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The potential of high-frequency profiling to assess vertical and
seasonal patterns of phytoplankton dynamics in lakes: an extension
of the Plankton Ecology Group (PEG) model
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Abstract

The use of high-frequency sensors on profiling buoys to investigate physical, chemical, and biological processes in lakes is

increasing rapidly. Profiling buoys with automated winches and sensors that collect high-frequency chlorophyll fluorescence
(ChIF) profiles in 11 lakes in the Global Lake Ecological Observatory Network (GLEON) allowed the study of the vertical
and temporal distribution of ChlF, including the formation of subsurface chlorophyll maxima (SSCM). The effectiveness of 3
methods for sampling phytoplankton distributions in lakes, including (1) manual profiles, (2) single-depth buoys, and (3)
profiling buoys were assessed. High-frequency ChIF surface data and profiles were compared to predictions from the
Plankton Ecology Group (PEG) model. The depth-integrated ChIF dynamics measured by the profiling buoy data revealed a
greater complexity that neither conventional sampling nor the generalized PEG model captured. Conventional sampling
techniques would have missed SSCM in 7 of 11 study lakes. Although surface-only ChlF data underestimated average water
column ChIF, at times by nearly 2-fold in 4 of the lakes, overall there was a remarkable similarity between surface and mean
water column data. Contrary to the PEG model’s proposed negligible role for physical control of phytoplankton during the
growing season, thermal structure and light availability were closely associated with ChIF seasonal depth distribution. Thus,
an extension of the PEG model is proposed, with a new conceptual framework that explicitly includes physical metrics to
better predict SSCM formation in lakes and highlight when profiling buoys are especially informative.
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Introduction

Subsurface chlorophyll maxima (SSCM) are common and
widespread in both freshwater and marine ecosystems
(Fee 1976, Huisman et al. 2006, Hamilton et al. 2010,
Beisner and Longhi 2013, Cullen 2015). Little is known,
however, about the dynamics of these chlorophyll layers
and their influence on overall productivity in lakes. Under-
standing the impact of SSCM on lake ecology is hindered
by the ability to achieve adequate spatial and temporal
sampling resolution. In some cases, net primary
production at the SSCM can account for as much as 72%
of the productivity on an areal basis in oligotrophic lakes
(Moll and Stoermer 1982). Sub-epilimnetic phytoplankton
production in transparent, low-nutrient lakes can be
important for higher trophic levels because it may
represent a high-quality food source for zooplankton
(Williamson et al. 1996, Matthews and Mazumder 2006,
Francis et al. 2011) as well as a nutritional source for
benthic filter feeders (Malkin et al. 2012). Inland waters
are experiencing increasing pressures ranging from shifts
in land use and land cover within their catchment to
climate change and consequent increases in air
temperature, drought, and extreme precipitation events
(Grimm et al. 2013, Hayes et al. 2015). Many of these
changes lead to declining water transparency that in turn
may shift or inhibit the formation of SSCM layers.
Increasing nutrient loads and warming air and water
temperatures contribute to cultural eutrophication of
inland and coastal waters, which may increase the
formation of surface blooms of toxic cyanobacteria and
other algae, with many negative ecosystem consequences
(Carpenter et al. 1998, Dodds et al. 2009, Brookes and
Carey 2011, Taranu et al. 2015).

A major challenge in aquatic ecosystem science is to
accurately characterize the spatial and temporal dynamics
of subsurface phytoplankton blooms and their impact on
lake water quality, productivity, and food web ecology.
Recent advances in environmental sensors and observation
platforms are rapidly increasing our ability to resolve both
temporal and vertical dynamics of physical, chemical, and
biological factors in lakes, providing new insights into
these understudied subsurface features. Challenges still
arise with these new methods, however, because chloro-
phyll-based observations have the potential to overesti-
mate phytoplankton biomass. For instance, although
chlorophyll a (Chl-a) measurements from water sample
extracts or in situ fluorescence are often used to assess
phytoplankton dynamics, chlorophyll to biomass ratios
increase under the lower light and higher nutrient
conditions of the SSCM environment (Geider et al. 1998,
Fennel and Boss 2003). Non-photochemical quenching of
chlorophyll fluorescence (ChlF) can also complicate the

interpretation of fluorescence profiles made during the day
(Huot and Babin 2010). When phytoplankton are exposed
to high irradiance, a greater fraction of the absorbed
energy is released as heat, reducing the quantum yield of
fluorescence, and thereby the measured ChIF per unit of
Chl-a, leading to a reduced estimate of Chl-a relative to
dark regulated cells (e.g., Serra et al. 2009, Huot and
Babin 2010, Proctor and Roesler 2010). Despite these
limitations, chlorophyll remains one of the most effective
proxies to assess the complex spatial and temporal
dynamics of SSCM, which are observed not only in lakes
but also in many areas of the ocean (Cullen 2015).
Buoy-based ChIF measurements have the additional
advantage of collecting data remotely at night, leading to
more stable and accurate chlorophyll measurements from
in situ fluorometers than with manual daytime sampling.

Early research on SSCM by Fee (1976) provided clear
evidence for the need to collect continuous profiles instead
of sampling over discrete depths. Fee compared discrete
samples and manual ChlIF profiles in 6 lakes of the Experi-
mental Lakes Area in northwestern Ontario to show that
whole lake chlorophyll estimates from discrete samples
would have missed the chlorophyll peak entirely and only
captured 40% of the total mass of chlorophyll in a lake
(1976). Recently, coupled hydrodynamic and ecological
models have taken a more mechanistic approach to under-
standing the drivers of phytoplankton vertical positioning
in the water column (Mellard et al. 2011, White and
Matsumoto 2012, Hamilton et al. 2015), but such models
require high resolution data to validate the variability
observed. Advanced methods that capture short-term
vertical phytoplankton dynamics are necessary because
the maximum specific growth rate of phytoplankton can
be on the order of 0.1-0.86 d' (Reynolds 2006), and
phytoplankton blooms can form and dissipate within a
few days. The phytoplankton species that commonly form
SSCM consist of mobile species adapted to live in
low-light conditions, such as Cryptomonas spp.,
Dinobryon spp., Gymnodinium spp., Chrysosphaerella
spp., and Synura spp. (Fee 1976, Barbiero and Tuchman
2004, Reynolds 2006). Some phytoplankton species (i.e.,
phytoflagellates) also show daily migrations, and vertical
migration rates can range from <1 to 20 m d™! or even as
high as 90 m d™' for some species of Microcystis (Reynolds
and Walsby 1975). Therefore, to describe the frequency
and intensity of phytoplankton blooms, an estimated
minimum sample frequency of 4-6 times per week would
be needed (Pomati et al. 2011), but even higher frequency
sampling of multiple times per day would be necessary to
capture their vertical migrations.

These short-term dynamics can have far-reaching
effects that influence the seasonal structure and phenology
of phytoplankton distributions. Manual profiles once a
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week or once every 2 weeks will be insufficient to capture
fine-scale vertical dynamics, and sensors deployed at the
lake surface will miss variation in ChlF below the surface
mixed layer that occurs during thermally stratified periods.
The phenology of SSCM are one feature in lakes that can be
missed with surface only sampling, which can lead to large
underestimates of Chl-a because the Chl-a concentration in
deep layers can be 1.5-2.5 times greater than in surface
layers (Barbiero and Tuchman 2004). High-frequency
temporal and vertical measurements are therefore needed to
provide a more thorough assessment of the seasonal
changes in phytoplankton dynamics and the drivers of
planktonic succession across temporal scales ranging from
hours to months.

The Global Lake Ecological Observatory Network
(GLEON) has brought scientists together with the
common goal of using high-frequency sensor data
collected on buoys deployed in lakes around the world to
improve the understanding of lake functions (Weathers et
al. 2013). Although many GLEON sites use stationary
buoys to deploy sensors at a single depth, recent techno-
logical advancements have made it feasible to collect high
temporal and depth-distributed data with profiling buoys.
Profiling buoys have commonly been used for oceano-
graphic research (Prairie et al. 2011, Mignot et al. 2014),
but their use in limnology is more recent, and few studies
have been published to date (Pomati et al. 2011, Staehr et
al. 2012, Obrador et al. 2014). Studies by Stachr et al.
(2012) and Obrador et al. (2014) used profiling buoys to
investigate vertical heterogeneity in metabolism estimates,
and Pomati et al. (2011) coupled high-frequency profiling
with flow-cytometry to understand the drivers of diversity
and dynamic processes in phytoplankton communities in
one lake. High-frequency profiling captured an environ-
mental disturbance that led to decreased functional
diversity and a period of cyanobacterial dominance that
would have been missed with traditional limnological
methods (Pomati et al. 2011). Recent advances in
autonomous and Lagrangian platforms and sensors (ALPS)
were summarized in a special issue by Dickey et al. (2008);
however, only one paper in the issue included a lake study
with an autonomous vertical profiler (Caron et al. 2008).
The authors investigated micro-scale dynamics of phyto-
plankton and found high spatial and temporal heterogene-
ity in ChlF, potentially due to vertical mixing and
migratory behavior of phytoplankton (Caron et al. 2008).
Previous studies have focused on a single or a few nearby
lakes, but the large vertical heterogeneity in phytoplank-
ton dynamics observed in these profiling buoy studies
highlights the need for further research examining
subsurface ChlF layers at high-resolution temporal and
vertical scales across a global set of lakes. Profiling buoys
also have the added benefit of collecting data over the

entire ice-free season or year-round, so seasonal changes
in phytoplankton dynamics can be examined in relation to
existing conceptual models.

In 1986, the Plankton Ecology Group (PEG) developed
a conceptual model to explain the seasonal patterns of
change in phytoplankton biomass, leading to one of the
most cited papers in limnology (Sommer et al. 1986). This
conceptual model was revisited by the same group 26 years
later, and although recent research on multiple factors
including limitation by parasites, food quality, predators,
and climate change were found to explain some of the
changes in species composition, the fundamental seasonal
patterns of phytoplankton dynamics remained unchanged
(Sommer et al. 2012, De Senerpont Domis et al. 2013).
Although neither the original PEG model nor subsequent
papers stated at what depth data were collected to inform
the model, the predictions were likely based on periodic,
epilimnetic samples. Because of the widespread occurrence
of SSCM in many lakes, more explicit analysis of phyto-
plankton abundance throughout the water column could
strengthen and improve the PEG model.

Despite early work identifying the importance of
physical factors for SSCM in lakes (e.g., Fee 1976, Abott
et al. 1984), the PEG model hypothesizes that physical
control on phytoplankton is low throughout the growing
season (Sommer et al. 1986, 2012). The model focuses on
the predominance of biological events regulating phyto-
plankton dynamics, with physical factors thought to be
important only during the beginning and end of spring and
fall. Physical factors, specifically light and temperature,
have previously been shown to be important regulators of
the depth of the SSCM in aquatic ecosystems (Fee 1976,
Cullen 1982, Abbott et al. 1984, Hamilton et al. 2010,
Beisner and Longhi 2013, Jobin and Beisner 2014).
Thermal stratification is often considered a prerequisite
for SSCM development in lakes (Jobin and Beisner 2014);
however, once thermal stratification is in place, the
euphotic depth is often highly correlated with the depth of
the SSCM (Fee 1976, Hamilton et al. 2010).

Here, we examined the potential for in situ fluorome-
ters on automated profiling buoys to more fully resolve the
temporal and vertical resolution of phytoplankton using
ChlIF as a proxy. Classical manual sampling of
phytoplankton in lakes can now be augmented with sensors
used (1) for manual profiles, (2) on single depth automated
buoys, and more recently (3) with automated buoys that
provide vertical profiles of the water column. Specifically,
we asked: how can high-resolution temporal and vertical
ChlIF data collected with fluorometers on profiling buoys
add to our understanding of seasonal patterns of phyto-
plankton dynamics and extend the PEG model? Our study
encompassed 11 lakes across the globe that span a gradient
of trophic status. We compared high-frequency ChIF data
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Table 1. Summary characteristics of the 11 lakes used in the analysis. Epilimnetic chlorophyll (Chl-a), 1% PAR depth, and Secchi depth are
June—August averages for the profiling buoy deployment year, except for Lake Rotoehu data, which are a December—February average. Lakes

are sorted by trophic status according to epilimnetic Chl-a.

Lake Country Lat. Long. Year Lake Max Lake Trophic Epilimnetic 1% PAR Secchi
area  depth mixing status* Chl-a (ugL™") depth (m) depth (m)
(km?)  (m) status’ +SD +SD +SD
Lacawac USA 41°22'N  75°17'W 2014 0.2 13 D 0,DY 1.5+0.7 58+0.6 32+03
Crystal USA 46°N 89°35'W 2014 034 204 D (¢} 1.6 +0.6 149+£09 7.1+1.3
Montjoie Canada  45°24'N  72°6'W 2013 329 222 D (0] 23+09 7.4+0.6 3205
Furnace Ireland ~ 53°55'N 9°34'W 2013 1.41 21 ME O,DY 23+0.9 4.7¢ 1.8
Ashokan USA 41°56'N  74°13'W 2011 122 564 D (¢} 2.6+0.8 73+2.1 NA
Erken Sweden 59°5I'N  18°37'E 2014  24.2 21 D M 49+4.0 8.8 3.9+0.9
Rotoehu NZ* 38°1'S  176°32'E 2014 8.1 13.5 P M 51423 7718 3.4+£08
Bure Denmark 55°50'N  12°13'E 2012 0.76  10.8 P M 6.3+3.6 72+13 38+1.0
Greifensee  SWZ**  47°2I'N  8°41'E 2013 8.5 32 MO E 93+4.9 8.7+33 NA
Mendota USA 43°5'N  89°24'W 2010 394 26 D E 9.9+5.38 7.9¢ 3.5£2.4
Kinneret Israel 32°50'N  35°35'E 2014 170 42 MO E 17.6 135 103+1.7 29405

* New Zealand, ** Switzerland;

" D = dimictic, ME = meromictic, P = polymictic, MO = monomictic; * O = oligotrophic,

M = mesotrophic, DY = dystrophic, E = eutrophic; ¢ 1% PAR depth estimated by multiplying Secchi depth by 2.25

collected at the lake surface, as well as averaged over the
water column, to the generalized PEG model for eutrophic
and oligotrophic lakes. We then assessed the advantages
and limitations of the 3 sampling methods in resolving the
seasonal patterns of phytoplankton dynamics. Finally, to
examine the role of physical control on SSCM, we used
high-frequency profiling buoy data from 3 representative
study lakes (small, oligotrophic Crystal; moderate-sized,
oligo-mesotrophic  Montjoie; and larger, ecutrophic
Greifensee; Table 1) to produce depth versus time isopleths
of ChIF that enable visualization of the relationship
between important physical characteristics of the lakes
(i.e., euphotic zone as well as the upper and lower
metalimnion boundaries) and phytoplankton dynamics.

Methods

Study sites

High-frequency temporal and spatial ChlF data from
automated profiling buoys were used to assess seasonal
phytoplankton dynamics in 9 temperate and 2 subtropical
lakes. All sites contribute data to GLEON, and all but 1
lake (Rotoehu, New Zealand) are in the Northern
Hemisphere. Of the study lakes 5 were oligotrophic, 3
mesotrophic, and 3 eutrophic, with mean summer (Jun—
Aug) epilimnetic Chl-a concentrations averaging 1.5-2.6,
4.9-6.3, and 9.3-17.6 ug L, respectively (Table 1). The
study lakes cover a wide range of mixing regimes
including 6 dimictic, 2 polymictic, 2 monomictic, and
Furnace, a meromictic, coastal brackish lake that has not
mixed completely since 1995 (Cassina et al. 2013).
Furnace also experiences tidal influences and blooms of

marine or brackish water phytoplankton species following
especially high tides (E. de Eyto, Marine Institute, unpubl.
data). The lakes range in area from 0.2 km? for Lacawac to
170 km? for Kinneret, and maximum depths range from
10.8 m in Bure to 56.4 m in the west basin of Ashokan
Reservoir. A single year of profiling buoy data from each
lake was analyzed for this study, primarily from 2013 or
2014 (Table 1).

Profiling buoy and sensor information

Profiling buoys were deployed during the ice-free season
(ranging from Apr to Nov) for temperate lakes or
year-round where weather conditions allowed. The
minimum time period of data collected was 3 months. The
type of profiling buoy used was lake-specific and ranged
from commercially available systems to individually
designed automated profiling moorings (Fig. 1). Profiling
buoys were typically powered by solar panels and
rechargeable batteries. The number of vertical profiles
collected per day varied from 4 to 48 (Table 2). The depth
resolution of the profiles spanned a wide range with near
continuous profiles at 0.03 m intervals to the more
common approach of sampling at 1 m resolution from the
lake surface to near the lake bottom (Table 2).

Each of the study lakes has a unique profiling system,
and a suite of different sensors is often profiled together
with a variety of methods used to transmit the data,
including radio, cellular, and Bluetooth communication
systems. When profiling, a “dwell time” is often used to
allow slow response sensors (e.g., pH and dissolved
oxygen) time to stabilize. Dwell times for the profiling
buoys in this study ranged from near continuous (1 s) to
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Table 2. Profiling buoy and chlorophyll fluorometer sensor manufacturer information. Profiling depth range represents the range of depths
sampled by the profiling buoy, and the resolution in parentheses corresponds to the sample interval at which each of the readings was taken
throughout this depth range. Dwell time corresponds to the duration (s) the profiler was stationary at each depth before a reading was taken.
Company information for the sensor manufacturers is included below the table.

Lake Number of profiles ~ Profile depth range and Chlorophyll fluorometer Dwell time (s)
per day sampling interval (m) sensor manufacturer
Lacawac 4 0.5, 1-12 (1) Turner Designs Cyclops-7+ 360
Crystal 24 1-18 (1) Turner Designs Cyclops-7 420
Montjoie 8-24* 0.3-14.5 (0.03) Wetlabs ECOP 1
Furnace 4 0.1-11.7 (0.17) Datasonde DX5¢ 120
Ashokan 4 0-33 (1) YSI 6600 V2¢ 360
Erken 4 1-11 (1) YSI 6600 V2 & YSI EXO2 60
Rotoehu 12 0.5-8.5(0.5) Turner Designs Cyclops-7 60
Bure 48 0.5,1-9 (1) YSI 6600 V2 120
Greifensee 12 1.4-17 (0.1) Chelsea Technologies 1
TriLuxe

Mendota 12 2-18 (1) YSI 6600 V2 420
Kinneret 2-4 0-39 (0.5) Turner Designs Cyclops-7 30

* Profiles in Montjoie were every 3 h from 13 June to 11 July; every 2 h from 11 July to 15 August; and every 1 h from 15 to 25 August 2013; *
Sunnyvale, CA, USA; ®Philomath, OR, USA;Portland, OR, USA; ¢ Yellow Springs, OH, USA; ¢ West Molesey, Surrey, UK

Fig. 1. Images of profiling buoys from 11 GLEON member study lakes. Profiling buoys, arranged in alphabetical order starting from the top
left-hand corner and left to right are as follows: Ashokan, Bure, Crystal, Erken, Furnace, Greifensee, Kinneret, Lacawac, Mendota, Montjoie,
and Rotoehu. Photo credits: Ashokan: Perri Paul and Tom Mills, NYC DEP; Bure: Peter Stachr; Crystal: Kevin Rose; Erken: William Colom-
Montero; Furnace: Elizabeth Ryder; Kinneret: Werner Eckert; Lacawac: Lesley Knoll; Mendota: Luke Winslow; Montjoie: Yannick Huot; and
Rotoehu: Chris McBride.
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7 min, but because of the fast response time (<1 s) of most
ChlF, irradiance, and water temperature sensors used in
this analysis, differences in dwell time between the lakes
are likely less important (Table 2). Commercially
available ChlIF sensors from a range of different manufac-
turers were deployed on the profiling buoys (Table 2). The
minimum chlorophyll detection limit of all of the sensors
was <0.1 ug L™'. Wipers were used on most of the ChIF
sensors to prevent biofouling, or sensors were cleaned
manually once every 2 weeks; data were quality-control
checked, and any erroneous readings were removed.

In addition to ChIF data, temperature and photosyn-
thetically active radiation (PAR) data were used from 3 of
the lakes. In Montjoie, temperature data were collected
using a Multiparameter 600R sonde (YSI, Ohio, USA;
0.25 Hz). The 600R temperature sensor has a slower
response time than the ChIF sensors, and results are
considered to be a weighted average of the last ~40 cm.
Irradiance data were measured with a Hyperspectral
irradiance sensor (HyperOCR, Satlantic, Canada) every
3 nm in the visible wavelength range (400-700 nm). In
Crystal, automated irradiance buoy profiles were not
collected, so manual profiles collected with a LiCor PAR
sensor (Lincoln, NE, USA) and a profiling ultraviolet
(PUV) radiometer (PAR channel 400—700 nm; Biospherical
Instruments Inc., CA, USA) were used instead.
Temperature data were collected on the profiling buoy
with a Hydrolab temperature sensor (CO, USA). Lastly, in
Greifensee, automated irradiance profiles were also
collected with a LiCor sensor, and temperature data were
measured with an Ocean Seven 316Plus CTD (O7) mul-
tiparameter probe (Idronaut, Brugherio, Italy).

Chlorophyll fluorescence data analysis

Because of the variability in sensor manufacturers (Table
2) and the lack of intercalibration among sensors, analyses
herein focus on relative changes in ChlF over depth and
time within each lake as well as how these relative
patterns vary among lakes. No comparisons were made
between the absolute magnitude of the ChlF signal among
lakes. Relationships between ChIF data and extracted
Chl-a concentrations from water samples also vary widely
and are specific to sensor type, lake, and time period as
well as seasonal changes in light, nutrients, water
temperature, and phytoplankton community composition
(Cullen 1982). Therefore, no attempt was made to convert
raw ChlIF signals to Chl-a extraction equivalent concentra-
tions except for Montjoie, where factory calibrations were
used to provide an estimate of Chl-a concentrations. ChlF
data were used as a proxy of phytoplankton biomass, with
a focus on examining the rates of change over depth and
time to provide a rapid, sensitive, and nonintrusive way to

assess the relative amount of phytoplankton abundance
present from automated profiles (Cullen 1982, Huot and
Babin 2010).

For the analysis of vertical ChlF profiles, temperature
corrections were not applied to the ChlIF data because no
appropriate method for applying a temperature correction
to in vivo fluorescence data exists. To avoid reduced ChIF
values associated with non-photochemical quenching
(NPQ, discussed later), only nighttime data were used for
all analyses except one lake. In Kinneret, a nighttime
profile was used whenever possible, but these were not
consistently taken at the beginning of the study period, so
midday profiles were used (Jan and Feb only). Kinneret is
also one of the least transparent lakes in this study, and the
impact of NPQ is likely restricted to the lake surface.
Nighttime was defined as between 2200 and 0400 h local
time for each lake. Midnight profiles were used unless
unavailable, in which case the next closest profile in time
was used.

NPQ often occurs at higher irradiance, so shallower
surface waters are more susceptible, although the effect
may extend deeper in transparent waters. To assess the
potential importance of NPQ, daily ChlIF profiles collected
at noon in Crystal were subtracted from daily ChlF profiles
collected at midnight. The greatest difference between the
midnight and noon data was evident in the top 5 m of the
water column in early May and extended down to 10 m in
late May as the 1% PAR depth increased from 11 to 15 m
(Fig. 2). Noon ChIF values at 1 m were as much as 5
relative fluorescence units (RFU) lower than the corre-
sponding midnight ChlF values (Fig. 2).

To compare seasonal patterns in ChlF data from the
profiling buoys with the PEG model (Sommer et al. 1986,
2012), ChIF data from the range of years in this study
were standardized to the day of the year irrespective of the
actual data collection year. The seasonal time scale for
Rotoehu in the Southern Hemisphere was shifted by 6
months to match the seasonal patterns of the Northern
Hemisphere. A LOESS smoothing procedure was applied
to a daily time series of surface data and mean water
column ChIF data collected at night, and the data were
normalized to the seasonal maximum of the smoothed
data. Surface readings ranged in depth from 0 to 2 m, and
the shallowest reading with the least amount of missing
data for each lake was used. These normalized data were
scaled to a maximum value of 100 for eutrophic and
mesotrophic lakes and 50 for oligotrophic lakes to be
consistent with the presentation of the patterns in PEG
model publications (Sommer et al. 1986, 2012).

The original PEG model line redrawn from figure 6 in
Sommer et al. (1986) was superimposed on data from
each of the profiling buoys. Because no time scale was
provided on the original PEG model, the first low point on

© International Society of Limnology 2016

DOI: 10.5268/IW-6.4.890



The potential of high-frequency profiling to assess vertical and seasonal patterns of phytoplankton dynamics 571

the PEG time series was identified as the spring
clear-water phase and used as a reference point to align
the conceptual model to the buoy time series data based
on studies identifying when the peak of the phytoplankton
minimum occurs (Lampert et al. 1986, Sommer et al.
1986). In eutrophic lakes, the clear-water phase typically
occurs in mid-May (Lampert et al. 1986), immediately
after the spring phytoplankton peak, and lasts no longer
than 1 month (Sommer et al. 1986). For mesotrophic and
oligotrophic lakes, the clear-water phase occurs later
(around mid-Jun) and extends further into the summer
(Sommer et al. 1986, Williamson et al. 2007, Droscher et
al. 2009). Differences in the timing of the spring
clear-water phase among lakes resulted in adjustment of
the PEG model line accordingly to best match the profiling
buoy data. Only relative differences are described here
due to the conceptual nature of the framework, and 5 of
the lakes (Erken, Greifensee, Lacawac, Mendota, and
Montjoie) are not shown due to a short time period of

ChIF
(Relative)

12

10

8

6

4

2
25-May

Fig. 2. Crystal Lake (WI, USA) midnight chlorophyll fluorescence
(ChIF) profiles (top), noon ChlF profiles (middle), and the difference
between midnight and noon ChIF (bottom) for 9-31 May 2014 to
highlight the presence of sunlight-induced non-photochemical
quenching and consequently lower ChlF in surface waters during the
day compared to at night.

Depth (m)

15" ‘ ‘ -

10-May 15-May

20-May 30-May

available data.

To assess the different temporal and vertical scales of
variability in ChlF, daily vertical profiling buoy data from
Lacawac were compared to high temporal but low vertical
resolution data collected at 1 m and to high vertical but
low temporal resolution data collected weekly using
manual profiles. Midnight ChlF vertical profiles from 5 to
13 June 2014 were used. Missing data at 1 m on 9 and 11
June were filled with a linear interpolation procedure to
facilitate visual comparisons. A daily average of the water
column ChIF was also calculated for comparison with
depth resolved vertical profiles. In addition, for each study
lake, an annual and monthly average of the ratio of the
mean of the water column ChIF to surface ChIF was
calculated from nighttime profiles for the months with
available data.

Physical control metrics

The 1% PAR depth, a proxy for the euphotic zone, and the
depth of the metalimnion (top and bottom) for 3 lakes
(Crystal, Montjoie, and Greifensee) were calculated. For
Greifensee, linear interpolation was used to fill missing
ChIF data to 0.1 m intervals over periods <2 d. A daily
estimate of the 1% PAR depth was calculated from noon
profiles or from the profile closest to noon between 1000
and 1600 h. Diffuse attenuation coefficients (X,) for PAR
were calculated using the Lambert-Beer equation from
vertical profiles of downwelling irradiance (Kirk 1994):

E4(2)
_ln[Ed(o)
VA

Kq = (1)
where E, (0) represents the irradiance immediately below
the surface of the lake, and E, (z) represents the irradiance
at depth z. The euphotic depth (Z,,,) was calculated from
equation 1.

To estimate the daily upper and lower boundaries of
the metalimnion, water temperature data from midnight
profiles were binned to 0.5 m increments. Nighttime
profiles were used to be consistent with the ChlF profiles
and to avoid transient diurnal stratification effects,
which can occasionally occur during midday on small
lakes. The metalimnion was defined based on water
density but corresponded approximately to the depths in
the lake with a gradient >1 °C m™' at temperatures ~20
°C (Wetzel 2001). The metalimnion depths were
calculated using the rLakeAnalyzer package (Winslow
et al. 2014) based on the methods in Read et al. (2011).
All analyses were performed in R 3.1.1 (R Development
Core Team 2015).
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Results

SSCM were observed at some point during the seasonal
time period in all lakes except 4 of the mesotrophic to
eutrophic lakes (Bure, Rotoechu, Mendota, and Erken), of
which 2 are polymictic (Bure and Rotoehu). Early season
data were absent in Erken and Mendota, so possibly an
SSCM was missed. As the season progressed, the SSCM
peak typically increased in depth and became narrower in
width. For oligotrophic lakes, the SSCM were more
common and persistent throughout the entire season,
whereas in the most eutrophic lakes, including Greifensee
and Kinneret, an SSCM was present at the beginning of
the time series, but the depth of the ChlF maximum moved
to the surface waters shortly thereafter and remained there
for the rest of season.

Profiling buoys and the PEG model
Overall, the eutrophic lakes showed better agreement with

the PEG model than did the oligotrophic lakes (Fig. 3),
although variability among lakes was high in the number,

Eutrophic

Oligotrophic

125] a. Rotoehu d. Crystal

V%)

c. Furnace

e e

f. Ashokan

25| b.Bure
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25| ¢ Kinneret
100
75 / \\’
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—— surface data
—— mean water column data

surface data

—— mean water column data
Fig. 3. Plankton Ecology Group (PEG) model of changes in phyto-
plankton biomass (black line from Sommer et al. 2012) overlaid on
surface and mean water column midnight chlorophyll fluorescence
(ChlIF) data collected from profiling buoys for eutrophic and oligo-
trophic lakes. Lakes are arranged in order of increasing trophic
status for eutrophic lakes (left) and oligotrophic lakes (right): (a)
Rotoehu, (b) Bure, (c¢) Kinneret, (d) Crystal, (e¢) Furnace, (f)
Ashokan.

magnitude, and timing of the phytoplankton peaks. Three
clear temporal peaks in phytoplankton were evident,
including in spring, summer, and fall in Rotoehu and Bure
(Fig. 3a and b), as presented in the PEG model. In
Kinneret, only 2 well-defined peaks were present,
followed by multiple small peaks (Fig. 3¢). For the oligo-
trophic lakes, the PEG model hypothesized only 2 peaks
in the spring/early summer and fall, with a prolonged
clear-water phase in between (Sommer et al. 1986).
Crystal showed the greatest similarity to the 2 peaks in the
PEG model (Fig. 3d). Furnace and Ashokan exhibited
multiple smaller seasonal peaks (Fig. 3e and f) and clearly
differed from the PEG model.

With respect to the relative height of the seasonal
peaks, the profiling buoy data in the eutrophic lakes rarely
showed agreement with the PEG model. The spring peak
was typically greater than or equal to the summer peak.
Consistent with the PEG model, however, the fall peak was
typically the lowest except in Rotoehu (Fig. 3a). Across the
oligotrophic lakes, the fall peaks were all similar or greater
in magnitude than any early-season peaks (Fig. 3d and f).
The spring and fall peaks were similar in height in Crystal
and Furnace (Fig. 3d and e), although in Crystal the second
peak occurred in mid-summer rather than fall. Ashokan
had several smaller peaks that increased progressively
toward the fall (Fig. 3f).

Mean water column data from the eutrophic lakes
showed the greatest agreement with the PEG model in
relation to the timing of the phytoplankton peaks. In
Kinneret, the spring peak and subsequent clear-water
phase matched up well with the timing in the PEG model,
but in Bure the spring peak occurred slightly earlier, and
the summer peak occurred later than the PEG model (Fig.
3b and ¢). In Rotoehu, which does not freeze, the initial
spring peak occurred earlier than hypothesized, but the
summer peak lined up well (Fig. 3a). Among the oligo-
trophic lakes, the timing differed from the PEG model,
with additional peaks present between the predicted
bimodal pattern (Fig. 3d and f). Because of differences in
the duration of ice cover and the absence of early spring
data in some of the oligotrophic lakes, more data may be
required to fully assess the timing of the peaks.

Surface profiling buoy data followed a similar pattern
to the mean water column data in most of the lakes,
especially in the eutrophic lakes. Mean water column data
were consistently greater than the surface data in oligo-
trophic Ashokan and Crystal throughout the season, but
for the remaining lakes they were more closely aligned
except for a few time periods. In Kinneret and Crystal, the
greatest difference between the mean water column and
surface data occurred during the clear-water phase when
the surface data followed the PEG model decline more
closely, whereas the mean water column data remained
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higher (Fig. 3c and d). Across the study lakes, the oligo-
trophic lakes, which all had a SSCM present during some
or all of the time series, showed greater differences and
complexity compared to the PEG model than for the
eutrophic lakes, which only had SSCM present at certain
time periods or not at all.

Scales of variability

The analysis comparing conventional sampling (i.e.,
manual profiles or single-depth sensors) with the higher
resolution profiling buoy data revealed that high-frequency
profiles were more effective at capturing short-term
changes in phytoplankton dynamics that occur on a daily
scale (Fig. 4). Hypothetical manual ChlF water column
profiles taken 6 days apart in Lake Lacawac showed
similar conditions with a ChlF maximum ~5 m on 6 June
moving up to 3 m on 12 June. Between the manual
profiles, the high-frequency data revealed a higher
magnitude ChIF maximum at 3—6 m that was missed by
the manual profiles. In addition, a single depth sensor
moored at 1 m in the lake would have missed the peak in
ChlF, and little change in the surface waters was observed.
The daily water column average also did not capture the
changes in vertical distribution of ChlF (Fig. 4).

The annual average ratio of mean water column ChIF
to surface ChlF was close to 1, except for the most oligo-
trophic lakes (Table 3). The annual ratio ranged from 1.88
in highly oligotrophic Crystal to 0.80 in eutrophic
Mendota, with the remaining lakes ranking mostly
according to their trophic status. On a monthly scale, the
ChIF ratio was highly variable. In some lakes, including
Kinneret, the ratio was highest in the winter to spring

6-Jun 8-Jun

months, whereas in other lakes such as Furnace and Bure,
the difference between the full water column and the
surface was often greater in the late summer and fall
months (Table 3).

A closer examination of the patterns in Kinneret
revealed a strong peak in the ChlF maximum from early
March through April, which then sank dramatically,
followed by a redevelopment of a surface bloom
beginning around mid-May (Fig. 5). The ratio of mean
water column ChlF to surface ChIF was highest in March
(1.85) but otherwise ~1 for the rest of the time series
(Table 3). For Furnace, a different pattern emerged, in
which differences between the surface and the water
column average were greatest in July (1.41) and October
(1.34). The surface readings in Kinneret and Furnace were
also highly variable, with occasional large daily peaks in
early March in Kinneret and from September through
November in Furnace (Fig. 5). In Crystal, a prominent
SSCM during most of the time series caused the mean
water column data to be greater than the surface data by as
much as 2-fold from June through September (Fig. 5).

Physical control

A visual comparison of the seasonal changes in the physical
control metrics in relation to ChlF maxima showed large
variation across 3 lakes of differing trophic status—Crystal,
Montjoie, and Greifensee—conceptualized into 2 scenarios.
The euphotic depth, or the top of the metalimnion (i.e.,
bottom of the mixed layer), was often closely aligned to
the depth of the ChlF maximum (Fig. 6). In the clearest
lake, Crystal (top), the depth of the ChlF maximum was
much greater than the metalimnion depths and corre-
ChIF
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Fig. 4. Midnight chlorophyll fluorescence (ChlF) profiles from Lake Lacawac from 5-13 June 2014 showing subsurface ChlF dynamics
captured by daily vertical profiles but would be missed by the more conventional less frequent vertical profiles (vertical gray lines) or single
depth surface sensors on a buoy (horizontal hatched pink line). Blue bar at the bottom of figure represents daily mean ChlIF for the entire water
column, which also does not effectively capture the metalimnetic ChlF maximum.
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Table 3. Monthly and annual ratio of the mean water column chlorophyll fluorescence (ChlF) to ChIF at the surface (depth range 0-2 m) for
the study lakes arranged according to lake trophic status in Table 1. Ratios are calculated at an annual scale for the entire season and the
specific months where data were present. Values of “na” represent months where no data were collected for that lake. The ratios indicate
whether the average chlorophyll concentration as estimated by ChlF in the water column is greater (ratio > 1) or less (ratio < 1) than ChIF

estimated from surface readings alone.

Lake Annual Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Lacawac 1.59 na na na na na 1.82  1.67 091 na na na na
Crystal 1.88 na na na na 141 242 202 201 202 1.22 na na
Montjoie 1.07 na na na na na 091 1.14 1.05 na na na na
Furnace 0.95 099 1.10 099 074 0.64 0.78 141 078 1.15 .34 0.67 0.79
Ashokan 1.34 na na na 1.38 137 1.18 122  0.89 na na na na
Erken 0.98 na na na na na na 1.00 091 0.99 1.03 na na
Rotoehu 1.08 1.07 1.15 1.07 117 106 1.08 1.04 1.03 1.05 1.10 1.05 1.03
Bure 1.09 na na na 1.06 1.06 1.08 1.08 129 1.09 1.05 1.05 1.05
Greifensee  0.82 na na na na na 098 095 0.68 0.64 na na na
Mendota 0.80 na na na na na 0.58 0.83 0.8l na na na na
Kinneret 0.89 1.15 096 185 1.06 071 070 0.64 061 054 0.56 na na

sponded instead fairly closely to the depth of the euphotic

204 & Crystal zone (Fig. 6). By contrast, for mesotrophic Montjoie

—_— Im (middle), the ChIF maximum was primarily between the
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Fig. 5. Comparison of nighttime chlorophyll fluorescence (ChlF)
data collected with a profiling buoy at the lake surface (green line)
and averaged over the full water column (blue line) for (a) oligo-
trophic Crystal, (b) oligotrophic-dystrophic Furnace, and (c)
eutrophic Kinneret.

upper and lower metalimnion depths and shallower than
the depth of the euphotic zone (Fig. 6). In this lake, the
light attenuation is largely controlled by relatively constant
colored dissolved organic matter absorption (data not
shown). For Greifensee (bottom), an SSCM was present at
the beginning of the time series with 2 peaks evident in late
July, but by August, ChlF was highest in the surface
waters. Early in the season, the depth of the euphotic zone
was greater than the depth of the top and bottom of the
metalimnion but decreased dramatically around 15 July
and became shallower than the top of the metalimnion. The
shallowing of the euphotic zone coincided with a shift in
the ChlF peak from the metalimnion into the eplimnion. As
the depth of the metalimnion and euphotic zone deepened
in the fall, and ChlF maximum subsequently moved deeper
in the water column (Fig. 6).

Discussion

High-frequency profiling buoy data revealed that many
critical aspects of phytoplankton vertical and temporal
dynamics would not be captured with conventional
sampling techniques based on weekly vertical profiles or
high-frequency, single-depth sensors located in the
epilimnion. Intense, short-lived subsurface ChlF maxima
are often entirely missed with either of the 2 conventional
sampling approaches. High-frequency mean water column
ChIF data indicated that in 6 of 11 lakes, surface-only
estimates of ChlIF underestimated phytoplankton

© International Society of Limnology 2016

DOI: 10.5268/IW-6.4.890



The potential of high-frequency profiling to assess vertical and seasonal patterns of phytoplankton dynamics 575

abundance at an annual scale due to the presence of SSCM.
The underestimation was most pronounced in the more
oligotrophic lakes and ranged up to a nearly 2-fold
difference. Even for the most eutrophic lake, Kinneret, an
SSCM present for a brief period in the spring caused surface
ChIF to underestimate water column ChlF for 2 months.

As a general framework, the PEG model provides a
useful way to conceptualize seasonal phytoplankton
dynamics, but it is most effective in lakes where the
euphotic zone is shallower than the top of the metalimnion.
Physical control of phytoplankton during the primary
growing season was also proposed to be of minimal
importance in the PEG model, but here we suggest that
the seasonal deepening of the mixed layer and euphotic
zone likely play an important role, along with other
biological factors including zooplankton grazing
(Longhurst 1976, Williamson et al. 1996, Pilati and
Waurtsbaugh 2003) and nutrient availability (Saros et al.
2005) in structuring the SSCM. Our results show that an
exclusive focus on epilimnetic samples or less frequent
vertical profiles could potentially miss an important

ChIF
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O Euphotic Depth (m) Metalimnion Top (m) — Metalimnion Bottom (m)

Fig. 6. Depth vs. time isopleths of midnight chlorophyll fluorescence
(ChIF) data in Crystal (top), Montjoie (middle), and Greifensee
(bottom). Lines indicate the boundaries of the metalimnion top
(white line), metalimnion bottom (pink line), and euphotic depth
(1% PAR, orange points).

component of total ecosystem productivity that occurs in
SSCM layers in many lakes.

The lake that showed the greatest similarity to the
eutrophic PEG model was mesotrophic, polymictic Bure,
in which a lack of consistent thermal stratification
prevented the development of a SSCM. For the thermally
stratified mesotrophic and eutrophic lakes, the difference
in ChIF between the epilimnion and the water column was
greatest in the spring or early summer when SSCM were
more likely due to deeper light penetration and a shallower
epilimnion, as has been shown for 5 New Zealand lakes
(Hamilton et al. 2010, Simmonds et al. 2015). As the
growing season progressed, however, the mixed layer
depth deepened and the euphotic zone became shallower,
confining the phytoplankton to the mixed, well-lit surface
waters. During this period, surface ChlF readings and the
PEG model yielded a good assessment of phytoplankton
dynamics, and full water column profiles were similar to
the surface data or slightly underestimated ChlF.

Differences between mean water column ChIF and
surface ChlIF data were clearly revealed in Kinneret and
Crystal, in which the magnitude of the clear-water phase
decline in phytoplankton would have been overestimated
if only surface data were used. The clear-water phase is
one of the most important phenological events for the
seasonal dynamics of phytoplankton (Lampert et al.
1986), but the decline of phytoplankton biomass may be
less than hypothesized because high-frequency full water
column sampling was able to capture a deepening of the
ChIF maximum that would have been missed with only
epilimnetic sampling. Additionally, the relative sizes of
the peaks for the lakes in this study were inconsistent with
the PEG model. The spring peak was often equal to or
greater in magnitude than the summer or fall peak,
potentially due to the inclusion of SSCM, with the
exception being Ashokan and Furnace. For these lakes,
the increase in the number and magnitude of the peaks
later in the season may have been due to weaker stratifica-
tion in the reservoir, or in Furnace, the influx of brackish
water during high tides may cause SSCM to develop and
breakdown frequently (E. de Eyto, Marine Institute,
unpublished data).

Latitudinal and climatic differences may explain the
altered timing of the ChIF peaks between the study lakes
and the PEG model because the original framework
developed almost 30 years ago was based primarily on
temperate ice-covered lakes, except for 2 subtropical
African lakes (Sommer et al. 1986). The study lakes in
this dataset covered a range of latitudes, including 2
subtropical lakes and 3 high northern latitude lakes, so
differences in the magnitude and timing of the peaks
could potentially be due to the inclusion of SSCM in the
mean water column data, deviations in length of the
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growing season, or other climatic factors. Under
predicted future climate change scenarios, the PEG model
was recently revisited, and projections were made for the
effects of increased temperature and precipitation on phy-
toplankton dynamics in lakes across a range of latitudes
(De Senerpont Domis et al. 2013). In high northern
latitude lakes, increases in temperature are likely to
lengthen the growing season, which will prolong seasonal
phytoplankton production. Additional nutrient inputs to
these lakes from higher rates of runoff or internal nutrient
loading from anoxic sediments were shown to increase the
magnitude of the biomass peaks. Subtropical lakes, which
were specifically separated into their own model, are
expected to see increases in precipitation intensity that
increase runoff of terrestrial dissolved organic matter and
nutrients. Thus, these lakes are predicted to experience
higher fluctuations in phytoplankton abundance and
altered species composition that may greatly affect the
overall seasonal patterns (De Senerpont Domis et al.
2013). The role of SSCM and the influence of physical
factors during the growing season, however, were still
largely neglected in this revised model.

An important challenge with both conventional and
profiling buoy sampling approaches is that phytoplankton
show strong patterns of horizontal patchiness in both
space and time (Hillmer et al. 2008, Durham et al. 2013).
The dynamics of these rapidly changing surface bloom
patterns can be more easily visualized from satellite
images (Gregg et al. 2005, Odermatt et al. 2012, Lesht et
al. 2013) but are not captured by stationary sampling
techniques. What appear to be strong temporal variations
in phytoplankton dynamics captured by stationary
sampling methods could potentially be due to the
advection or wind-driven movements of water masses
with higher phytoplankton densities rather than singular
blooms and declines in phytoplankton abundance at one
point in space (Durham and Stocker 2012, Durham et al.
2013). This phenomenon may account for, at least in part,
the large number of phytoplankton peaks observed
throughout the summer in many of the study lakes. An
additional challenge is that ChlF was used as a proxy of
phytoplankton biomass, an approach with inherent
limitations because phytoplankton biomass peaks are not
necessarily at the same location as peaks in chlorophyll
fluorescence (Cullen 1982, Fennel and Boss 2003). ChIF
remains a commonly accepted method to measure phyto-
plankton in situ, however, and represents a useful way to
assess phytoplankton vertical dynamics at short time
scales (Huot and Babin 2010). When examining SSCM
for future studies, simultaneous profiles of biomass
measurements with ChlF are recommended to inform if
the fluorescence data match biomass estimates.

An event that may impede the unambiguous interpre-

tation of deep ChIF as a proxy for phytoplankton biomass
is the occurrence of metalimnetic phototrophic bacteria
blooms, a phenomenon in lakes that causes a sulfide
enriched hypolimnion to develop (Van Gemerden and Mas
1995). As such, favorable conditions for phototropic
bacteria do exist in 2 eutrophic lakes in this study. Because
in situ profiling with common fluorescence sensors does
not allow chlorophyll and bacteriochlorophyll to be distin-
guished (Rimmer et al. 2008), additional information is
required to correctly interpret the SSCM. In Kinneret,
metalimnetic blooms of green sulfur bacteria occur during
early summer and fall depending on the light conditions
and the chemical stratification process (Eckert et al. 1990),
but the dataset used in this study did not exhibit elevated
ChlF below the thermocline during that time. The
increased metalimnetic ChlF in Greifensee during July—
August is unlikely to be the result of a phototrophic
bacteria bloom because sulfide accumulation in this lake
was shown to be restricted to late fall (Sigg et al. 1991).

The differences between the seasonal patterns
observed here and those hypothesized by the PEG model
are likely due to the ability of frequent, full vertical
profiles to more effectively capture subsurface phyto-
plankton dynamics in some lakes. Over the season, the
peaks in ChIF occurred progressively deeper in the water
column, making it likely that epilimnetic sampling would
be less representative of water column ChlF as the
summer progressed. Drivers of the SSCM include physical
changes in thermal structure and light availability in the
water column as well as grazing pressure and nutrient
availability, but the latter 2 are not addressed in this study,
which focused instead on physical drivers.

Physical control factors were hypothesized in the original
PEG model to have minimal influence on phytoplankton
dynamics during the primary growing season (Sommer et al.
1986, 2012). Without data on nutrients and zooplankton
dynamics, we cannot compare the relative strength of
biological versus physical control on phytoplankton vertical
distributions, but a visual comparison of critical physical
habitat boundaries with ChlF dynamics suggests that physical
control plays an important role in structuring the depth of
ChlF maxima. Previous studies established that thermal
stratification is an important precursor to the development
of'a SSCM (Hamilton et al. 2010, Jobin and Beisner 2014,
Cullen 2015). In strongly oligotrophic lakes, the 1% PAR
depth was closely related to the depth of the SSCM, which
was located in the hypolimnion, well below the bottom of
the metalimnion. Hypolimnetic SSCM correlated with the
1% PAR depth have also been previously observed in
other highly transparent lakes, including Lake Tahoe and
Crater Lake (Abbott et al. 1984, Fennel and Boss 2003).
For the meso-oligotrophic and eutrophic lakes, variations
in the depth of ChlIF maxima were related to the depth of
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the top of the metalimnion relative to the euphotic depth.

These close associations between the physical habitat
boundaries and the SSCM highlight the need for a new
conceptual framework that more explicitly includes
abiotic metrics when determining the likelihood of SSCM
formation in lakes. When the euphotic depth is greater
than the metalimnion top, an SSCM will be more likely to
form, whereas in lakes where the euphotic depth is less
than the top of the metalimnion, the chlorophyll maximum
will be confined to the epilimnion (Fig. 7). Although data
from only 3 lakes were examined in detail, SSCM in 2 of
the lakes were present for the entire time period, and the
euphotic depth was consistently greater than the
metalimnion top in Crystal and Montjoie. Greifensee
provided a unique example of both scenarios because an
SSCM was present in mid-July, but by mid-August the
mixed layer depth was equal to the euphotic depth, so the
SSCM was likely entrained into the surface waters.

Because significant dynamics occur outside the
epilimnion observed by surface sensors, overall, profiling
buoys are likely to be most useful in lakes where an
SSCM can form (Fig. 7). This phenomenon may occur
throughout the entire stratified season in high-transpar-
ency lakes, only at certain time periods in lower transpar-
ency lakes (e.g. Simmonds et al. 2015), or not at all in
polymictic lakes. Thus, we suggest an extension to the
PEG model in lakes where the euphotic depth extends
below the mixed layer that explicitly includes the full
water column and any SSCM present. SSCM may alter
seasonal phytoplankton dynamics primarily through a
reduction in the strength of the CWP decline and higher
biomass during the spring and potentially summer peak as
well. Other factors including nutrient limitation,
differences in phytoplankton community composition, and
zooplankton dynamics also influence the location and
strength of the chlorophyll maximum (Beisner and Longhi
2013), so coupling higher resolution biological data, such
as scanning flow-cytometry with physical data, is still
needed to more fully understand phytoplankton dynamics
(Pomati et al. 2011). SSCM consisting of some species of
cyanobacteria (i.e., Planktothrix rubescens) and flagellates
may be missed with ChlF sensors because their pigments
are not detected, so combining microscopic and fluorimetric
methods can provide important new insights into niche
separation of different phytoplankton species (Selmeczy et
al. 2015, Simmonds et al. 2015).

Automated profiling buoys with high-frequency
sensors are capable of improving the understanding of
complex lake processes, but the benefits of collecting
higher spatial and temporal resolution data must be
weighed against the financial and technical investment
required to collect these data. Profiling buoys are
expensive to operate and maintain, and the high cost of

sensors, combined with a winch system, potentially make
the applicability of these systems to a large number of
lakes somewhat limited. On the technical side, differences
in the stabilization time of different sensors require the
profiling speed to be matched carefully, and mechanical
problems can be common with the winch when repeatedly
raising and lowering a suite of sensors.

Despite some limitations associated with profiling
buoys, the ability to simultaneously collect automated high
temporal and vertical resolution data on biological,
chemical, and physical parameters in lakes will allow
many more mechanistic links to be made between different
ecosystem level processes. In a recent study on 3 lakes in
Denmark, profiling buoy data captured vertical differences
in metabolism, which improved the reliability of
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Fig. 7. Conceptual diagram showing how variations in the relative
depths of the euphotic zone and the top of the metalimnion alter the
seasonal patterns of phytoplankton biomass as proposed by the PEG
model. In lakes where the euphotic zone (using 1% PAR depth as a
proxy) is deeper than the top of the metalimnion, subsurface
chlorophyll maxima (SSCM) will be more likely due to greater light
penetration and a stable, thermally stratified water column. In these
lakes, a modified version of the original PEG model is proposed
with an explicit inclusion of the full water column and SSCM. When
the euphotic zone is shallower than the top of the metalimnion,
SSCM are unlikely, and the chlorophyll maximum will be confined
to the surface waters. For these lakes, the original PEG model ap-
proximates the seasonal phytoplankton patterns well.
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whole-lake net ecosystem production estimates (Obrador
et al. 2014). When the euphotic depth was greater than the
mixed layer depth (SSCM likely; see Fig. 7), areal
metabolic estimates of gross primary production and
respiration based on surface measurements deviated 60%
and 80%, respectively, from depth-integrated estimates.

Comparisons across a range of different lakes with
high-frequency temporal and vertical data are necessary to
understand complex process including the formation,
development, and breakdown of SSCM. The PEG model
remains as a useful conceptual understanding of seasonal
phytoplankton dynamics, but in lakes with an SSCM, it
may underestimate the depth distribution, complexity, and
abundance of phytoplankton, particularly during the clear
water phase. We suggest an extension of the PEG model
by incorporating full vertical water column phytoplank-
ton dynamics as well as the physical control of SSCM
during the growing season. Profiling buoys are useful
tools for capturing phytoplankton dynamics, particularly
in lakes or at certain time periods when the euphotic
depth is greater than the mixed layer depth and surface
sampling alone or infrequent manual profiles might miss
short-term dynamics. Further experimental research on
the contribution of these subsurface layers to total
ecosystem productivity, and studies using a more quanti-
tative approach to explicitly test for the influence of
physical drivers on the depth and magnitude of the ChlF
maxima in lakes of varying trophic status are needed. A
full understanding of the biological and physical drivers
of SSCM formation and their influence on lake ecosystem
processes is still lacking, but high-resolution temporal
and vertical data on phytoplankton dynamics have the
potential to create critical new insights into important
processes ranging from food web dynamics to lake
metabolism and carbon cycling.
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