19]. This atmospheric correction algorithm, developed by
Singh and Shanmugam [34], was adopted in the current model because the overestimation of
aerosol radiance related to the iterative NIR method (i.e., standard aerosol correction scheme)
[56], and its extrapolation to the visible spectrum in sediment-laden and algal bloom waters,
leads to negative values of Rrs [34,38]. To overcome these issues, a dimensionless coefficient
(κ) was introduced in this atmospheric algorithm to account for the non-zero water leaving
radiance contribution in the NIR bands, and the extrapolation of the aerosol radiance to the
visible bands [19,34], thereby leading to positive retrievals of Rrs across all visible wavelengths
in HAB dominated waters (see Fig 3). This enabled the more accurate detection and discrimination of HABs by the current model, without any pixels being falsely masked out or eliminated by strict quality control criteria [19,34].
Secondly, the southern Red Sea is adversely affected by atmospheric conditions (haze and
clouds) during the summer monsoon (June-September), which severely reduces the retrieval
of satellite ocean color observations from MODIS-Aqua data [38, 57–60]. This limited the ability of the present remote sensing model to assess Chl-a and HABs in the southern Red Sea during summer. For instance, Alkawri et al. [10,12] reported the occurrence of intense blooms of
the toxic dinoflagellate Protoperidinium quinquecorne (up to 14.3 × 106 L-1) and Pyrodinium
bahamense var. bahamense (up to 3.3 × 105 L-1) in the Yemeni coastal waters of the southern
Red Sea during June 2012 and August 2013, respectively. However, the persistent presence of
clouds, sun-glint, and sensor saturation during these months may hinder the ability of the
model to detect the presence/absence of these HABs and map their spatial extent in the southern Red Sea. Due to these adverse atmospheric conditions over the Red Sea region, the current
model can only utilize a limited number of daily MODIS-Aqua images for mapping the spatial
distribution of HAB species in this basin.
There is also another limitation related to the spectral analysis adopted in the present
HAB model. For instance, the Rrs spectra of these HAB species (excluding T. erythraeum)
exhibits two significant peaks in the green and red wavelengths, due to different phytoplankton properties (e.g. absorption by Chl-a and other pigments, cell density and other associated
optical properties). However, water dominated by cyanobacteria (e.g. Trichodesmium)
exhibits relatively low values at 678 nm (see Fig 3f). This indicates a less-dense bloom (Chl-a
concentration < 2 mg m-3; see Fig 9c) when compared to the Trichodesmium MODIS spectra
reported in the global oceans, including regions adjacent to the Red Sea (such as Arabian
Sea, Indian Ocean) [19,22,61]. In addition, highly reflective features (e.g. suspended sediments, corals, shallow bathymetry) were found to interfere with the spectral detection of
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Trichodesmium blooms [19,20]. In such conditions, it was hard to optically distinguish Trichodesmium blooms from other strong features using satellite ocean colour observations.
Existing models require additional information (e.g. SST, wind and depth) to properly distinguish Trichodesmium blooms from other phytoplankton and non-phytoplankton features
[19]. We also note that the intensity and position of Rrs peaks and spectral characteristics in
the far-red wavelengths are influenced by both phytoplankton reflectance and the exponentially increasing absorption of water molecules [62–64]. For instance, the higher the concentration of phytoplankton and/or nearer to surface water is, the stronger the Rrs peak. It is
noted that for higher Chl-a concentrations (> 2 mg m-3), these HABs form surface scum and
the corresponding Rrs around 678 nm are enhanced [19,39–44]. Also, the peak in the red
wavelength (around 678 nm) can be shifted into the NIR region (700–720 nm) at much
higher Chl-a concentrations (>10 mg m-3) as a result of these species floating in the surface
water [19,22].
Finally, the model developed in this study is currently restricted for the detection of Ostreopsis sp., H. akashiwo, K. foliaceum, N. scintillans/miliaris, T. erythraeum and C. polykrikoides in
the Red Sea (see S1 File and S3 Fig for the spatial distribution of C. polykrikoides). Thus, future
efforts could be directed towards strengthening training datasets and extending the model validation with more in situ datasets of other types of HABs that were not investigated in this
study (for example, diatoms and other dinoflagellates species such as P. bahamense and P. quinquecorne). Furthermore, the inclusion of additional training datasets may allow the model to
map the spatial extent of HAB species in other regions adjacent to the Red Sea, such as the Arabian Sea, Indian Ocean and Mediterranean Sea. In addition, we noticed some uncertainty in
the accuracy of the present model when it detects blooms that are spatially less dense, and/or
consist of mixed assemblages of different phytoplankton (especially cyanobacteria/diatoms
with dinoflagellates). For example, the dinoflagellate N. scintillans/miliaris, which was observed
at a low cell density (i.e., cell counts � 4.4 ×103 cells L-1; see Fig 10f—“st1”), often co-occurred
with cyanobacteria/diatoms [14,19]. Hence, the optical properties of the water were influenced
by the presence of both organisms [19,41]. Despite the aforementioned limitations and uncertainty, our results suggest that the proposed remote sensing model provide an adequate and
efficient tool to detect the presence/absence of HABs, and monitor their spatial extents in the
Red Sea.

Conclusions
We presented a HAB detection model that combines satellite ocean color data and a secondorder derivative technique to detect and map the spatial extent of different HAB events in the
Red Sea. The performance of this model was evaluated with daily MODIS-Aqua images that
were selected to coincide with HABs that have been previously reported in the basin. False
color imagery and satellite-derived Chl-a maps were used to assess the spatial variation of
these HAB species. Comparisons between modelled outputs and in situ field data further validated the ability of the remote sensing model to detect the presence/absence of HABs. At species concentrations greater than 1 mg m-3, the model was able to distinguish species-specific
HABs in the coastal and open waters of the Red Sea. The accuracy of the model may vary
depending on different spatio-temporal scales, as a result of the limited data used for training
the second-order derivative technique. The model’s sensitivity is currently tailored towards the
detection of ‘‘typical blooms”, on a specific day, corresponding to previously reported HAB
events in the upper layer of the ocean. Thus, future efforts could be directed towards investigating the seasonality and interannual variability of HABs in the Red Sea over the last two

PLOS ONE | https://doi.org/10.1371/journal.pone.0215463 April 16, 2019

17 / 21

Remotely sensing harmful algal blooms in the Red Sea

decades. Such information is necessary for the implementation of aquaculture management
strategies and the sustainability of regional economies in the coastal zone of the Red Sea.

Supporting information
S1 Fig. Examples of particulate absorption spectra derived from MODIS-Aqua data
through existing bio-optical models for the six different HABs in the Red Sea waters. (a)
H. akashiwo (b) Ostreopsis sp. (c) K. foliaceum (d) N. scintillans/miliaris (e) C. polykrikoides (f)
T. erythraeum.
(TIF)
S2 Fig. Examples of particulate backscattering spectra derived from MODIS-Aqua data
through existing bio-optical models for the different HABs in the Red Sea waters. a) H.
akashiwo (b) Ostreopsis sp. (c) K. foliaceum (d) N. scintillans/miliaris (e) C. polykrikoides (f) T.
erythraeum.
(TIF)
S3 Fig. Remotely sensing C. polykrikoides blooms in the southern Red Sea. (a) False color
composite image generated using the NIR, green and blue reflectances (i.e., R = Rrs (748), G =
Rrs (547), B = Rrs (443)). (b) Satellite derived Chl-a using ABI algorithm. (c) MODIS-Aquaderived maps of the C. polykrikoides blooms in the Red Sea on 13 March 2010.
(TIF)
S1 File. Accuracy assessment, particulate absorption and backscattering spectral analysis,
and spatial distribution of Cochlodinium polykrikoides blooms in the Red Sea.
(DOCX)
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Phytoplankton biomass and size structure are recognized as key ecological indicators.
With the aim to quantify the relationship between these two ecological indicators in
tropical waters and understand controlling factors, we analyzed the total chlorophyll-a
concentration, a measure of phytoplankton biomass, and its partitioning into three
size classes of phytoplankton, using a series of observations collected at coastal
sites in the central Red Sea. Over a period of 4 years, measurements of flow
cytometry, size-fractionated chlorophyll-a concentration, and physical-chemical variables
were collected near Thuwal in Saudi Arabia. We fitted a three-component model
to the size-fractionated chlorophyll-a data to quantify the relationship between
total chlorophyll and that in three size classes of phytoplankton [pico- (<2 µm),
nano- (2–20 µm) and micro-phytoplankton (>20 µm)]. The model has an advantage over
other more empirical methods in that its parameters are interpretable, expressed as
the maximum chlorophyll-a concentration of small phytoplankton (pico- and combined
m
pico-nanophytoplankton, Cm
p and Cp,n , respectively) and the fractional contribution of
these two size classes to total chlorophyll-a as it tends to zero (Dp and Dp,n ). Residuals
between the model and the data (model minus data) were compared with a range of
other environmental variables available in the dataset. Residuals in pico- and combined
pico-nanophytoplankton fractions of total chlorophyll-a were significantly correlated with
water temperature (positively) and picoeukaryote cell number (negatively). We conducted
a running fit of the model with increasing temperature and found a negative relationship
m
between temperature and parameters Cm
p and Cp,n and a positive relationship between
temperature and parameters Dp and Dp,n . By harnessing the relative red fluorescence
of the flow cytometric data, we show that picoeukaryotes, which are higher in cell
number in winter (cold) than summer (warm), contain higher chlorophyll per cell than other
picophytoplankton and are slightly larger in size, possibly explaining the temperature
shift in model parameters, though further evidence is needed to substantiate this
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finding. Our results emphasize the importance of knowing the water temperature and
taxonomic composition of phytoplankton within each size class when understanding their
relative contribution to total chlorophyll. Furthermore, our results have implications for the
development of algorithms for inferring size-fractionated chlorophyll from satellite data,
and for how the partitioning of total chlorophyll into the three size classes may change in
a future ocean.
Keywords: phytoplankton, size, chlorophyll, Red Sea, temperature

1. INTRODUCTION

pigment in marine phytoplankton. Unlike phytoplankton
carbon, which is more difficult to measure, total chlorophyll
can be routinely estimated in situ (e.g., fluorometrically or using
High Performance Liquid Chromatography, HPLC) or through
satellite remote-sensing of ocean color (O’Reilly et al., 1998).
Conventionally, phytoplankton size structure is quantified by
partitioning biomass (total chlorophyll) into three size classes
[pico- (<2 µm), nano- (2–20 µm) and micro-phytoplankton
(>20 µm); Sieburth et al., 1978], with the role of each
thought to differ in the cycling of key elements such as
carbon, with taxonomic composition, nutrient concentrations
and environmental conditions influencing the composition of the
three size classes (IOCCG, 2014).
The relationship between total chlorophyll and that contained
in each of the three size classes has been studied thoroughly
in some regions (Raimbault et al., 1988; Chisholm, 1992;
Goericke, 2011; Marañón et al., 2012; López-Urrutia and Morán,
2015), with picophytoplankton known to contribute most to
total chlorophyll at low concentrations, nanophytoplankton at
intermediate concentrations, and microphytoplankton at high
concentrations (IOCCG, 2014). This relationship has been
quantified statistically (Uitz et al., 2006), empirically (Hirata
et al., 2011) and more mechanistically (Brewin et al., 2010;
Devred et al., 2011), at local and global scales (IOCCG, 2014).
One approach to modeling this relationship, that has proven to
be a popular choice (e.g., Brotas et al., 2013; Lin et al., 2014;
Sammartino et al., 2015; Sahay et al., 2017; Hu et al., 2018;
Lamont et al., 2018; Liu et al., 2018; Sun et al., 2018), is the
three-component model of Brewin et al. (2010). The model is
based on two exponential functions (Sathyendranath et al., 2001;
Devred et al., 2006) that relate the fraction of total chlorophyll
by combined pico- and nanophytoplankton (Fp,n , cells <20 µm)
and picophytoplankton (Fp , cells <2 µm) to total chlorophyll
concentration (C) according to

Phytoplankton are a critical component of the Earth’s system.
Absorbing incoming solar radiation, CO2 and synthesizing
organic matter, they are responsible for half of the planetary
primary production (Longhurst et al., 1995; Field et al., 1998),
modulate oceanic carbon, and provide energy for the majority
of marine life. Light absorption by phytoplankton in the ocean
is dependent on its biomass. Most of the light absorbed by
phytoplankton is lost as heat, thus variations in phytoplankton
biomass modulate solar heating in the ocean (Sathyendranath
et al., 1991). A small component of absorbed light is used
by phytoplankton in photosynthesis, making phytoplankton
biomass critical for marine primary production and for energy
transfer to higher trophic levels, impacting global fisheries catch
(Chassot et al., 2010).
A second important characteristic of phytoplankton is its size
structure. A suite of phytoplankton biochemical functions are
controlled by size, including: metabolic rate, growth and nutrient
uptake (Platt and Jassby, 1976; Platt and Denman, 1977, 1978;
Maloney and Field, 1991; Chisholm, 1992; Marañón, 2009, 2015;
Finkel et al., 2010). The absorption of light by an assemblage
of phytoplankton of known biomass varies with size structure
(Morel and Bricaud, 1981; Prieur and Sathyendranath, 1981;
Bricaud et al., 2004; Devred et al., 2006; Brewin et al., 2011).
Therefore, phytoplankton size also influences photosynthetic rate
and ocean heating (Sathyendranath and Platt, 2007; Uitz et al.,
2008; Brewin et al., 2017b). The sinking rates of phytoplankton
are impacted by size, with large-celled phytoplankton thought
to be responsible for a large fraction of export production and
small-celled phytoplankton for recycled production (Eppley and
Peterson, 1979; Michaels and Silver, 1988; Boyd and Newton,
1999; Laws et al., 2000; Guidi et al., 2009; Briggs et al., 2011;
Mouw et al., 2016), at the same time acknowledging small-celled
phytoplankton carbon export can also be significant (Mouw
et al., 2016; Richardson, 2019). The size of phytoplankton is
also thought to influence the structure of the marine food chain
(Legendre and Le Fevre, 1991; Maloney and Field, 1991). These
are some of the reasons why phytoplankton biomass and size
structure are considered as two key ecological indicators in the
marine environment (Platt and Sathyendranath, 2008).
A common measure of phytoplankton biomass is the total
chlorophyll-a concentration (representing the sum of monoand divinyl chlorophyll-a, chlorophyllide-a, and the allomeric
and epimeric forms of chlorophyll-a, hereafter referred to
collectively as total chlorophyll), the major photosynthetic
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Model parameters are relatively easy to interpret, with Cp,n
m
and Cp representing the asymptotic maximum chlorophyll
concentrations for the associated size classes (<20 µm and
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TABLE 1 | Symbols and definitions.
Symbol

Definition

C

Total chlorophyll concentration (mg m−3 )

Cp

Chlorophyll concentration for picoplankton (cells < 2 µm) (mg m−3 )

Cp,n

Chlorophyll concentration for combined nano-picoplankton (cells < 20 µm) (mg m−3 )

Cn

Chlorophyll concentration for nanoplankton (cells 2 − 20 µm) (mg m−3 )

Cm

Chlorophyll concentration for microplankton (cells > 20 µm) (mg m−3 )

Cm
p,n

Asymptotic maximum value of Cp,n (cells <20 µm) (mg m−3 )

Cm
p

Asymptotic maximum value of Cp (cells <2 µm) (mg m−3 )

DOC

Dissolved organic carbon (µmol L−1 )

Dp,n

Fraction of total chlorophyll in combined nano-picoplankton (cells < 20 µm) as total chlorophyll tends to zero

Dp

Fraction of total chlorophyll in picoplankton (cells < 2 µm) as total chlorophyll tends to zero

Fp

Fraction of total chlorophyll for picoplankton (cells < 2 µm)

Fp,n

Fraction of total chlorophyll for combined nano- picoplankton (cells < 20 µm)

Fn

Fraction of total chlorophyll for nanoplankton (cells 2 − 20 µm)

Fm

Fraction of total chlorophyll for microplankton (cells > 20 µm)

G1

Parameter of Equation (5) controlling lower and/or upper bound in Cm
p,n

G2

Parameter of Equation (5) controlling slope of change in Cm
p,n with T

G3

Parameter of Equation (5) controlling the T mid-point of G2

G4

Parameter of Equation (5) controlling lower and/or upper bound in Cm
p,n

H1

Parameter of Equation (6) controlling lower and/or upper bound in Cm
p

H2

Parameter of Equation (6) controlling slope of change in Cm
p with T

H3

Parameter of Equation (6) controlling the T mid-point of H2

H4

Parameter of Equation (6) controlling lower and/or upper bound in Cm
p

J1

Parameter of Equation (7) controlling lower and/or upper bound in Dp,n

J2

Parameter of Equation (7) controlling slope of change in Dp,n with T

J3

Parameter of Equation (7) controlling the T mid-point of J2

J4

Parameter of Equation (7) controlling lower and/or upper bound in Dp,n

K1

Parameter of Equation (8) controlling lower and/or upper bound in Dp

K2

Parameter of Equation (8) controlling slope of change in Dp with T

K3

Parameter of Equation (8) controlling the T mid-point of K2

K4

Parameter of Equation (8) controlling lower and/or upper bound in Dp

MAD

Median absolute difference between estimated and measured data

r

Pearson correlation coefficient

RFU

Relative red fluorescence

RMSD

Root mean square difference between estimated and measured data

T

Water temperature (◦ C)

TDN

Total dissolved nitrogen (µmol L−1 )

with changes in environmental conditions, for example, with
changes in water temperature and light availability (Brewin
et al., 2015b, 2017a; Ward, 2015). To predict the response of
the marine ecosystem to fluctuations in climate, it is critical to
improve our understanding of how the relationships between
these two key ecological indicators may change with changing
environmental conditions. Among the warmest and most saline
waters on the planet (Longhurst, 2007; Belkin, 2009; Raitsos et al.,
2011; Yao et al., 2014a,b), and believed to reflect environmental
conditions predicted in other marine regions decades from
now (Christensen et al., 2007), the Red Sea is an interesting
location to explore relationships between these indicators and
environmental variability.
In this study, we make use of a dataset collected in coastal
waters of the central Red Sea over a 4-year period, consisting of
measurements of total chlorophyll, size-fractionated chlorophyll,

<2 µm, respectively), and Dp,n and Dp representing the fraction
of each size-class relative to total chlorophyll as total chlorophyll
tends to zero. Once suitable parameters are obtained, and
Fp,n and Fp derived, the fractions of nano- (Fn ) and microphytoplankton (Fm ) can be computed as Fn = Fp,n − Fp and
Fm = 1 − Fp,n . The chlorophyll concentration in each size class
(Cp , Cn , and Cm ) can be calculated simply by multiplying the
fractions (Fp , Fn , and Fm ) by total chlorophyll (C). Table 1 defines
variables, parameters and abbreviations used in the manuscript.
Although such models have proven successful at capturing the
relationship between total chlorophyll and chlorophyll contained
in each size class, it has been recognized that such relationships
may be perturbed by climate variability (Brewin et al., 2012;
Racault et al., 2014; Agirbas et al., 2015), potentially impacting
how the marine ecosystem functions (Sathyendranath et al.,
2017). Furthermore, relationships have been shown to differ
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FIGURE 1 | Study site. (A) Location of the study site with respect to the broader Red Sea. (B) Study site near the coastal waters of Thuwal in the Kingdom of Saudi
Arabia and the locations of the three datasets used in the study. KAEC refers to the King Abdullah Economic City and KAUST to the King Abdullah University for
Science and Technology.

9 L carboy (KAUST Harbor and Abushusha reef) or Niskin
bottles (the rest of the sampling).

picophytoplankton (abundance and cell properties by flow
cytometry) and nutrient concentrations. We use these data,
together with the three-component model of Brewin et al. (2010),
with the aim to quantify the relationship between total and
size-fractionated chlorophyll in tropical waters and improve our
understanding on what controls this relationship. Specifically, we
aim to address the following two research questions: (1) Is the
relationship between total and size-fractionated chlorophyll in
coastal waters of the Red Sea consistent with that observed in
other ocean basins? (2) What factors influence the relationship
between total and size-fractionated chlorophyll?

2.2. Size-Fractionated Filtration (SFF) Data
The size-fractionated filtration (SFF) method for determining
the chlorophyll concentration in each size class involves filtering
water through filters of different pore sizes. For each water sample
collected, 200 ml of sea water were filtered sequentially through
20, 2, and 0.2 µm polycarbonate filters. Following filtration,
the filters were stored at −80◦ C for at least 24 h. Pigment
extraction was made by submerging the filters in 90 % acetone
for 24 h at 4◦ C. Samples were then analyzed using a Triology
Fluorometer (Turner Designs), pre- and post-calibrated using
pure chlorophyll-a as a standard (Anacustis nidulans, Sigma
Aldrich). The total chlorophyll concentration was taken as the
sum of the size fractions for each sample. The concentration
of chlorophyll passing through the 2 µm filter and retained
on the 0.2 µm filter was designated as picophytoplankton
chlorophyll (Cp ), that passing through the 20 µm filter was
designated as pico- and nano-phytoplankton chlorophyll (Cp,n ),
the chlorophyll retained on the 20 µm filter was designated as
microphytoplankton chlorophyll (Cm ), and the concentration of
chlorophyll retained on the 2 µm filter, having passed through the
20 µm filter, was designated as nanophytoplankton chlorophyll
(Cn ). The fractions of each size class relative to total chlorophyll
(Fp , Fp,n , Fn , and Fm ) were computed by dividing the chlorophyll
concentration in each size class (Cp , Cp,n , Cn , and Cm ) by total
chlorophyll concentration (C). In total, 136 SFF samples were
available, 8 from KAEC, 116 from KAUST harbor and 12 from
Abushusha reef.

2. METHODS
2.1. Study Area: Coastal Waters of the Red
Sea
The chosen study site was located in the central Red
Sea (Figure 1A) in the coastal waters near Thuwal in the
Kingdom of Saudi Arabia (Figure 1B). We made use of water
samples collected by King Abdullah University for Science and
Technology (KAUST) at three locations: (1) in KAUST harbor
(22.3065◦ N, 39.1029◦ E; Silva et al., 2019), where weekly sampling
of surface waters was conducted between 2015 and 2017 and
monthly sampling of surface waters during 2018; (2) near King
Abdullah Economic City (KAEC, 22.4712◦ N, 39.0345◦ E, ∼700 m
depth; Calleja et al., 2018), where surface waters (5 m depth)
were sampled around midday covering the seasonal variability
between 2015 and 2017, on board of KAUST R.V. Thuwal and
KAUST R.V. Explorer; and (3) near Abushusha reef, just offshore
from KAUST (22.321◦ N, 39.027◦ E; see Figure 1B), at the surface
of a ∼70 m depth station, sampled on a monthly basis during
2018 on board the KAUST Durrat Al-Bahr Almar 1 and 5 vessels.
All water samples were collected during daylight hours (08:30–
14:30 local time) using a pre-clean (acid-washed) polycarbonate

Frontiers in Microbiology | www.frontiersin.org

2.3. Model Parameterization
m , Cm , D , and D ) for the threeModel parameters (Cp,n
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component model of Brewin et al. (2010) were derived by
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TABLE 2 | Parameter values for Equations (1) and (2) compared with parameters derived using the size-fractionated filtration (SFF) method in other regions.
Study

Parameters for Equations (1) and (2)
Cp,n

m∗

Cp

m∗

N#

Location

Dp,n

Dp

This Study$

1.23 (0.83↔2.78)

0.43 (0.33↔0.68)

0.94 (0.86↔1.0)

0.66 (0.58↔0.73)

Red Sea

136

Brewin et al., 2014b$

2.61 (1.82↔4.09)

0.73 (0.54↔1.11)

0.95 (0.92↔0.98)

0.76 (0.71↔0.82)

Atlantic Ocean

408

Corredor-Acosta et al., 2018$

2.12 (1.75↔2.54)

0.19 (0.11↔0.27)

0.92 (0.88↔0.96)

0.21 (0.16↔0.33)

0.79

0.16

0.98

0.85

Ward, 2015

Central-southern Chile

182

Global Ocean

620

$ Model parameters are computed as the median of the bootstrap parameter distribution and bracket parameter values refer to the 2.5% and 97.5% confidence intervals on the
distribution.
# N, Number of samples used for model parameterization.
∗ denotes units in mg m−3 .

with H3 PO4 until a pH of 1-2, and kept in the dark at 4◦ C
until analysis at the laboratory by high temperature catalytic
oxidation (HTCO) using a Shimadzu TOC-L (Calleja et al.,
2019). The accuracy of the estimates were monitored using
reference material of deep-sea carbon water (42–45 µmol C L−1
and 31–33 µmol N L−1 ) and low carbon water (1–2 µmol C L−1 )
provided by D. A. Hansell (Univ. of Miami).
Water temperature and salinity measurements were collected
for each sample. In KAUST harbor and at Abushusha reef,
this was conducted immediately prior to sampling with an
environmental probe (YSI probe; Silva et al., 2019). At KAEC,
water temperature and salinity measurements were obtained
using a SBE 9 (Sea-Bird Electronics) Conductivity-TemperatureDepth (CTD) probe. All data used in this study can be accessed
in the Supplementary Material.

fitting Equations (1) and (2) using a standard, nonlinear leastsquared fitting procedure (Levenberg-Marquardt, IDL Routine
MPFITFUN, Moré, 1978; Markwardt, 2008) using the Fp , Fp,n
and C SFF data as input. The parameters Dp,n and Dp were
constrained to be less than or equal to one, since size-fractionated
chlorophyll cannot exceed total chlorophyll. The method of
bootstrapping (Efron, 1979; Brewin et al., 2015b) was used to
randomly resample (utilizing IDL Routine RANDOMU) with
replacement the dataset and re-fit equations for each iteration
(1,000 iterations). Median values and 95% confidence intervals
were taken from the resulting parameter distributions (see
Table 2). Model parameters are compared with other model fits
using SFF data in other ocean basins (Table 2).

2.4. Flow Cytometry, Nutrient Sampling
and Physical Variables

2.5. Statistical Tests

For the 136 samples with SFF data, measurements of flow
cytometry, nutrients, dissolved organic carbon (DOC) and total
dissolved nitrogen (TDN) were also collected. The abundances of
three picophytoplankton groups, Prochlorococcus, Synechococcus
and picoeukaryotes, were obtained from each water sample using
BD FACSCanto flow cytometer, applying the methodology as
detailed in Gasol and Morán (2015). We measured the red
fluorescence as a proxy for the chlorophyll content and the right
angle light scatter or side scatter (SSC) as a proxy of cell size,
following Calvo-Díaz and Morán (2006). These values were made
relative to those of the 1 µm latex fluorescent beads added to each
sample as internal standard (Molecular Probes, ref. F-13081).
The empirical calibration between relative SSC and cell diameter
described in Calvo-Díaz and Morán (2006) was used to estimate
the cell size of each of the three picophytoplankton groups.
Nutrients were measured by filtering seawater through precombusted (450 ◦ C, 4.5 h) GF/F filters. The samples were
subsequently frozen and stored at −20◦ C until analysis. Nitrate,
nitrite, silicate, and phosphate were analyzed using a segmented
flow analyzer from Seal Analytical, with standards prepared in
acid-washed glassware using a nutrient-free artificial seawater
matrix (Silva et al., 2019). Samples for DOC and TDN analysis
were passed through an online acid-cleaned polycarbonate filter
cartridge, holding a pre-combusted (450 ◦ C, 4.5 h) GF/F filter,
attached directly to the Niskin bottle, and collected into acid
cleaned and pre-combusted glass vials. Samples were acidified
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To evaluate the model performance, the Pearson linear
correlation coefficient (r, IDL Routine CORRELATE) and the
median absolute difference (MAD) were used. The significance
(p) of the correlation coefficient (r) was computed using the tstatistic and applying a two-sided t-test (utilizing IDL Routine
T_PDF). The correlation was deemed significant if p < 0.05 and
highly significant if p < 0.001. The MAD was computed as
MAD = median(|Xi,E − Xi,M |),

(3)

where X is the variable, subscript i denotes the index in
the data series, from 1 to N where N is the length of the
series, the subscript M denotes the measured variable and
E the estimated variable from the model. Considering that
the chlorophyll concentration is approximately log-normally
distributed (Campbell, 1995), statistical tests were performed
in log10 space when using chlorophyll as the variable (unless
explicitly stated), and in linear space when using the fraction
of total chlorophyll in each size class as the variable. The MAD
was used as it is robust to non-Gaussian distributions and
outliers. For comparison with results from other studies, we also
computed the root mean square difference (RMSD), according to
RMSD =

5

"

N
1 X
(Xi,E − Xi,M )2
N
i=1

#1/2

.

(4)
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FIGURE 2 | Fits of the three-component model to size-fractionated filtration (SFF) data collected in the study. Top row shows the absolute chlorophyll concentrations
(Cm , Cp,n , Cn , and Cp ) and bottom row the fractions (Fm , Fp,n , Fn , and Fp ) plotted as a function of total chlorophyll (C), with the tuned three-component model
(parameters from Table 2) overlain. Gray shading represents a model ensemble varying parameters between their confidence intervals (Table 2).

3. RESULTS AND DISCUSSION

account for real variability surrounding the general relationship
between size-fractionated chlorophyll and total chlorophyll.
Whereas the SFF method has an advantage in that the sizes
of phytoplankton are explicitly partitioned, in comparison with
other methods of determining size-fractionated chlorophyll (e.g.,
by High Performance Liquid Chromatography pigment analysis;
Vidussi et al., 2001; Uitz et al., 2006; Brewin et al., 2010;
Devred et al., 2011; Kheireddine et al., 2017), there are still
uncertainties in the measurements. The filters can retain particles
smaller than the nominal pore size, which is dependent on the
morphology of the particles, cohesiveness of the particles, volume
filtered and on the filter types used (Sheldon, 1972; Logan, 1993;
Logan et al., 1994; Chavez et al., 1995; Gasol and Morán, 1999;
Knefelkamp et al., 2007; Dall’Olmo et al., 2009). On the other
hand, a certain portion of particles larger than the nominal
pore size can also pass through the filter (e.g., from overlapping
holes), and be accounted for in smaller-size fractions. This is
dependent on whether the phytoplankton break apart during the
filtration process, on the morphology of the particles, and on their
orientation as they pass through the filter. The impact of these
factors on measurement uncertainties is difficult to quantify,
though it has been suggested that the clogging of filters and
the inability to define accurately the pore size of filters, are two
key issues (Droppo, 2000). Simultaneous measurements made by
multiple types of in situ methods are needed to make an accurate
diagnosis of uncertainty in the SFF technique (Nair et al., 2008;
Brewin et al., 2014a). Though beyond the scope of this study,
future efforts are needed in this direction.
While acknowledging that the measurements have
uncertainties, to explore how the relationship between total
and size-fractionated chlorophyll could be influenced by other
ecological factors and consequently how the three-component
model could be improved, we investigated whether the residuals
(model minus measurement) were correlated with other variables
in the dataset. We focused on the differences between model and

3.1. Fit of Three-Component Model to SFF
Data
The three-component model was seen to capture the general
changes in size-fractionated chlorophyll (Cp , Cn , Cp,n , and
Cm ) and fractions of total chlorophyll (Fp , Fn , Fp,n , and Fm )
when plotted as a function of total chlorophyll (Figure 2
and Table 3). Statistical performance indicates that the threecomponent model fits the SFF data well (Table 3), with
comparable or lower RMSD values when compared with
model fits in other regions using SFF measurements. Model
parameters also compare favorably with other model fits using
SFF data in other ocean basins (Table 2). The conceptual
framework of the three-component model is seen to hold in
coastal Red Sea waters, with the abundance of small cells
increasing to a given chlorophyll concentration, beyond which
chlorophyll increases through the addition of larger size classes
of phytoplankton (Raimbault et al., 1988; Chisholm, 1992;
Goericke, 2011). This upper bound for small cells increases
with increasing size (Brewin et al., 2014b), with assemblages of
phytoplankton <20 µm in size having a significantly higher upper
m ) than assemblages of phytoplankton <2 µm in size
bound (Cp,n
(Cpm , see Table 2). In agreement with other studies (IOCCG,
2014), picophytoplankton contribution to total chlorophyll
is highest at low total chlorophyll, nanophytoplankton at
intermediate total chlorophyll, and microphytoplankton at high
total chlorophyll (Figure 2).

3.2. Relationship Between Model Residuals
and Other Variables
Although the model fits the data reasonably well, it is by no means
perfect (Table 3, Figure 2). Differences between the model and
data can be related either to uncertainties in the measurements
(Brewin et al., 2014a), or simply to inability of the model to
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0.12
0.07
0.58
–
–
–
–
–
–
–
Statistical tests performed in log10 space.
From the temperature independent model of Ward (2015).
∗

G1
+ G4 },
1 + exp[−G2 (T − G3 )]

(5)

H1
+ H4 },
1 + exp[−H2 (T − H3 )]

(6)

m
Cp,n
=1−{

and
Cpm = 1 − {

m ,
where G1 and G4 represent the upper and lower bounds of Cp,n
m with T, and G the T mid-point
G2 the slope of change in Cp,n
3
m and T. For Cm , H , where i = 1 to 4, is
of the slope between Cp,n
i
p

#

–
0.14
Fm

0.41

0.08

–
0.07
0.11
Fn

measurement for Fp,n and Fp , considering that these fractions
were used to parametrize the model (Equations 1 and 2).
Table 4 shows correlations between residuals in Fp,n and Fp
and other variables in the dataset. As anticipated, there is no
correlation between residuals and total chlorophyll, highlighting
that the model fit captured the variation in Fp,n and Fp as a
function of total chlorophyll. For Fp,n , highly significant (p <
0.001) correlations were observed with temperature (positive),
and significant correlations (p < 0.05) with picoeukaryote cell
abundance (negative) and salinity (positive). For Fp , significant
(p < 0.05) correlations were observed with temperature, TDN,
silicate, nitrite (all positive) and picoeukaryote cell abundance
(negative). Of all the variables, Fp,n and Fp were both significantly
correlated with temperature and picoeukaryote cell number.
These two variables were inversely correlated (r = −0.40, p <
0.001) in the dataset, with higher picoeukaryote cell numbers in
the winter and lower picoeukaryote cell numbers in summer.
Residuals between the three-component model and fitted
data have previously been shown to vary with temperature in
polar waters and in the North Atlantic (Ward, 2015; Brewin
et al., 2017a), but not in tropical seas with temperatures
consistently exceeding 22 ◦ C, suggesting seasonality may also
play an important role in tropical waters. To investigate the
impact of temperature on the parameters of the three-component
model we followed a similar approach to Brewin et al. (2017a).
This involved sorting the dataset by increasing temperature and
conducted a running fit of the model (Equations 1 and 2) as
a function of temperature using a bin size of 60 samples. This
involved sliding the bin from low to high temperature and fitting
Equations (1) and (2) each time the bin slides (increments of 1
sample). For each fit, we used the method of bootstrapping (1,000
iterations), and derived 13.6 and 86.4 % confidence intervals (1
standard deviation), as well as 2.5 and 97.5 % confidence intervals
(2 standard deviation), for each parameter distribution in each
bin (Figure 3), and assessed the relationship between the median
parameters and average temperature of the bins.
We observed a positive relationship between Dp,n (fraction of
cells <20 µm to C as C tends to zero) and temperature (r = 0.80,
p < 0.001) and Dp (fraction of cells <2 µm to C as C tends to
zero) and temperature (r = 0.63, p < 0.001, Figure 3), and an
m and temperature (r = −0.51,
inverse relationship between Cp,n
p < 0.001) and Cpm and temperature (r = −0.89, p < 0.001).
To capture these relationships, we fitted logistic functions to
the data following the approach of Brewin et al. (2017a). The
m and Cm were modeled as functions of temperature
quantities Cp,n
p
(T) according to

–

0.12

0.12
0.06
0.07
–
–
–
–
–
–
–

0.14

0.12

–

0.07

0.09
0.47

0.58
–

–
–

–
–

–
–

–
–

–
–

–
–

–

–

–

–
0.43

0.41
Fp,n

Fp

0.08

0.14
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0.10

0.13

–

0.17

0.27
0.16

0.09
0.79

0.80
0.41

0.22
–

–
0.88

0.80
0.30

0.47
–

–
0.88

0.91
–

–
–

–

–

–

0.17

0.30
0.18

0.11
0.80

0.75
Cm ∗

Cn ∗

0.18

0.12
0.04

0.08
0.67

0.83
0.20

0.42
–

–
0.81

0.37
0.43

0.12
–

–
0.46

0.93
0.09

0.20
–

–

0.86

0.97

0.18

0.13

0.09

Cp ∗
Cp,n ∗

0.66

0.05

RMSD
MAD
r
RMSD
MAD

Red Sea

This study

r

0.82

RMSD
MAD
MAD

Atlantic Ocean

r

Ward (2015)#

Global dataset

Brewin et al. (2014b)

RMSD

r

MAD

RMSD

r

Red Sea
Central-southern Chile

Corredor-Acosta et al. (2018)

This study (temperature-dependent)
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Variable

TABLE 3 | Performance of the three-component model fit to the Red Sea data and a comparison with fits of the model in other regions using size-fractionated filtration (SFF) data.
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TABLE 4 | Correlations between model residuals (model minus measurements) in the fraction of total chlorophyll by combined pico- and nano-phytoplankton (Fp,n ) and
picophytoplankton (Fp , cells <2 µm) and other variables collected in the dataset.
Variable

Fp,n
r

Fp

p

N

r

p

N

Total chlorophyll (C)

0.00

0.962

136

−0.03

0.740

136

Temperature

0.34

0.000

134

0.26

0.002

134
133

Salinity

0.23

0.008

133

−0.07

0.398

DOC

0.16

0.073

132

0.03

0.737

132

TDN

0.16

0.072

133

0.17

0.045

133

Silicate

0.05

0.590

122

0.18

0.046

122

Nitrite

0.12

0.193

122

0.26

0.004

122

Nitrate

0.06

0.533

122

0.15

0.090

122

−0.09

0.322

121

0.07

0.464

121

Picoeukaryotes cells ∗

–0.18

0.040

131

–0.20

0.022

131

Synechococcus cells ∗

−0.04

0.638

131

−0.13

0.127

131

Prochlorococcus cells ∗

−0.26

0.187

27

−0.25

0.212

27

Phosphate

Bold indicates significant correlations (p < 0.05).
Cell numbers were log10 transformed when running the correlations.

∗

m . Similarly, D
analogous to Gi for Cp,n
p,n and Dp were modeled as
a function of temperature (T) according to

J1
+ J4 ,
1 + exp[−J2 (T − J3 )]

(7)

K1
+ K4 ,
1 + exp[−K2 (T − K3 )]

(8)

Dp,n =

size classes (Table 3). Figure 4 illustrates how the relationship
between size-fractionated chlorophyll and total chlorophyll
changes with temperature, when incorporating Equations (5)–(8)
into the model.
Figure 5A shows a time-series of water temperature and
total chlorophyll at KAUST harbor between 2016 and 2019.
Clear seasonal cycles are seen in temperature, but not for
total chlorophyll, with sporadic variations occurring at different
times. Figures 5B–D show chlorophyll for micro-, nano- and
picophytoplankton from in situ data (black) and estimates
from the model (red), driven by total chlorophyll and water
temperature (Figure 5A, Equations 1, 2, 5, 6, 7, and 8). In
a highly-complex coastal environment, the three-component
model is seen to explain around 50 % of the variance in sizefractionated chlorophyll (r ≥ 0.7 correlation in linear space,
Figure 5). Considering that both water temperature (sea-surface
temperature) and chlorophyll are accessible through satellite
visible and thermal radiometry, the approach offers the potential
for estimating size-fractionated chlorophyll from satellite data in
the central Red Sea.

and
Dp =

where J1 and J4 represent the upper and lower bounds of Dp,n , J2
the slope of change in Dp,n with respect to T, and J3 the T midpoint of the slope between Dp,n and T. For Dp , Ki is analogous
to Ji for Dp,n . The parameters for Equations (5)–(8) were derived
by fitting the equations to the median parameter values for each
bin and average temperature of each bin, using a nonlinear
least-squared fitting procedure with bootstrapping (utilizing IDL
Routines described in Section 2.3), and by constraining input to
m and Cm and <1 for D
plausible values (0 to 10 for Cp,n
p,n and Dp ).
p
Parameter values for Equations (5)–(8) are provided in Table 5.
The functions are seen to capture the general relationships
observed in the dataset (Figure 3). Nonetheless, as this analysis
is based on a relatively small dataset (136 samples), we recognize
additional data is required to substantiate the relationship
between model parameters and temperature observed here.
After Equations (5)–(8) were incorporated into the model,
residuals between the temperature-dependent model and data
were no longer significantly correlated with water temperature
or picoeukaryote cell number (p > 0.05 for both Fp,n and Fp
for these correlations), confirming that the new parameterization
accounted for the relationships originally observed between
the residuals and model output (Table 4). Furthermore, model
performance was seen to improve using the temperaturedependent model, with lower MAD values for all size classes
and higher correlation coefficients and lower RMSD for most
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3.3. Influence of Changes in Taxonomic
Composition of Picophytoplankton on
Model Parameters
Our understanding of how model parameters change with
temperature can be guided by analysing the flow cytometry
data. Figure 6 shows the relationship between temperature
and cell abundance for the two dominant picophytoplankton,
Synechococcus and picoeukaryotes, as determined by flow
cytometry. For the three sites sampled, with differing conditions
(depth and picophytoplankton community composition), there
is a clear shift in the composition of picophytoplankton with
temperature, Synechococcus being positively correlated with
temperature and picoeukaryotes inversely correlated (Figure 6).
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with changes in phytoplankton physiology (Veldhuis and Kraay,
1993). Other factors can also impact fluorescence measured by a
flow cytometer (Neale et al., 1989). If we multiply the relative red
fluorescence for all picophytoplankton groups by their respective
abundances, sum them up, then compare with Cp derived from
SFF measurements, we obtain a reasonable positive correlation
(r = 0.38, p < 0.001, N = 131), confirming the use of relative
fluorescence as proxy of per cell chlorophyll concentration in our
dataset. The increase in Cpm with decreasing temperature could
therefore be associated with increasing picoeukaryotes numbers
at lower temperature. This group of picophytoplankton is larger
in size (1.31 µm for picoeukaryotes compared with 0.89 µm for
Synechococcus and 0.76 µm for Prochlorococcus, see Table 6) and
can store higher concentrations of chlorophyll per cell (Table 6),
and may consequently result in higher Cpm values. Similarly,
considering Cp constitutes the dominant portion of Cp,n in our
dataset (Figure 2), that picoeukaryote red fluorescence was found
to be correlated with Cn (r = 0.38, p < 0.001, N = 131) and
Cp,n (r = 0.33, p < 0.001, N = 131), and that the presense
of picoeukaryotes is often associated with the presense of larger
nanoeukaryotes (Tarran et al., 2006; Tarran and Bruun, 2015),
similarly links could be made with increases in the parameter
m at low temperature. Nonetheless, additional evidence (e.g.,
Cp,n
taxonomic composition of the larger size classes) is needed to
substantiate these linkages.
With regards to parameters Dp and Dp,n , it is worth recalling
that these parameters reflect the fraction of each size-class relative
to total chlorophyll as total chlorophyll tends to zero (i.e.,
ultra-oligotrophic waters). Picophytoplankton are thought to
dominate in oligotrophic conditions, owing to their competitive
advantage over larger cells in low nutrient conditions, a result
that is consistent with our model parameterization over the
entire temperature range (Dp > 0.6, Figure 4). However, we
see marginally higher Dp and Dp,n parameters in warmer waters
(summer, higher Synechococcus cell numbers) than cooler waters
(winter, higher picoeukaryote cell numbers). A decrease in Dp
and Dp,n with temperature has also been observed in other
regions, over a different temperature range (Brewin et al., 2017a).
There may be some direct effect of temperature on growth rates
of the different picophytoplankton communities (Eppley, 1972;
Chen et al., 2014) and their grazers (Steinberg and Landry, 2017),
that cause these differences and allow for an increasing presence
of larger cells (nano- and micro) in cooler oligotrophic waters.
However, it is worth noting that, as most of the dataset is very
coastal, chlorophyll concentrations rarely fall below 0.1 mg m−3
(Figure 2) making it difficult to interpret variations in Dp and
Dp,n in this dataset. Future efforts to sample more oligotrophic
regions of the Red Sea may shed further light on variations in
these two parameters.

FIGURE 3 | Relationship between the parameters of the three-component
model and water temperature derived from sorting the dataset and conducted
a running fit of the model (bin size 60 measurements) with increasing
temperature. Average water temperature of each bin is on the abscissa and
13.6 and 86.4 % (darker shading) and 2.5 % and 97.5 % (lighter shading)
confidence intervals of the parameters from a bootstrap fit (1,000 iterations) on
the ordinate (confidence intervals are constrained to realistic values, 0 to 10 for
m
Cm
p,n and Cp and <1 for Dp,n and Dp ). (A) Shows the relationship between
temperature and the parameters Dp,n and Dp . Solid black line is the model of
Brewin et al. (2017b) tuned to the data (Equation 8) for cells <2 µm and
dashed line for cells <20 µm (Equation 7). (B) Shows the relationship between
m
temperature and the parameters Cm
p,n and Cp . Solid black line is the model of
Brewin et al. (2017b) tuned to the data (Equation 6) for cells <2 µm and
dashed line (Equation 5) for cells <20 µm.

Table 6 lists the average relative red fluorescence and cell
size for each community of picophytoplankton derived from the
flow cytometry data. Picoeukaryotes, as expected, were found
to be larger in size and to have higher relative red fluorescence
than the cyanobacteria (Table 6), consistent with studies in other
regions (Blanchot et al., 2001; Calvo-Díaz et al., 2008). Relative
red fluorescence has been used as a proxy of per cell chlorophyll
concentration (Olson et al., 1983; Li et al., 1993; Veldhuis et al.,
1997; Veldhuis and Kraay, 2000; Calvo-Díaz and Morán, 2006;
Calvo-Díaz et al., 2008; Álvarez et al., 2017), acknowledging that
there are natural variations in fluorescence per unit of chlorophyll
among species (Sosik et al., 1989), size (Veldhuis et al., 1997), and
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3.4. Understanding the Relationship
Between Phytoplankton Biomass and Size
Structure in a Future Ocean
Two key ecological indicators, phytoplankton biomass and
size structure, are seen to covary in a predictable manner
in coastal waters of the Red Sea (Figure 2), with small cells
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TABLE 5 | Parameter values for Equations (5)–(8).
Model parameter

Parameters for Equations (5) and (8)$

Equation

∗
Cm
p,n

5

G1 = –3.56 (±1.33)

G2 = –1.47 (±0.86)

G3 = 28.34 (±0.87)

G4 = 0.00 (±0.171)

∗
Cm
p

6

H1 = 1.20 (±0.30)

H2 = 2.58 (±2.23)

H3 = 27.28 (±0.60)

H4 = –0.61 (±0.58)

Dp,n

7

J1 = 0.058 (±0.010)

J2 = 5.86 (±4.87)

J3 = 28.01 (±0.31)

J4 = 0.88 (±0.01)

Dp

8

K1 = 0.097 (±0.019)

K2 = 5.34 (±4.49)

K3 = 27.82 (±0.21)

K4 = 0.60 (±0.02)

$
∗

Model parameters are computed as the median of the bootstrap parameter distribution and bracket parameter values refer to median absolute deviation on the distribution.
Denotes units in mg m−3 .

FIGURE 4 | Influence of temperature on the relationship between size-fractionated chlorophyll and total chlorophyll, when incorporating Equations (5)–(8) into the
three-component model. Top row shows the size-fractions of chlorophyll and bottom row the fractions of total chlorophyll in each size class, all plotted as a function of
total chlorophyll. Dashed black lines refer to the model using a single set of parameters (Table 2).

is influenced by the chlorophyll-specific absorption coefficient,
which changes with size (Bricaud et al., 2004; Devred et al., 2006;
Uitz et al., 2008; Brewin et al., 2011). The structure of the marine
food web has also been found to depend on size composition
of phytoplankton (Maloney and Field, 1991). Models that tie
primary production and total chlorophyll, export production and
total chlorophyll, predict energy flow and biological heating using
total chlorophyll, are all vulnerable to shifts in the relationship
between total and size-fractionated chlorophyll.
Standard, empirical algorithms used by space agencies
for estimating total chlorophyll from blue-green reflectance
ratios, derived from satellite measurements of ocean color,
have been shown to incorporate implicitly a fixed relationship
between size-fractionated chlorophyll and total chlorophyll
(IOCCG, 2014), with low total chlorophyll concentrations
represented by the optical properties of small cells and high
concentrations by large cells (Dierssen, 2010; Sathyendranath
et al., 2017). These algorithms are also vulnerable to shifts
in the relationship between total and size-fractionated
chlorophyll, with implications for using ocean-color data
to detect climate variability (Sathyendranath et al., 2017). Tying
the relationship between total and size-fractionated chlorophyll

dominant at low chlorophyll concentrations and large cells at
high concentrations, consistent with studies in other regions
(Raimbault et al., 1988; Chisholm, 1992; Uitz et al., 2006; Brewin
et al., 2010). These predictable relationships have been exploited
for the development of ocean-color algorithms (IOCCG, 2014),
and for the validation of, and assimilation of data into, marine
ecosystem models (Ward et al., 2012; Hirata et al., 2013;
Holt et al., 2014; de Mora et al., 2016; Ciavatta et al., 2018;
Skákala et al., 2018). However, it has been recognized that
such relationships might be perturbed by changes in climate
(Sathyendranath et al., 2017).
The size-structure of the phytoplankton affects export of
large aggregates (Boyd and Newton, 1999), with large cells
thought to contribute more to the flux of carbon at depth
than smaller phytoplankton, at similar levels of total chlorophyll
(Guidi et al., 2009), acknowledging small-celled carbon export
can be significant (Richardson, 2019). The photosynthetic rate
of phytoplankton, for a given concentration of total chlorophyll,
has been shown to depend on size-structure (Platt and Jassby,
1976; Fernández et al., 2003; Morán et al., 2004; Uitz et al., 2008;
Álvarez et al., 2016; Brewin et al., 2017b; Curran et al., 2018;
Robinson et al., 2018a,b). Biological heating by phytoplankton

Frontiers in Microbiology | www.frontiersin.org

10

September 2019 | Volume 10 | Article 1964

Brewin et al.

Total and Size-Fractionated Chlorophyll-a in the Red Sea

FIGURE 5 | Time-series of data collected at KAUST harbor in Thuwal between 2016 and 2019. (A) time-series of water temperature and total chlorophyll (C), (B)
microphytoplankton chlorophyll (Cm ), (C) nanophytoplankton chlorophyll (Cn ), and (D) picophytoplankton chlorophyll (Cp ). r represents the correlation coefficient
between measurements and model (conducted in linear space).

been shown as a key variable for predicting changes in taxonomic
composition in tropical oceans (Flombaum et al., 2013; Lange
et al., 2018; Agusti et al., 2019), temperate regions (Morán et al.,
2010; Flombaum et al., 2013; Brewin et al., 2017a), and in polar
waters (Li et al., 2009; Ward, 2015). Furthermore, as temperature
is a variable that is routinely measured from space, its integration
into models of ocean color could lead to improved estimates of
size-fractionated chlorophyll (Raitsos et al., 2008; Ward, 2015;
Brewin et al., 2017a), as well as other regional ocean-color
products used in ecological studies (Brewin et al., 2013, 2015a;
Raitsos et al., 2013, 2015, 2017; Racault et al., 2015; Gittings
et al., 2018; Kheireddine et al., 2018), putting us in a better
position to harness ocean-color data for detecting shifts in marine
ecosystems in the Red Sea.

to other environmental factors (e.g., temperature) could aid in
ocean-color algorithm development.
Results from this study indicate that, in the coastal waters
of the Red Sea, changes in the taxonomic composition of the
phytoplankton within a size class may affect the chlorophyll
in that size class. Therefore, to predict future changes in
size-fractionated chlorophyll, we need to understand how
phytoplankton taxonomic composition is likely to change. In
the coastal waters of the Red Sea, we found temperature to
correlate with taxonomic composition of picophytoplankton
and the partitioning of total chlorophyll into the three size
classes. Other studies in the Red Sea, using different methods,
have confirmed the influence of temperature on phytoplankton
taxonomic composition (Pearman et al., 2017). Temperature has
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in the three size classes. Model fits and model parameters were
comparable to studies fitting the model to datasets in other ocean
basins, demonstrating, in answer to research question (1), that
the relationship between total and size-fractionated chlorophyll
in the coastal waters of the Red Sea is consistent with that
observed in other ocean basins. We found the residuals in the fits
to be significantly correlated with water temperature (positively)
and picoeukaryote cell abundance (negatively), demonstrating, in
answer to research question (2), that temperature and taxonomic
composition are key factors influencing the relationship between
total and size-fractionated chlorophyll in the coastal waters of the
Red Sea.
We introduced a temperature-dependency on model
parameters that was subsequently found to improve
performance. Temperature was inversely related with
picoeukaryote cell abundance, with higher picoeukaryote
cell abundances in winter (cold) than summer (warm).
Picoeukaryotes are known to contain higher chlorophyll per
cell than picophytoplanktonic cyanobacteria and be larger
in size, possibly explaining a decrease in the maximum
chlorophyll concentration of small cells in the model (Cpm
m ) with increasing temperature. This was supported
and Cp,n
by additional analysis using the relative red fluorescence
and cell size estimates from flow cytometer data. However,
we recognize additional evidence is needed to substantiate
the link between the temperature dependence of model
parameters and changes in the taxonomic composition of
phytoplankton. Our results highlight the importance of
temperature and taxonomic composition of phytoplankton
within each size class when exploring the relationship between
size-fractionated and total chlorophyll. This has implications
for the development of satellite ocean-color algorithms and
for predicting how ecosystem functioning may change in a
future ocean.

FIGURE 6 | Relationship between temperature and picophytoplankton cell
counts. (A) Synechococcus vs. temperature and (B) Picoeukaryotes vs.
temperature. Solid line is a linear regression and symbols follow those of
Figures 1, 2.

TABLE 6 | Average relative red fluorescence and cell size for each community of
picophytoplankton derived from the flow cytometry data.
Variable

Picoeukaryotes ∗ Synechococcus ∗ Prochlorococcus ∗
(N = 131)

(N = 131)

(N = 27)

Relative red
fluorescence (RFU)

0.89 (±0.22)

0.031 (±0.008)

0.004 (±0.001)

Cell diameter (µm)

1.31 (±0.05)

0.89 (±0.02)

0.76 (±0.01)
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Abstract: Harmful algal blooms (HABs) are one of the leading causes of biodiversity loss and
alterations to ecosystem services. The Red Sea is one of the least studied large marine ecosystems
(LMEs), and knowledge on the large-scale spatiotemporal distribution of HABs remains limited.
We implemented the recently developed remote sensing algorithm of Gokul et al. (2019) to produce a
high-resolution atlas of HAB events in the Red Sea and investigated their spatiotemporal variability
between 2003 and 2017. The atlas revealed that (i) the southern part of the Red Sea is subject to
a higher occurrence of HABs, as well as long-lasting and large-scale events, in comparison to the
northern part of the basin, and (ii) the Red Sea HABs exhibited a notable seasonality, with most events
occurring during summer. We further investigated the potential interactions between identified
HAB events and the National Aquaculture Group (NAQUA), Al-Lith (Saudi Arabia)—the largest
aquaculture facility on the Red Sea coast. The results suggest that the spatial coverage of HABs and
the elevated chlorophyll-a concentration (Chl-a) (> 1 mg m−3 ; a proxy for high nutrient concentration),
in the coastal waters of Al-Lith during summer, increased concurrently with the local aquaculture
annual production over a nine-year period (2002–2010). This could be attributed to excessive nutrient
loading from the NAQUA facility’s outfall, which enables the proliferation of HABs in an otherwise
oligotrophic region during summer. Aquaculture is an expanding, high-value industry in the
Kingdom of Saudi Arabia. Thus, a wastewater management plan should ideally be implemented at a
national level, in order to prevent excessive nutrient loading. Our results may assist policy-makers’
efforts to ensure the sustainable development of the Red Sea’s coastal economic zone.
Keywords: harmful algal blooms; Red Sea; remote sensing; aquaculture

1. Introduction
In global marine ecosystems, harmful algal blooms (HABs) are known for the rapid increase of
algal biomass and occasionally the production of toxins [1]. HABs are often associated with a broad
range of ecological impacts, including increased mortalities of wild and farmed fish, displacement
of indigenous species, and alterations to marine food webs, which ultimately have a detrimental
effect on human societies [2,3]. HABs constitute a worldwide issue, which is constantly intensified in
its frequency and spatial extent, primarily due to oceanic warming (climate change) and increasing
anthropogenic pollution [4–7].
The Red Sea, a large marine ecosystem (LME) characterized by thriving coral reef complexes,
high levels of biological diversity, and a growing aquaculture industry, is one such region that has
been subjected to substantial impacts from HABs [8–17]. A recent study summarized historical HAB
events that were previously reported by different field sampling programs in the Red Sea over the last
Remote Sens. 2020, 12, 3695; doi:10.3390/rs12223695
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three decades [18]. The main phytoplankton functional types (PFTs) responsible for the reported HAB
events were found to be dinoflagellates, raphidophytes, and cyanobacteria [18–20]. Besides traditional
in situ approaches, Gokul et al. [17] developed and validated a remote sensing model to detect and
map the spatial distribution of HABs associated with the aforementioned PFTs in the Red Sea.
Several studies focusing on Red Sea HABs have enabled a deeper understanding of their
spatiotemporal distribution, species toxicity levels (only possible through in situ measurements) and
the underlying oceanographic mechanisms responsible for their outbreaks [12,17,18]. For instance,
previous studies have conducted field sampling programs and reported several HAB species including
Kryptoperidinium foliaceum, Noctiluca scintillans/miliaris, Heterosigma akashiwo, Pyrodinium bahamense var.
bahamense, Ostreopsis sp. and the cyanobacterium Trichodesmium erythraeum [8–16]. Mohamed [18]
documented the main environmental factors contributing to the dominance of these HAB species.
Recently, a remote sensing algorithm was developed to investigate the spatial variability of these
HAB species in the Red Sea, in accordance with previously reported events in the Red Sea [17].
However, studies on Red Sea HABs are limited with regards to the investigation of their large-scale
spatial distribution, long-term temporal (interannual and/or seasonal) evolution, and interactions with
local aquaculture industries. Such information is essential for the regional economy (i.e., fisheries,
aquaculture, and tourism) and will support policy-makers to optimize the sustainable management of
the Red Sea’s coastal economic zone. For instance, the National Aquaculture Group (NAQUA) located
at the coastal city Al-Lith is the largest aquaculture facility in the Red Sea and is an important source of
food and economic prosperity to the Kingdom of Saudi Arabia. Thus, routine monitoring of HABs over
the relevant spatial–temporal scales is required in order to develop a more sustainable aquaculture
operation and to improve coastal management strategies [11,20,21]. Here, we implemented the
remote sensing algorithm developed by Gokul et al. [17] on a 15-year satellite-derived remote sensing
reflectance (Rrs ) dataset (2003–2017) to produce an atlas of HAB events in the Red Sea. Furthermore,
we investigated the interactions between HAB events and Al-Lith’s NAQUA aquaculture facility.
Our HAB Red Sea atlas will assist the policy-makers with regional decision-making and risk mitigation
processes that are associated with environmental and aquaculture management.
2. Materials and Methods
This study used the recently developed remote sensing algorithm of Gokul et al. [17] to develop an
atlas of HABs in the Red Sea and then investigate their possible linkages to the largest aquaculture of
the basin. This remote sensing algorithm was developed by applying high resolution satellite-derived
Rrs observations and available in situ datasets to a second order derivative technique for detecting the
presence/absence and mapping the spatial distribution of HABs in the Red Sea [17].
2.1. Satellite Datasets
Satellite remote sensing datasets of Rrs were acquired from the Moderate Resolution
Imaging Spectroradiometer (MODIS) and the Medium Resolution Imaging Spectrometer (MERIS).
Satellite-derived observations of Chlorophyll-a concentration (Chl-a) were obtained from the Ocean
Colour Climate Change Initiative (OC-CCI) of the European Space Agency (ESA). We obtained
MODIS-Aqua and MERIS datasets from the NASA ocean color archive (https://oceancolor.gsfc.nasa.gov),
whereas the OC-CCI dataset is available at http://www.esa-oceancolour-cci.org.
First, MODIS-Aqua Level-3 mapped data of Rrs (for wavelengths 412, 443, 488, 531, 547, 667,
and 678 nm) were acquired at a spatial resolution of 4 km, and an 8-day temporal resolution, for the Red
Sea, covering a 15-year period spanning from 2003 to 2017. Secondly, we used Level-2 MERIS-derived
Rrs data (for wavelengths 413, 443, 490, 510, 560, 620, 665, 681, and 709 nm) at a 1.2 km and 1-day
resolution for a 9-year period (2002–2010), covering the region of Al-Lith, Saudi Arabia. The region
of Al-Lith and its aquaculture facility, is located between 19◦ 12’0”N and 20◦ 6’0”N latitude and
40◦ 0’0”E and 42◦ 0’0”E longitude (see red box in Figure 1). Previous studies have suggested that
the aforementioned region is subject to the substantial nutrient loading from NAQUA aquaculture
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effluents [11,20,21]. Finally, version 4.1 of the ESA OC-CCI product was used. This product is comprised
of merged and bias-corrected Chl-a data from MERIS, MODIS, Sea-Viewing Wide Field-of-View Sensor
(SeaWiFS), and the Visible Infrared Imaging Radiometer Suite (VIIRS) satellite sensors. Level-3 mapped
data of Chl-a were obtained at 4 km spatial resolution and 8-day temporal resolution for the period 2002
to 2010 in the Al-Lith region. We note that standard remote sensing algorithms may systematically
overestimate Chl-a concentrations when compared with in situ measurements in the Red Sea. This is
mainly due to excess chromophoric dissolved organic matter (CDOM) absorption per unit chlorophyll
in this basin when compared with average global conditions [22]. However, Brewin et al. [23] and
Racault et al. [24] have demonstrated that the OC-CCI derived Chl-a dataset exhibits a good agreement
with independent in situ Chl-a datasets in coastal and open waters of the Red Sea. In addition,
several studies have suggested that the OC-CCI product is characterized by higher data availability
in comparison to single-sensor-based missions [24–26]. Thus, we are confident in using the OC-CCI
derived Chl-a dataset for investigating interactions between HABs and local aquaculture in the coastal
Remote Sens. 2020, 12, x FOR PEER REVIEW
4 of 14
waters
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Figure 1. Map showing the bathymetry of the Red Sea (acquired from the General Bathymetric Chart of
Figure 1. Map showing the bathymetry of the Red Sea (acquired from the General Bathymetric Chart
the Oceans (GEBCO_2014 Grid, version 20150318, http://www.gebco.net/)). The Red Sea is divided into
of the Oceans (GEBCO_2014 Grid, version 20150318, http://www.gebco.net/)). The Red Sea is divided
four different provinces, following Raitsos et al. (2013): the Northern Red Sea (NRS), North-Central
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that the red box indicates the geographical location of the Al-Lith region, Saudi Arabia.

3. Results
3.1. Atlas of HABs in the Red Sea
We produced a high-resolution atlas of HAB events to depict their overall spatial variability in
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2.2. Aquaculture Production Dataset
Aquaculture production data were acquired from the Sea Around Us project (http://www.
seaaroundus.org) for examining the possible linkages between aquaculture and HABs. The Sea Around
Us project is based on a global analysis that aims to generate a database of the annual reported
aquaculture production in all maritime countries from 1950 to 2010 [27–29]. The project has also
documented the annual mariculture production for countries bordering the Red Sea, including Egypt,
Sudan, Eritrea, Yemen, Saudi Arabia, Jordan, and Israel. The average annual production of NAQUA,
the largest shrimp farming aquaculture facility in the Red Sea, was reported by this project for the
period spanning 1985 to 2010 [27–29]. Here, we utilized the average annual production dataset of the
NAQUA aquaculture facility for the period 2002 to 2010, corresponding with the available MERIS
derived Rrs observations. We note that the aquaculture production dataset was obtained from a report
submitted by the Kingdom of Saudi Arabia to the Food and Agricultural Organization (FAO) of the
United Nations (http://www.fao.org/fishery/countrysector/naso_saudiarabia/en).
2.3. Approach
Our approach is comprised of two parts: (1) Produce an atlas of HAB events in the Red Sea,
and (2) Investigate the interactions between HABs and aquaculture. For the first aim, we implemented
the remote sensing algorithm developed recently by Gokul et al. [17] on a 15-year MODIS-derived
Rrs dataset (2003–2017) to reveal spatial patterns in HAB frequency, duration, and spatial coverage.
We also evaluated the temporal patterns of HABs in terms of the total number of events in the Red Sea
over three main seasons (winter (January to April), summer (May to August), and autumn (September
to December). In order to provide a more comprehensive spatial and temporal description of HAB
events, we divided the Red Sea into four regions following Raitsos et al. [30]: the Northern Red
Sea (NRS; 25.5–30◦ N), the North-Central Red Sea (NCRS; 22–25.5◦ N), the South-Central Red Sea
(SCRS; 17.5–22◦ N), and the Southern Red Sea (SRS; 12.5–17.5◦ N) (Figure 1). For the second part of our
analysis, we applied the algorithm to MERIS-derived Rrs in the Al-Lith region over a 9-year period
(2002–2010), in order to examine the possible links between HAB events and the largest aquaculture
facility in the Red Sea. In addition, satellite-derived Chl-a concentrations (OC-CCI) were analysed in
the coastal waters of Al-Lith over the period 2002 to 2010, in order to study the potential links between
the aquaculture facility and HABs.
3. Results
3.1. Atlas of HABs in the Red Sea
We produced a high-resolution atlas of HAB events to depict their overall spatial variability in
the Red Sea. Throughout the 15-year period (2003–2017), the eastern coast of the Red Sea (excluding
the NRS) hosts the highest number of HAB events, whilst more persistent events can be observed
in a substantial part of the SRS (Figure 2a,b). Large-scale events were apparent along the western
coast and open waters of the SCRS and the SRS (Figure 2c). Additionally, Red Sea HABs exhibit
a notable seasonality in terms of the total number of events, with most HABs occurring during
summer (at least 30 events), and fewer events occurring during winter and autumn (at least 21 events)
(Figure 3). In general, we observed the highest number of HAB events in the SRS, followed by the
SCRS and then the NCRS (Figure 2). HAB events in the Red Sea appear to decrease northward and no
events were detected by the remote sensing algorithm in the NRS over the study period (Figure 2).
Next, we provide spatial and seasonal descriptions of HAB events for the three Red Sea provinces
where HABs were detected.

the highest number of HAB events (at least 12 events) during summer and fewer events during winter
and autumn (at least 3 events). Over the 15-year period, no HAB events were detected on the western
coastline of the NCRS region during winter and autumn, while a small number of events were
observed during summer (at least three events). On the eastern coast, the total number of HAB events
was at least 12 in the southern part of NCRS and decreased towards the northern part of the region
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to at least 3 events during summer (Figure 3b).
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(at least 12 events), followed by autumn (at least 9 events) and a moderately low number of events
during winter (at least 6 events) (Figure 3a–c). Throughout the 15-year study, a small number of
events (at least three events) were detected in the open waters of SCRS during summer, whilst no
HAB events were observed in the open waters during winter and autumn (Figure 3a–c). The eastern
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3.2. Interactions of HABs with Aquaculture
In this Section, we investigated the possible interactions between HABs in the Al-Lith and the
nearby NAQUA aquaculture facility between 2002–2010 (see Data and methods). First, we compared

Remote Sens. 2020, 12, 3695

6 of 14

ranging from 9 to 16 days and a mean spatial coverage ranging from 500 to 5000 km2 . The seasonality
of HAB events was investigated in the NCRS and is presented in Figure 3a–c. Overall, we observed
the highest number of HAB events (at least 12 events) during summer and fewer events during winter
and autumn (at least 3 events). Over the 15-year period, no HAB events were detected on the western
coastline of the NCRS region during winter and autumn, while a small number of events were observed
during summer (at least three events). On the eastern coast, the total number of HAB events was at
least 12 in the southern part of NCRS and decreased towards the northern part of the region to at least
3 events during summer (Figure 3b).
3.1.2. South-Central Red Sea
In the SCRS, the majority of the HAB events were detected over the eastern coastline, while fewer
events were observed along the western coast and open waters of the region (Figure 2a). The duration
of HAB events appeared to be considerably higher along the eastern coastline and open waters
(9–16 days), in comparison to the western coast, which exhibited shorter events (less than 9 days)
(Figure 2b). On the east coastline, the mean spatial coverage is less than 500 km2 in the northern part
of SCRS and increases towards the southern part of the region at least ~5000 km2 . Noticeably higher
spatial coverage was observed over the western coast and the open waters of the region (>5000 km2 )
(Figure 2c). Overall, the total number of HABs was highest during summer in the SCRS region (at least
12 events), followed by autumn (at least 9 events) and a moderately low number of events during
winter (at least 6 events) (Figure 3a–c). Throughout the 15-year study, a small number of events (at least
three events) were detected in the open waters of SCRS during summer, whilst no HAB events were
observed in the open waters during winter and autumn (Figure 3a–c). The eastern coastline of the
SCRS experienced few events during the winter and autumn (at least 6 events), while maximum HAB
events was observed during summer (at least 12 events). In contrast, we observed the largest number
of HAB events along the western coast of SCRS during autumn (at least nine events) while relatively
fewer events over winter and summer seasons (at least six events).
3.1.3. Southern Red Sea
The SRS exhibited a higher occurrence of HABs than anywhere else in the Red Sea (reaching at
least 24 events), which were characterized by a longer duration and higher spatial coverage. The eastern
coastline of the SRS region experienced the highest number of HAB events (at least 18), while fewer
events occurred on the west coast and the open waters of the region (Figure 2a). A substantial part
of the SRS was observed to have more long-lasting events (17–32 days, Figure 2b). The mean spatial
coverage on the east coast was mostly low (500 km2 or less), whilst the southern part of the SRS had
spatial coverage ranging from 500–5000 km2 . The mean spatial coverage of HAB events reached values
as high as ~42,904 km2 in the open waters of the SRS (Figure 2c). The seasonal investigation of the SRS
revealed that the region is subjected to fewer events during summer (at least six events). The total
number of HAB events in the SRS was higher during winter (at least 12 events) than autumn (at least
9 events) (Figure 3a–c).
Overall, our atlas reveals that regions along the east coast of the Red Sea (excluding the NRS)
appear to be areas of higher risk of occurrence of HABs. The SCRS and SRS exhibit the highest
numbers of HABs on the eastern coastline (reaching at least 18 events), as well as persistent and fairly
widespread events (at least ~5000 km2 ). It is worthwhile to note that most of the HAB events on the
east coast of the SCRS region were observed during summer (Figure 3b). In the following Section,
we utilize the available MERIS derived Rrs observations (2002–2010) to examine the possible linkages
between HABs in the SCRS and the local aquaculture facility.
3.2. Interactions of HABs with Aquaculture
In this Section, we investigated the possible interactions between HABs in the Al-Lith and the
nearby NAQUA aquaculture facility between 2002–2010 (see Data and methods). First, we compared
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Figure 4. (a) Map showing the location of aquaculture facility in Al-Lith along the east coast of the Red
Figure 4. (a) Map showing the location of aquaculture facility in Al-Lith along the east coast of the
Sea. (b) Relationship between the spatial coverage of MERIS-derived HABs (in km2 ) in the
Al-Lith
Red Sea. (b) Relationship between the spatial coverage of MERIS-derived HABs (in km2) in the Alregion and the average annual production (in tonnes) of Al-Lith’s aquaculture facility over the period
Lith region and the average annual production (in tonnes) of Al-Lith’s aquaculture facility over the
between 2002 and 2010. (c) Seasonal time series of satellite-derived Chl-a in the coastal waters of Al-Lith
period between 2002 and 2010. (c) Seasonal time series of satellite-derived Chl-a in the coastal waters
over the period 2002 to 2010. The Chl-a dataset was acquired from version 4.1 of the ESA OC-CCI
of Al-Lith over the period 2002 to 2010. The Chl-a dataset was acquired from version 4.1 of the ESA
product and the annual aquaculture production dataset was obtained from the Sea Around Us project
OC-CCI product and the annual aquaculture production dataset was obtained from the Sea Around
(http://www.seaaroundus.org/).
Us project (http://www.seaaroundus.org/).
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the winter monsoon (October–April), prevailing south-easterly winds promote the northward advection
of nutrient-rich surface waters into the Red Sea from the Gulf of Aden [32,40–42]. During the summer
monsoon (May–September), prevailing winds reverse their direction, causing intense upwelling in the
Gulf of Aden, ultimately generating an influx of nutrient-rich water through an intermediate water
layer (Gulf of Aden Intermediate Water—GAIW) into the shallow waters of SRS [36]. This influx
of nutrient-rich waters during both monsoons could disseminate HABs in parts of the SRS and
SCRS regions throughout the year [12–14,17,18]. Besides the influx of nutrient-rich waters from
the Indian Ocean into the Red Sea, the discharge of large quantities of nutrients from domestic,
industrial, and agricultural wastes may also facilitate the growth of HAB species in the SRS and SCRS
regions [8,9,11,18,20,21]. For instance, Alkershi and Menon [9] documented a dinoflagellate HAB event
along the coastal waters of Yemen during March 2009. The high density of this dinoflagellate bloom
(up to 5.5 × 105 cells L−1 ) was observed at a station where large amounts of remains of slaughtered
fishes and waste from fishing boats are discharged. We also note that HAB events in the Red Sea region
were found to decrease northward and no events were detected by the remote sensing algorithm in the
NRS over the study period. In addition, previous studies demonstrated that HABs in the NRS were
often observed at low cell densities (<1 × 104 cells L−1 ), corresponding to low Chl-a concentrations
(<1 mg m−3 ) [18,43–45]. For instance, Madkour et al. [44] reported a cyanobacteria bloom (up to
7 × 103 cells L−1 ) that was associated with Chl-a concentrations up to 0.9 mg m−3 , which also co-occurred
with diatoms along the Egyptian coast of the NRS between 2007–2008. However, the remote sensing
algorithm used in this analysis is only capable of detecting the presence of a HAB event when Chl-a
concentrations and cell abundances exceed a minimum value of ~1 mg m−3 and ~1 × 104 cells L−1 ,
respectively [17]. We thus note that the HAB events were not detected by the remote sensing algorithm
in the NRS region over the 15-year period from 2003 to 2017. A more detailed discussion of the possible
oceanographic mechanisms that were responsible for the majority of HAB outbreaks in the three
provinces of the Red Sea is narrated below.
In the NCRS, HABs were more frequent on the south-eastern coast of the region and some of
these events were found to be consistent with the concurrent in situ sampling locations. For instance,
the presence of a HAB event detected by the remote sensing algorithm is in good agreement with the
study of Catania et al. [16], who documented the occurrence of the benthic dinoflagellate Ostreopsis sp.
over the region of Thuwal (Saudi Arabia) during the summer of 2013 (Figure S1). Catania et al. [16] also
revealed that HAB events occurred off the coast of Thuwal (Saudi Arabia) during the summer monsoon,
when warm temperatures caused corals to bleach on the inshore reefs. The corals on these inshore
reefs appeared to suffer high mortality rates and the increased availability of dead coral surfaces could
have favored the proliferation of HABs in this region [16]. In addition, we detected a HAB event
that was found to concur with Touliabah et al. [46], who reported a cyanobacteria bloom event in the
south-eastern coast of NCRS (Jeddah) during the summer of 2004 (Figure S1). This bloom event was
linked to the nutrient-rich domestic wastewater discharge along the coastal waters of Jeddah [46].
Our results also suggest a summer peak (in particular during May) in the time series of satellite-derived
Chl-a concentration (a proxy for high nutrient concentration) during 2004 over the region of Jeddah,
where the HAB event was detected (Figure S2).
In the SCRS, we observed the highest number of HAB events along the eastern coast of the region,
and the majority of those events occurred during summer. This is also concurrent with several previous
studies [8,10,11,18,20] that reported HAB events along the east coast of SCRS in the coastal waters of
Al-Lith, Doga, and Jizan during summer. The remotely sensed HAB events were found to coincide
with in situ observations acquired during previous campaigns [8,11] in Al-Lith and Doga during the
summers of 2010 and 2004, respectively (Figure S1). The prevailing north-westerly wind patterns
observed during summer 2010 (Al-Lith) and 2004 (Doga) (see Figure S1) may transport HABs towards
the south along the east coast of SCRS [8]. While HABs were detected over large distances in the east
coastal waters of SCRS, they mainly occurred locally, probably as a result of anthropogenic nutrients
and waste produced from Al-Lith’s aquaculture facility [8,10,11,18,20]. Kurten et al. [20] suggested
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that the supply of dissolved and particulate organic matter from aquaculture effluents could lead to
excessive nutrient loading that may disseminate HABs along the east coast of the SCRS during the
summer monsoon. The time series of Chl-a concentration acquired in Al-Lith and Doga (east-coast of
SCRS) during 2010, and 2004, respectively revealed that elevated Chl-a values (>1 mg m−3 ; a proxy
for high nutrient concentration) were observed over summer season (see Figure S2). Few studies
have been conducted on the distribution and abundance of HABs in the western coastline of SCRS
(in particular Sudanese Red Sea coasts) [47,48]. For example, El Hag and Nasir [47] recorded high
cell densities (up to 1 × 105 cells L−1 ) of harmful dinoflagellates along the coastal waters of Sudan.
This high accumulation of HABs along the Sudan coastal waters was associated with the high nutrient
loadings from the economical and industrial developments on the Sudanese Red Sea coast [49,50].
Previous studies investigated the circulation dynamics, including surface currents and mesoscale
eddies, which may increase the availability of nutrients and occupy large areas in the open waters of
the SCRS region [30,51]. These high nutrients could be responsible for the large-scale HAB events in
the western coastline and open waters of the SCRS region [18,47,48].
The SRS has been subjected to more HAB events than anywhere else in the Red Sea, showing
the most persistent and large-scale events in comparison to the SCRS and NCRS. Previous research
has also observed HABs in the SRS (in particular the coastal waters of Yemen) over the last two
decades [9,12–14,17]. We detected the presence of a HAB event in the coastal waters of Al-Hodeidah
during winter 2009, which is consistent with the results of Alkershi and Menon [9] who documented a
bloom of N. scintillans/miliaris during the winter 2009 in the coastal waters of Al-Hodeidah (Yemen)
[see Figure S1]. Large quantities of nutrients were observed in the coastal waters of Al-Hodeidah after
the remains of slaughtered fishes and waste from fishing boats were discharged in March 2009 [9].
The time series analysis over Al-Hodiedah (Yemeni coastal waters) also confirmed that elevated Chl-a
values (>1 mg m−3 ; a proxy for high nutrient concentration) were observed between February–March
in 2009 (see Figure S2). Furthermore, south-easterly winds were clearly observed during winter 2009
over the SRS, which could have re-distributed HAB species to the open waters of the region (Figure S1).
To support this observation, Gokul et al. [17] suggested that regional dynamic circulation could transfer
HABs hundreds of kilometers away. In addition, our results are consistent with Alkwari et al. [14],
who reported the occurrence of intense P. bahamense blooms (<1×105 cells L−1 ) along the coastal waters
of Yemen during winter 2013 (see Station ‘S20 in the HAB map of Al-Hodeidah region (winter 2013)
in Figure S1). Besides, Alkawari et al., [14] reported a cyanobacteria T. erythraeum blooms that were
observed as spatially less dense (>1×104 cells L−1 ) along with the dinoflagellates P. bahamense in the
coastal waters of Yemen during winter 2013. These HAB events were linked to south-easterly wind
patterns that promotes the northward advection of nutrient-rich surface waters into the Red Sea from
the Gulf of Aden during the winter monsoon [14,18]. However, the remote sensing algorithm of Gokul
et al. [17] is limited at detecting the cyanobacteria T. erythraeum along the coastal waters of Yemen
during winter 2013 (see Station “S1” in the HAB map of Al-Hodeidah region (winter 2013) in Figure S1).
We therefore acknowledge an uncertainty in the accuracy of the remote sensing model at detecting
HABs that are spatially less dense, and/or composed of mixed assemblages of phytoplankton (especially
cyanobacteria with dinoflagellates). We also note that the persistent presence of clouds, sun-glint,
and sensor saturation over sand severely reduces the retrieval of satellite ocean color observations from
the MODIS-Aqua data in the southern part of the Red Sea region (including SCRS) during the summer
monsoon (June–September) [23–25,52,53]. This may inhibit the investigation of HABs in the region
during the aforementioned period and thus could explain why we observed relatively few events in
the SRS during summer (see Figure 3b). The satellite observations that are affected by the adverse
atmospheric condition (Haze and clouds) may cause an uncertainty in determining the duration of
HAB events over the summer monsoon. For example, Mohamed and Al-Shehri [11] reported the
occurrence of a HAB event (raphidophyte H. akashiwo) between mid-May and mid-June (24–32 days)
of 2010 in the vicinity of Al-Lith’s aquaculture facility. However, these adverse atmospheric conditions
may hinder the ability of the remote sensing algorithm of Gokul et al. [17] to detect the aforementioned
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HAB event during June 2010. We therefore note that the duration of remotely sensed HAB events was
found to be considerably lower in the Al-Lith region (9–16 days) during 2010, in comparison to the in
situ observations.
HABs occur naturally in the Red Sea but may also be exacerbated with anthropogenically-driven
activities such as pollution, local aquaculture expansion and ballast water transport [8–11,18,20,21].
The NAQUA is the largest aquaculture facility in the Red Sea, is an important contributor to the
socio-economic development of the Kingdom of Saudi Arabia and helps to meet the growing demand
of seafood products in the nation [21,54–57]. Although NAQUA is important for food and economic
prosperity, it is a point source of anthropogenic nutrients to the coastal waters of Al-Lith [10,11,18,21,56].
A recent study suggested that the highest discharge of nutrients and waste follows the flushing of
shrimp aquaculture ponds in the coastal waters of Al-Lith [21]. The aquaculture facility aims for three
harvests per year and after each harvest, the ponds are flushed and dried for one month. The exact
timing of flushing is unknown, although the harvest cycles suggest that the flushing of the aquaculture
ponds takes place all year round [21]. Furthermore, the wastewater discharged from the aquaculture
outfall may facilitate the proliferation of HAB species in an otherwise oligotrophic region during
the stratified conditions in summer [10,11,20,21,30]. We found that the spatial coverage of HABs in
regions nearby to NAQUA increased in conjunction with the average annual aquaculture production
during the nine-year period (2002–2010) (Figure 4b). In addition, we noticed that satellite-derived Chl-a
concentrations were also high (>1 mg m−3 ) during the summer season and exhibited an increasing
trend over the period of 2002–2010 (Figure 4c). This is analogous with the results of Hozumi et al. [21],
who revealed that water discharged from the aquaculture facility was characterized by high in situ
Chl-a concentration (>1 mg m−3 ) during the summer season between 2014 and 2015. Thus, our results
imply that HAB events have expanded both in time and space alongside intensified aquaculture
production in the coastal regions of Al-Lith. Mohamed and Al-Shehri [11] also suggested that the
intensive aquaculture operations of the NAQUA facility causes self-pollution as a result of excessive
feeding and fish feces, causing eutrophication in the aquaculture area. This may disseminate HABs in
the coastal waters of Al-Lith over summer monsoon. These HAB events may pose a serious threat to
the sustainable exploitation of the aquaculture sector [11,21]. Thus, the expansion and sustainability of
Al-Lith’s aquaculture facility are dependent on the adoption of management practices that minimize
the impact of excessive nutrient loading. For instance, as a part of the sustainability programme,
Al-Lith’s NAQUA facility is developing mangroves plantations in order to mitigate the environmental
issues including impacts on public health, fisheries, and aquaculture (https://thefishsite.com/articles/
sustainable-antibiotic-free-aquaculture-on-the-desert-coast). However, further efforts should be made
in managing the aquaculture wastewaters, since there is a clear association between the excessive
nutrient loading from aquacultures and increased phytoplankton biomass (including harmful algae).
From a management perspective, HABs in the Red Sea are considered to be one of the most
important direct drivers of biodiversity loss and change in ecosystem services regionally [13,16,18].
As we have shown, our atlas can identify high-risk areas in the Red Sea. For instance, we have detected
a potential high-risk area in the NCRS (particularly along the southeastern coastline). As this region
supports an important level of biodiversity and may consequently sustain numerous communities of
organisms throughout the Red Sea [38,58,59], we suggest that the NCRS may possibly require HAB
management. In comparison to the NCRS, the SCRS has experienced a higher occurrence of HABs
along its’ eastern coast over the last two decades. This region is well known for its annual whale shark
aggregations [21,60,61], yet shows an accumulation of HAB threats. Thus, there is a pressing need
to conduct further research in this region in order to elucidate the potential detrimental impacts of
HABs on marine organisms. We also highlight the possible need for HAB management in Red Sea
regions other than the southern part, such as the central part of the basin, as these regions are subject
to the substantial elevation of nutrient loading associated with the coastal urbanization, industrial
expansion and aquaculture development along the Saudi Arabian Red Sea coast [8,10,11,18,20,46].
We also propose the SRS to be a prime candidate, as it exhibits the highest number of HABs as well
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as the most persistent and large-scale events in the entire Red Sea. In addition, it is also a region
where the seasonal inflow of surface water from the Gulf of Aden appears to play an important role in
the maintenance of pelagic organisms and their distribution within the Red Sea [12–14,30,39,62,63].
Previous studies have also identified the region as the most highly HAB-affected part of the Red Sea
and is often associated with severe fish mortalities and numerous ecological impacts [9,12–14,17].
5. Conclusions
Our results revealed that the highest number of HAB events occurred in the SRS, followed by the
SCRS and the NCRS. In addition, HAB events detected in the SRS and SCRS were characterized by
a longer duration and an increased spatial extent, in comparison to the NCRS. In particular, regions
along the east coast (excluding the NRS) appear to be more at high-risk for the occurrence of HABs.
HAB events exhibit a distinct seasonality, with a higher number of events occurring during summer in
comparison to winter and autumn. Investigations of the potential linkages of HABs with the largest
aquaculture facility in the Red Sea revealed that HABs have expanded, both in space and time, over the
east coast of the SCRS in conjunction with intensified local aquaculture production. It is therefore
possible that HAB events in this region have increased alongside farming operations, which could pose
a serious threat to the sustainable exploitation of the aquaculture sector and the coastal environment.
The implementation of integrated, conservation-oriented management plans are necessary if HABs
become more frequent in the proximity of the aquaculture facility. Since the aquaculture industry
is a financial asset for the Kingdom of Saudi Arabia, a national wastewater management program
should also be implemented, in order to prevent the excessive nutrient loading into the oligotrophic
Red Sea ecosystem.
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