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ABSTRACT

The Southern Ocean is classified as a high nutrient, low chlorophyll region as
surface waters are typically macro-nutrient (e.g. nitrogen and phosphorous) rich in the
austral summer, yet they are characterized by patchy, intense phytoplankton blooms
within a generally unproductive environment. The mechanisms controlling
phytoplankton abundance include turbulent mixing, available light, respiration and
predation rates, and nutrient availability. While there is much debate about the
initiation of phytoplankton blooms in the Southern Ocean, there is also significant
variation in phytoplankton bloom dynamics within a growing season, suggesting many
different mechanisms are contributing to patchy phytoplankton distributions.

Using data from 2003 to 2017, a surprising relationship between in situ and
satellite-derived chlorophyll and modelled kinetic energy was observed. High
chlorophyll concentrations were not observed in either remotely sensed or in situ data
while Kkinetic energy was high throughout the entire Southern Ocean. Consequently,
low Kinetic energy appears to be a necessary, but not sufficient, precondition for
phytoplankton blooms throughout the Southern Ocean. In December, surface
phytoplankton concentration appears to decrease due to high kinetic energy simply
diluting their concentration in the water column. However, in January and February
high kinetic energy appears to limit phytoplankton abundance through a mesoscale
light limitation by decreasing the time they spend in the euphotic zone. Analysis of
this relationship through a time dependent, probabilistic model, combined with in-situ
observations of water column structure show that high kinetic energy deepens the

mixed layer through turbulent mixing, potentially limiting the availability of light.



These probabilistic models suggest that the spatial pattern in kinetic energy in the
Southern Ocean explains up to 30% of the variability in the distribution of chlorophyll
concentration. These findings indicate that KE is a significant factor in structuring the

spatial distribution in Southern Ocean chlorophyll.



Chapter 1

INTRODUCTION

1.1 Background and Motivation

In well lit, nutrient rich regions of the surface ocean, phytoplankton drawdown
atmospheric carbon dioxide (CO>) by converting it into organic matter via oxygenic
photosynthesis. Photosynthesis is an oxidation-reduction reaction that can be written
in a general form:

CO, + 2H,0 + Light —2"""8 c10 + H,0 + 0,

During photosynthesis, light energy is converted into chemical bond energy to
form organic compounds. In this reaction, chlorophyll-a is a photosynthetic pigment
used to absorb light energy, acting as an electron catalyst in the reduction half of the
photosynthetic reaction (Falkowski & Raven, 2007). When phytoplankton biomass is
not consumed by other trophic levels, they senesce and sink into the deep ocean,
transporting carbon from the surface ocean to the deep sea. Globally, the biological
pump transfers about 10 Pg (1x10% kg) of carbon per year from the atmosphere to the
deep ocean (Bopp et al., 2005). Once in the deep ocean, phytoplankton biomass can
either be decomposed by microbes and converted back into dissolved inorganic CO>
or buried in sediments on a timescale of millions of years (Ciais, 2013). Because of
phytoplankton and their role in the biological pump, the ocean plays a major part in
the global carbon cycle. The ocean is the largest reservoir of carbon and has
sequestered approximately 48% of anthropogenic atmospheric CO> during the period

of 1800 to 1994 (Falkowski et al., 2000; Sabine et al., 2004, IPCC, 2013).



The primary mechanisms that cause phytoplankton to bloom are varied.
Phytoplankton blooms are affected by factors such as turbulent mixing, available light,
respiration and predation rates, and nutrient availability. While different explanations
acknowledge that a combination of these features are significant for bloom
development, they differ in what is considered the primary mechanism. An important
early insight into this process was provided through the critical depth hypothesis,
formalized by Sverdrup in 1953, which proposes that phytoplankton blooms occur
when the mixed layer depth shoals above a critical depth, keeping phytoplankton cells
in areas of higher light where phytoplankton growth exceeds loss. The critical depth
hypothesis essentially attributes blooms to enhanced growth rates in response to
improved light conditions (Sverdrup, 1953). Huisman et al.’s (1999) critical
turbulence hypothesis nuances this result by suggesting that near surface turbulence,
not the mixed layer, is responsible for keeping phytoplankton in high light conditions.
The critical turbulence hypothesis applies when there is a relaxation of turbulent
mixing in waters of low background mixing, regardless of the thickness of the upper
water column (Huisman et al., 1999). In contrast to light mechanisms determining the
formation of phytoplankton blooms, Behrenfeld’s dilution-recoupling hypothesis notes
that blooms often occur while the mixed layer is deepening, not shoaling. Behrenfeld
proposes that deepening mixed layers reduce phytoplankton-grazer interaction, thus
increasing phytoplankton growth rates (Behrenfeld, 2010).

The Southern Ocean (SO) is classified as a high nutrient, low chlorophyll
(HNLC) region as surface waters are typically macro-nutrient (e.g. nitrogen and
phosphorous) rich in the austral summer, yet they are characterized by patchy, intense

phytoplankton blooms within a generally unproductive environment (Arrigo et al.,



2008; Moore & Abbott, 2000). Furthermore, because the SO is a high latitude
ecosystem, it is seasonally light limited (EI-Sayed, 1987). Increases in phytoplankton
productivity in the SO are generally linked to increases in a deficient micronutrient,
iron (Martin, 1990). Iron concentration is known to increase either locally due to
aeolian deposition (i.e. dust storms) or over larger regions of the Southern Ocean via
upwelling (Boyd et al., 2007). Because iron is the limiting nutrient for phytoplankton
blooms, SO waters have been the focus of several artificial iron enrichment
experiments (Boyd et al., 2000; Coale et al., 2004; Gervais at al., 2002; Hoffmann et
al., 2006, Smetacek et al., 2012). However, despite the number of studies pertaining
to iron and phytoplankton abundance, it appears that the availability of light, mediated
by changes in the mixed layer depth, is still the major driver for phytoplankton blooms
(de Baar et al., 2005). While iron and light are both important limiting factors for SO
blooms, the mechanisms controlling mesoscale phytoplankton abundance and the
biological pump in the SO remain largely unresolved.

While there is much debate about the initiation of phytoplankton blooms in the
SO, there is also significant variation in phytoplankton dynamics within a growing
season, suggesting many different mechanisms are contributing to phytoplankton
dynamics. One of the most curious proxies for phytoplankton concentration within the
growing season was described by Davies in a 2015 study in the Drake Passage region
of the Southern Ocean. Davies (2015) showed that high chlorophyll values were not
coincident with high surface kinetic energy (KE) in both satellite and biofloat
observations (Figure 1.1). Davies proposed that kinetic energy may have an
overarching control on phytoplankton because of its potential to deepen the mixed

layer, thus limiting phytoplankton’s exposure to light. Davies found that, on average,



when higher kinetic energy leads to increased mixing and deeper mixed layer depths
(Figure 1.2). In contrast, when KE is low, the mixed layer shoals, potentially
alleviating the light limitation on phytoplankton (Davies, 2015).

This study focuses on phytoplankton bloom dynamics within the summer
growing season by examining this unique and unexpected relationship between KE
and chlorophyll. First, the analysis conducted in the Drake Passage region is
expanded to the entire Southern Ocean. Next, a predictive model was built to
understand the processes related to this KE-chlorophyll relationship. Finally, in situ
floats were used as validators and compared satellite and modeled observations with a
monthly mixed layer depth climatology to better understand the mechanisms behind

this relationship.
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Figure 1.1: MODIS Aqua five-day composite surface chlorophyll-a concentration
plotted with coincident estimates of KE specifically in the Drake Passage
region of the Southern Ocean. Figure from Davies (2015).
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Figure 1.2: Mean normalized density profiles (Act) from the biofloat (solid lines) plus
one standard deviation (shading) for high (black) and low (green) levels
of surface mesoscale kinetic energy per unit mass (KE) calculated at
biofloat locations. The dashed lines denote the mean chlorophyll-a
profiles for high (black) and low (green) levels of KE. 500 cm? s is the
transition between high and low KE. oy is the density calculated from
only biofloat temperature and salinity profiles minus 1,000. Aot is the ot
value at each depth normalized by the surface ot value. Figure from
Davies, 2015.



Chapter 2

METHODS AND MATERIALS

2.1 Southern Ocean Satellite Chlorophyll-a

Estimates of Southern Ocean surface chlorophyll (CHL) concentrations and
distributions were made using the National Aeronautics and Space Administration’s
(NASA) Moderate Resolution Imaging Spectroradiometer (MODIS Aqua). This
satellite has a 705 km, sun-synchronous, near polar orbit (Pagano & Durham, 1993).
Standard NASA processing flags were used to remove data in the Southern Ocean for
a failure in atmospheric or aerosol corrections, cloud or ice contamination, and high
solar zenith (Esaias et al., 1998).

However, NASA’s OC3M surface chlorophyll algorithm for the MODIS Aqua
satellite significantly underestimates chlorophyll concentrations at high latitudes
(Dierssen & Smith, 2000; Cota et al., 2003; Gregg & Casey, 2004; Kahru & Mitchell,
1999; Strutton et al., 2011). To correct for this, a Southern Ocean specific chlorophyll
algorithm was used which greatly improved upon the standard MODIS algorithm
(Johnson et al., 2013). This new algorithm is:

_ 0.6994 - 2.0384Rp4— 0.4656R%, 44+0.4337R5
1) Chl= 10 MA MA

2) Rya = lOglO(RTS(ﬁ) > RT‘S(@))

555 555

where Rrs is remote sensing reflectance (srt) and the log10 argument in Rua indicates
that the algorithm uses the maximum of the two ratios (Johnson et al., 2013). Using
this new algorithm, the dynamic range of detection increased by 138% and
underestimation of Southern Ocean chlorophyll was reduced (Johnson et al., 2013).
Five day composites of surface chlorophyll-a concentration using the Johnson

et al. (2013) algorithm were made from daily, 9-km resolution, level-3 remote sensing



reflectance data. The focus of this research is on chlorophyll concentrations in the
open ocean. Therefore, spatial masks were applied to eliminate the effect that islands

and shallow coastal waters may have on surface chlorophyll concentrations (Figure
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Figure 2.1: (A) Unmasked averaged MODIS Aqua surface chlorophyll concentration

from 2003-2017. (B) Masked averaged MODIS Aqua surface
chlorophyll concentration from 2003-2017.
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2.2 Mesoscale Kinetic Energy

Mesoscale kinetic energy estimates are derived from the National Oceanic and
Atmospheric Administration’s (NOAA) unfiltered, 1/3° resolution, five day-averaged
Ocean Surface Current Analysis-Real time (OSCAR currents) data product
(https://podaac.jpl.nasa.gov/dataset/OSCAR_L4_OC_third-deg). OSCAR surface

currents are computed by combining a quasi-steady geostrophic model with wind-

driven ageostrophic currents and thermal wind adjustments (Bonjean & Lagerloef,


https://podaac.jpl.nasa.gov/dataset/OSCAR_L4_OC_third-deg

2002). These currents are representations of averaged flow over the upper 30 m of the
ocean and are calculated by:

T—AU'(-h)
h

3) ifU= —gVs+ 2 Vo +

In this equation, U(X,y,z,t) = u + iv is the horizontal velocity vector where the
overbar denotes an averaged velocity to a depth h (30 meters). U’ = U, denotes the
vertical shear which is assumed to be equal to t/A at the surface of the ocean and
equal to zero at a depth > h =30 m (Bonjean & Lagerloef, 2002). V = d/ox + ioloy
where the vector wind stress field divided by the characteristic density is represented
by t = t* + it¥ (Bonjean & Lagerloef, 2002). g is the gravitational constant, C is the
displacement of the ocean-atmosphere interface, 6 is the buoyancy force proportional
to V(Sea Surface Temperature), f is the coriolis force, and A is the depth-uniform eddy
viscosity that characterizes turbulent vertical mixing (Bonjean & Lagerloef, 2002).
The first term on the right-hand side of this equation, -gV¢, represents the pressure
gradient force (geostrophy) which is adjusted by the contribution of the second term,
(h/2)V6, which is the buoyancy gradient. The last term on the right-hand side of the
equation represents the net drag force applied by the wind stress to a depth h.

OSCAR uses a variational analysis of Special Sensor Microwave Imager
(SSM/1) winds by Atlas et al. (1996) to compute surface winds with the wind stress
vectors being computed using the drag relationship used by Large & Pond (1981).
OSCAR also incorporates Jason-1 and Envisat altimetry data. The data is packaged as

discrete, temporal blocks of five-day averaged currents, from which discrete Kinetic

energy per unit mas (KE) estimates are obtained,
KE = % (u? + v?),



where u and v are the meridional and zonal components of the OSCAR currents,
respectively. With a one-third degree spatial resolution and a five-day sampling
period, the OSCAR currents are well-suited to resolve the mesoscale dynamics in the
SO which occur on the order of 100 km spatially and 10 days temporally (Daniault &
Menard, 1985). Part of the reason it is interesting to compare the relationship that
modeled mesoscale surface kinetic energy has with satellite derived chlorophyll
concentration is because of the differences in coverage between the two products
(Figure 2.2). Because these modeled surface currents are not hampered by clouds,
understanding the impact KE has on phytoplankton abundance may provide insight
into better estimating the total SO biomass. For spatially coincident satellite estimates
of CHL and KE in the SO, the CHL product was linearly interpolated onto the
OSCAR 1/3° x 1/3° grid and restricted to South of 55° S.

10
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Figure 2.2: (A) Percent of MODIS Aqua pixels with surface chlorophyll estimates for
5 day composites from 2003-2017. (B) Percent of OSCAR pixels with
surface current estimates for 5 day composites from 2003-2017.

2.3 Argo Float Mixed Layer Depth Climatology

While there are several global mixed layer depth products available, there are
large uncertainties in the Southern Ocean component of these products (Dong et al.,
2008). Dong et al. (2008) used over 42,000 Argo float profiles of temperature,
salinity, and pressure from July 2001 to September 2006 in the Southern Ocean (30°S-
65°S, 0°E-360°E) to create a MLD climatology. This monthly climatology is
objectively mapped onto a 1° x 1° grid. Dong et al. (2008) deemed the mixed layer
depth definition that used a potential density difference from the surface (0-20m) of
0.03 kg m™ the most robust for the Southern Ocean.

For use in this study, a time-weighted mean of this monthly climatology was
created and matched to the corresponding days of the month containing the five-day
averaged OSCAR currents and MODIS CHL observations. For spatially coincident
estimates of CHL, KE, and MLD in the SO, MLD products were linearly interpolated
onto the OSCAR 1/3° x 1/3° grid and restricted to South of 55° S.

11



2.4 SOCCOM Floats

The Southern Ocean Carbon and Climate Observations and Modeling
(SOCCOM) program has deployed biogeochemical sensors on profiling floats in the
Southern Ocean since 2014. This program is focused on the Southern Ocean’s impact
on the anthropogenic carbon budget, ocean biogeochemistry, and climate change
(Russell et al., 2014). In addition to the temperature, salinity, and pressure sensors
found on traditional Argo floats, these floats carry oxygen, nitrate, pH, chlorophyll
fluorescence, and optical backscatter sensors (Johnson et al., 2017). These floats
collect data by profiling the water column from their maximum depth, between 1,400
and 2,000 m, before returning to the surface every 10 days (Johnson et al., 2017).
Measurements are only made during ascents and are transmitted via the Iridium
satellite network after surfacing (Figure 2.3). Sampling resolution is highest in the
upper 100 m, less than 1.5 m resolution, but is increasing coarser at greater depths.
The sampling resolution of these floats allows for comparison with the other data
products used in this study. Table 2.1 summarizes the different data products and their

respective spatial and temporal resolution.

Table 2.1: A summary of the different data products used in this study and their spatial
and temporal resolution.

Temporal Spatial Data
Data Product Resolution ResolLition orogifor
OSCAR
Surface 5 Days 1/3° x 1/3° NOAA
Currents
MODIS
Chlorophyll-a 5 Days 9 km NASA
Mixed Layer
Depth 5 Days 10 x 1° Dong et al.
i 2008
Climatology

12



SOCCOM <1l5m

Bio-Floats 10 Days vertically SOCCOM

There are 76 floats (~3,400 profiles) with quality-controlled and adjusted data
that have been in the water for at least six months in the SOCCOM database. After
removing floats that do not have working chlorophyll sensors (10 floats), applying the
land and island masks (535 profiles), and removing the non-summer profiles (2575

profiles), 266 profiles from 31 different floats over 4 years were left to be used in this

study.

Down Time I{
Surface —»

Y
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Time ——»

Figure 2.3: APEX float sampling cycle. This is the sampling cycle used by the
SOCCOM floats where the total time cycle time (down-time and up-
time) is approximately 10 days. The park depth is 1,000 dbar and the

profile depth is between 1,400 and 2,000 dbar. From Webb Research
(2012).

SOCCOM floats are equipped with one of two types of WET Labs
fluorometers, either an ECO-FLBB AP2 with a chlorophyll-a fluorometer

(Excitation/Emission 470/695 nm) or a MCOMS with the same specifications

13



(Johnson et al., 2017). Chlorophyll-a concentration is estimated according to a WET
Labs linear calibration slope of the fluorescence signal (Johnson et al., 2017).
Because these raw chlorophyll concentrations suffer from nonphotochemical
quenching (NPQ) in the surface ocean and variations in the relationship between
chlorophyll fluorescence and chlorophyll concentration due to changes in
phytoplankton physiology, SOCCOM performs two important corrections to the raw
chlorophyll fluorescence data (Johnson et al., 2017). First, if the sun elevation was
greater than 5°, NPQ was corrected for using the average of two methods; chlorophyll
being extrapolated to the surface using the backscattering channel as a guide
(Sackmann et al., 2008) and assuming a constant raw chlorophyll concentration above
the highest value found near the base of the mixed layer (Xing et al., 2012). The
mixed layer depth definition used in these corrections uses a fixed density threshold
criterion of 0.005 kg m™ from the surface (Johnson et al., 2017). SOCCOM also uses
a sensor gain correction specific to the SO. While a gain correction of 2 has been
accepted as a global factor for the WET Labs ECO FLBB sensor, Roesler et al. (2017)
determined 6.4 to be more appropriate for the Southern Ocean.

For every profile, chlorophyll was averaged in the upper 10 meters of the water
column. The surfacing locations were then matched with the nearest satellite or
modelled parameter spatially and temporally to enable comparison. Mixed layer
depths for each float profile were computed using the potential density difference from
the surface (0-20m) of 0.03 kg m= used in the Dong et al. (2008) study to enable
comparison of MLD’s from different sources. In situ density profiles were visually

inspected with the corresponding computed MLDs to confirm this method’s accuracy.

14



2.5 Bulk Richardson Number

A combination of the OSCAR surface current product and density profiles
from SOCCOM floats were used to estimate a bulk Richardson number (Ri). The
Richardson number was used as a criterion for determining if surface shear could

cause mixing with a given ambient stratification:

. N2
4) Ri = g,
where N is the buoyancy frequency,
2 _ 9%
5) N* = p 0z’

and Sy is the shear term,
) a
6) Si= G+ G
g is the acceleration due to gravity, p the potential density at the surface, g—’z’ the

change in density from the surface down to a depth, and ‘;—’Z‘ and g—z are the change in

horizontal and vertical velocity, respectively, over the same depth. When Ri < 0.25,
turbulence will generate vertical mixing due to strong shear or weak stratification.
The Richardson number was calculated for every in situ profile after the
SOCCOM floats’ surfacing locations were matched with the coinciding OSCAR
surface current estimates. This parameter was calculated with dz as 30 meters
because the OSCAR surface currents are representations of averaged flow over the

upper 30 m of the ocean.

2.6 Probabilistic Model Development
Fifteen years (2003-2017) of matched KE and CHL data were parsed by month
(December, January, February), sorted by KE, and divided evenly into 10 “bins”, each

containing 10% of the matched data. Kolmogorov-Smirnov tests (ks.test in R) were
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used to determine if the distributions observed in each of the 10 KE bins statistically
differed from one another (R Core Team 2017).

To further model the relationship between KE and CHL, an Expectation
Maximization (EM) algorithm, from the mixtools package in R, was used to fit a
mixture of univariate normal distributions to the observed data in each of the 10 KE
bins (Benagalia et al., 2017). An EM algorithm is an iterative method to isolate
maximum likelihood estimates of parameters for a mixture of two normal distributions
describing an observed distribution. The EM algorithm is a two-step process,
consisting of an expectation (E) step and a maximization (M) step. This algorithm
uses the current parameter estimates to create a function for the expected log-
likelihood, computes new parameters to maximize the expected log-likelihood, and
continues to iterate until the log-likelihood is effectively maximized (Benagalia et al.,
2017). The means, standard deviations, and mixing percentages for a mixture of two
normal distributions observed in a true distribution were obtained by running this
algorithm on each of the 10 KE bins. These EM estimates were then used as seed
values in a non-linear least-squares model (nls in R) to estimate the nonlinear
relationship between these mean, standard deviation, and mixing percentage curves for
the two distributions as a function of KE (R Core Team 2017). Using the function
rnormmix in R, these continuous functions were used to probabilistically predict
surface chlorophyll concentrations for each KE measurement (Benagalia et al., 2017).

This procedure was performed separately for December, January, and February.

2.7 Probabilistic Model Testing
The parameters for these monthly models were trained on a random 80% of the

matched KE-CHL data from each month over the study period and tested on the
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remaining 20% of the data from each month. Using the package Imodel2, a model Il
ranged major axis linear regression was performed to first assess the accuracy of the
predicted binned mean chlorophyll and standard deviation against the observed binned
mean chlorophyll and standard deviation, and for examining the relationship between

climatologies of observed and predicted chlorophyll concentrations (Legendre, 2018).

2.8 KE-CHL Probabilistic Model Application

The results of the monthly probabilistic models were evaluated in several ways.
Predictions were made for every 5-day averaged block of matched KE-CHL data
using the appropriate monthly model. The probabilistic models were evaluated
temporally by first comparing yearly climatologies of observed and predicted
chlorophyll concentration. The means and total integrated chlorophyll from these
yearly climatologies were compared. Because the observed MODIS chlorophyll
product is a different resolution (9 km) than the OSCAR product (1/3°) used to make
the chlorophyll predictions, it was necessary to use two different pixel-area weighted
integrations. The probabilistic models were also evaluated spatially by comparing
maps of averaged observed and predicted chlorophyll concentration over the 2003-

2017 study period.

2.9 Evaluating KE and the Bulk Richardson Number in Relation to the MLD
and CHL

The impact of kinetic energy on the mixed layer depth and chlorophyll
concentration was evaluated in both the remotely sensed and in situ data sets. The
same 10% binning procedure performed in the development of the monthly
probabilistic models was performed on a dataset of matched KE, CHL, and MLD from

the Argo float climatology. This same procedure was performed on an in situ
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SOCCOM float dataset of MLD and CHL matched to OSCAR KE but with 20% bins
because of the smaller sample size. One-way ANOVA’s and “post-hoc” Tukey’s
multiple-comparison tests were used to test the impact that different levels of kinetic
energy had on (remotely sensed and in situ) mixed layer depth and chlorophyll
concentration (R Core Team 2017). After calculating bulk Richardson numbers for
each SOCCOM float profile matched to a coinciding OSCAR surface current estimate,
t-tests were used to statistically compare the mean mixed layer depth and chlorophyll

concentration in the mixing or non-mixing profiles.
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Chapter 3

RESULTS

3.1 Mesoscale Kinetic Energy and Phytoplankton Abundance

It appears that, throughout the entire SO as well, high levels of KE correspond
with low phytoplankton abundance, while high phytoplankton abundance occurs only
when KE is low (Figures 3.1 and 3.2). This pattern was consistent when observations
were broken down by month (Dec, Jan, Feb) and was also observed in the in situ
SOCCOM float observations (Figure 3.3) indicating that the general relationship is not
an artefact of satellite observations. A model 11 regression showed there was a
significant positive relationship (slope = 0.76, intercept = -0.13, r? = 0.66, p << 0.001)
between matched satellite derived estimates of chlorophyll and mean in situ
chlorophyll measurements in the upper 10 meters from SOCCOM floats in logio Space
(Figure 3.4). This indicates that the SO specific chlorophyll algorithm does a
satisfactory job of representing surface chlorophyll concentrations (Johnson et al.,
2017).

One explanation for the lack of high CHL values at high KE is sampling bias. If
both high KE and high CHL are rare, these two conditions may not be represented in
the data. To confirm that this KE-CHL relationship is not due to a sampling bias, the
15 years of matched KE and CHL data was sorted by KE and then divided into 10 KE
bins each containing 10% of the total data. If the pattern is due to sampling bias, these
distributions would be self-similar. However, when the data is parsed by month, these
distributions are not self-similar. KS tests revealed that every distribution of CHL in
the KE bins were significantly different from one another (p << 0.001). Furthermore,

these distributions also provide evidence that there is a seasonal component to this
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KE-CHL relationship (Figure 3.5). As the season progresses from December to
February, higher CHL shoulders form in the distributions occurring in the lower KE

bins, while the CHL distribution in higher KE bins shifts to lower values.
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Figure 3.1: (A) Averaged MODIS Aqua surface chlorophyll concentration from 2003-
2017. (B) Averaged mesoscale mean kinetic energy per unit mass
derived from OSCAR surface currents.
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Figure 3.2: MODIS Aqua five-day composites of surface chlorophyll-a concentration
with coincident estimates of surface mesoscale kinetic energy per unit
mass from OSCAR surface currents.
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Figure 3.3: KE-CHL relationship broken down by month in the remotely sensed and in
situ float data sets (December = Figures A and D, January = Figures B
and E, February = Figures C and F). Grey bars are for visual reference to
show transition from low to high KE regimes.
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Figure 3.4: (A) Ranged major axis model Il regression of MODIS Aqua surface
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concentration. (B) SOCCOM profile locations mapped against averaged
MODIS Aqua surface chlorophyll concentration from 2003-2017.
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Figure 3.5: Density distributions of binned MODIS Aqua surface chlorophyll
concentration with coincident OSCAR surface mean kinetic energy
estimates. Each distribution contains 10% of the data for a given month
(December = Figure A, January = Figure B, February = Figure C).
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The results of the EM algorithm showed that these shouldered distributions
could be modelled using a mixture of two normal distributions (Figure 3.6). |
nominally term these distributions the “background” and “bloom” distributions, only
to denote that one distribution has a higher mean than the other. The means, standard
deviations and mixing percentages of these two distributions were either linear or
hyperbolic functions of KE (Figure 3.7, Table 2). Table 3.1 shows parameters fit to
these linear or hyperbolic functions of KE for the background and blooms

distributions in each month:

7) Linear Fit: Mean, SD,Mix % = A * KE + B

A
(B+KE)

8) Hyperbolic Fit: Mean, SD, Mix % = +C
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Figure 3.6: An example of the two distributions that have been fit to the observed
distribution in one of the 10 kinetic energy bins using an EM algorithm in
R. This distribution is from the lowest kinetic energy bin observed in
February, hence the large bloom distribution component.
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observed distribution in December (dotted line), January (dashed line),
and February (solid line) as a function of kinetic energy.
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Table 3.1: Parameters of linear or non-linear models fit to the means, standard
deviations, and mixing percentages of the two distributions parsed by
month. Hyperbolic functions of KE were fit in the non-linear models.

Month December January February
Bloom Mean Fit Hyperbolic Hyperbolic Hyperbolic
A Estimate 1.14E-04 3 ME-04 3.65E-04
A Standard Error 8.68E-05 546E-03 5.79E-05
B Estimate 1.36E-03 1.32E-03 1.534E-03
B Standard Error 1.13E-03 2.28E-04 2.61E-04
C Estimate -2.08E-01 -2 86E-01 -3.35E-01
C Standard Error 1.00E-02 6.46E-03 6.15E-03
Bloom Standard Deviation Fit Hyperbolic Hyperbolic Linear
A Estimate 1.78E-04 1.71E-04 9.77E03
A Standard Error 1.92E-03 3.89E-03 1.32E-01
B Estimate 2.86E-03 2.28E-03 3.34E01
B Standard Error 3.04E-04 5.25E-04 3.71E-03
C Estimate 292E-01 3.04E-01 NA
C Standard Error 1.32E+03 3.14E-03 NA
Bloom Mixing Percentage Fit Constant * Hyperbolic Hyperbolic
A Estimate NA 2.01E-04 1.44E-03
A Standard Error NA 6.23E-03 1.31E-04
B Estimate NA 7.22E-04 3.07E-03
B Standard Error NA 2.70E-04 2.72E04
C Estimate NA 4.03E-01 1.43E-01
C Standard Error NA 1.00E-02 8.57E-03
Background Mean Fit Linear Linear Linear
A Estimate 0.484277 1.95E-01 2.38E-01
A Standard Error 0.111408 8.22E-02 1.33E-01
B Estimate -0.54296 -6.48E-01 -7.06E-01
B Standard Error 0.002724 2.01E-03 3.74E-03
C Estimate NA NA NA
C Standard Error NA NA NA
Background Standard Deviation Fit Hyperbolic Linear Hyperbolic
A Estimate 5.11E-04 -4 04E-02 4 36E-06
A Standard Error 4. 79E-04 6.62E-02 2.88E-06
B Estimate 1.14E-02 1.89E-01 1.65E-04
B Standard Error 8.90E-03 1.62E-03 1.94E-04
C Estimate 1.74E-01 NA 1.63E-01
C Standard Error 1.12E-02 NA 1.03E-03
Background Mixing Percentage Fit Constant * Hyperbolic Hyperbolic
A Estimate NA -2.01E-4 -1.44E-03
A Standard Error NA 6.23E-03 1.31E-04
B Estimate NA 7.22E-04 3.07E-03
B Standard Error NA 2.70E-04 2.72E04
C Estimate NA 5.97E-01 1.43E-01
C Standard Error NA 1.09E-02 8.57E-03
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The mixing percentages of the background and bloom distributions in January
and February followed a hyperbolic model. However, this was not the case in
December, in which there was no clear function that seemed best to approximate the
mixing percentages of the background and bloom distribution. Since the mixing
percentage of these two distributions was relatively constant across KE levels, the
mixing percentage for these two distributions across different levels of KE is held
constant. There was also no clear CHL shoulder at low KE present in December
(Figure 3.5A), suggesting that the mixing percentage of these background and bloom
distributions would have little effect on the model. These estimates of the mean,
standard deviation, and mixing percentage for the background and bloom distributions
were then used to probabilistically predict CHL from KE for December, January and
February.

To test the performance of these monthly probabilistic models, models were fit
on a random 80% of the data from each month, and tested on the remaining 20%.
Because these are probabilistic models, | compared the observed and predicted mean,
standard deviation, and distributions for each of the 10 KE bins for each month. Model
Il regression results comparing observed and modeled KE bin CHL means are not
significantly different than a 1:1 line for January and February (January MA
regression slope = 1.03, 95% CI = 0.98 — 1.07 & February MA regression slope = 0.
96, 95% CI = 0.88 — 1.06, Figure 3.8). The regression results for December is
significantly different from a 1:1 line (MA regression slope = 0.52, Figure 3.8), but,
the dynamic range of CHL data in December is very small, and therefore the slope is
difficult to estimate. However, the overall predicted mean is within less than 1% of the

observed mean in December. Furthermore, model 11 regression including all months
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was not significantly different than a 1:1 line (MA regression slope = 0.99, 95% CI =
0.96-1.03) (Figure 3.8).

Model 11 regression results comparing the observed and modeled KE bin CHL
standard deviations are not different than a 1:1 line for December, January, and
February (December MA regression slope = 1.19, 95% CI = 0.99-1.35, January MA
regression slope = 1.03, 95% CI = 0.96-1.09, February MA regression slope = 0.94,
95% CI1 = 0.88-1). Model Il regression including all months was not significantly
different than a 1:1 line either (MA regression slope = 0.98, 95% CI = 0.94-1.02)
(Figure 3.8).

After comparing the observed and predicted mean and standard deviation for
each of the 10 KE bins in each month, the distributions produced from probabilistic
models were evaluated against the observed distributions (Figure 3.9). The predicted
December distribution exhibited higher mean CHL in each bin and was more normally
distributed than the January and February distributions as seen in the observed
December distribution (Figures 3.9A & B). The predicted January and February
distributions exhibit the same higher CHL shoulders in the lower KE bins and lower
CHL values in the higher KE bins as seen in the observed January and February
distributions (Figures 3.9C-F).

Further insight into this KE-CHL relationship was revealed through a
comparison of yearly climatological mean and integrated, observed and predicted
CHL (Figure 3.10). While the monthly models producing these predictions do not
estimate the same interannual variability, they do capture the mean over the entire
time series. The yearly means from the observed and predicted chlorophyll

climatologies over the times series differed, on average, by approximately only 5%
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and were not significantly different overall (t-test, p-value = 0.1086). Furthermore,
the observed and predicted chlorophyll climatology integrations over the time series
differed, on average, by approximately only 4%. The overall means from the
integrations of observed and predicted chlorophyll climatologies were also not

significantly different (t-test p-value = 0.2133).
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Figure 3.8: (A) Measured and predicted mean chlorophyll from each of the 10 kinetic
energy bins for each monthly model. (B) Measured and predicted
chlorophyll standard deviation from each of the 10 kinetic energy bins
for each monthly model.
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3.2 Mesoscale Kinetic Energy as a Proxy for Mixed Layer Depth

Figure 3.11 shows the relationship between MODIS Aqua surface chlorophyll
concentration, OSCAR Kkinetic energy, and mixed layer depths from the Dong et al.
(2008) climatology throughout the entire Southern Ocean overall and separately in
December, January, and February from 2003-2017. The 10 points in each panel of
Figure 3.11 were generated according to the same 10% KE binning procedure as in

Figure 3.5.
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Figure 3.11: Compiled ARGO float mixed layer depths matched to OSCAR mean
kinetic energy and colored by MODIS Aqua surface chlorophyll
concentration in December (A), January (B), February (C), and overall
(D). The 10 points in each panel are generated according to the same
10% binning procedure as in Figure 3.5 and error bars are one standard
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Our analysis suggests that high kinetic energy is a proxy for deeper mixed layers
and lower chlorophyll. In the overall data, the one-way ANOVA’s indicated that
mean Kinetic energy had a statistically significant effect on the mixed layer depth and

surface chlorophyll concentration (both p-values << 0.001). The results from the
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Tukey’s multiple-comparison test indicated that the mean chlorophyll concentration
differed across every KE bin while the mean mixed layer depth different across every
KE bin minus the pairs of bins 5 & 6, bins 6 & 7, and bins 7 & 8.

Specifically in December, the one-way ANOVA’s indicated that mean kinetic
energy had a statistically significant effect on the mixed layer depth and surface
chlorophyll concentration (both p-values << 0.001). The results from the Tukey’s
multiple-comparison test indicated that the mean chlorophyll concentration differed
across every KE bin minus the pair of bins 4 & 5, bins 5 & 6, bins 6 & 7, and bins 7 &
8. On the other hand, results from the Tukey’s multiple-comparison test indicated that
the mean mixed layer depth differed across every KE bin pair from bins 1-4 but not
from every KE bin pair from bins 4-10 (All p-values << 0.001).

In January data, the one-way ANOVA’s indicated that mean kinetic energy had a
statistically significant effect on the mixed layer depth and surface chlorophyll
concentration (both p-values << 0.001). The results from the Tukey’s multiple-
comparison test indicated that the mean chlorophyll concentration differed across
every KE bin minus the pairs of bins 3 & 9, bins 4 & 5-6, bins 5 & 6, bins 7 & 8, and
bins 9 & 10. On the other hand, the results from the Tukey’s multiple-comparison test
indicated that the mean mixed layer depth differed across every KE bin pair minus the
pairs of bins 5 & 6 and bins 6 & 7 (All p-values << 0.001).

In February data, the one-way ANOVA’s indicated that mean kinetic energy had
a statistically significant effect on the mixed layer depth and surface chlorophyll
concentration (both p-values << 0.001). The results from the Tukey’s multiple-
comparison test indicated that the mean chlorophyll concentration differed across

every KE bin minus the pair of bins 5 & 10, bins 6 & 10, bins 5 & 6, bins 6 & 7, and
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bins 8 & 9. On the other hand, the results from the Tukey’s multiple-comparison test
indicated that the mean chlorophyll concentration differed across every KE bin (All p-
values << 0.001).

The in situ measurements from the SOCCOM floats revealed similar results
which confirmed what was observed in the remotely sensed data. The same
relationship observed in Figure 3.11 can be seen in Figure 3.12 but with SOCCOM
surface chlorophyll concentration, OSCAR mean kinetic energy, and SOCCOM mixed
layer depth throughout the entire Southern Ocean in December, January, February,
and in these months combined. In all the months combined, the one-way ANOVA’s
indicated that mean kinetic energy had a statistically significant effect on the in situ
mixed layer depth and surface chlorophyll concentration (both p-values << 0.001).
The results from the Tukey’s multiple-comparison test indicated that the mean in situ
chlorophyll concentration and mixed layer depth from Bin 1 differed from that of each
of the other bins but not across all other combinations (all p-values << 0.001).

Specifically in December, the one-way ANOVA’s indicated that mean kinetic
energy only has a statistically significant effect on in situ mixed layer depth (p-value =
0.0004). The results from the Tukey’s multiple-comparison test indicated that the
mean mixed layer depth differed from the pairs of KE bins 1 & 2 and bins 1 & 5 but
not across all other combinations of bins (p-values = 0.007 & 0.004). KE not having a
statistically significant effect on in situ CHL in December falls in line with the
observed CHL distributions in each of the KE bins in the remotely sensed data in
Figure 3.5.

In the January data, the one-way ANOVA'’s indicated that mean kinetic energy

has a statistically significant effect on in situ mixed layer depth and surface
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chlorophyll concentration (p-values = 0.0004 & 0.004). The results from the Tukey’s
multiple-comparison test indicated that the mean mixed layer depth differed across the
pairs of KE bins 1 & 4 and bins 3 & 4 but not across all other combinations of bins (p-
value = 0.0003 & 0.02). On the other hand, the results from the Tukey’s multiple-
comparison test indicated that the mean chlorophyll concentration differed only from
the pair of KE bins 1 & 4 (p-value = 0.045).

In the February data, the one-way ANOVA’s indicated that mean kinetic energy
only has a statistically significant effect on in situ chlorophyll concentration (p-value
<< 0.001). The results from the Tukey’s multiple-comparison test indicated that the
mean chlorophyll concentration differed across every KE bin pair from bins 1-4 but
not from every KE bin pair from bins 4-10 (p-values = 0.001, 0.0008, 0.02, & 0.00006

respectively).
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Figure 3.12: Compiled in situ mixed layer depth from SOCCOM floats matched to
OSCAR mean kinetic energy and colored by in situ mean surface
chlorophyll concentration in December (A), January (B), February (C),
and overall (D). The 5 points in each panel are generated according to
the same 10% binning procedure as in Figure 3.5 but into 20% bins to
compensate for the difference in data points and error bars are one
standard deviation..
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Bulk Richardson numbers were calculated for every in situ profile after the
SOCCOM floats’ surfacing locations were matched with coinciding OSCAR surface
current estimates. Out of these 266 profiles, 251 have coincident estimates of surface
mean kinetic energy from the OSCAR product. When the bulk Richardson numbers
were less than 0.25 (threshold for turbulent mixing), the mean chlorophyll
concentration was observed to be 0.348 mg m™ while the mean chlorophyll
concentration was observed to be 0.595 mg m when Richardson numbers were
greater than 0.25 (t-test, p-value << 0.001, Figure 3.13). When bulk Richardson
numbers were less than 0.25, the mean mixed layer depth was observed to be 82 m
while the mean mixed layer depth was observed to be 56 m when Richardson numbers
were greater than 0.25 (t-test, p-value << 0.001, Figure 3.13). The mean kinetic energy

associated with Richardson numbers below 0.25 was observed to be 0.021 m?s2.
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Chapter 4

DISCUSSION

In this study, | attempt to understand a unique relationship between mesoscale
kinetic energy and surface chlorophyll concentration as it pertains to phytoplankton
bloom dynamics within the Southern Ocean summer growing season. While there is
much debate about the initiation of phytoplankton blooms in the SO and the
importance of iron for phytoplankton here, | show that phytoplankton bloom dynamics
within a growing season are dictated by the availability of light, mediated by changes
in turbulent mixing and the mixed layer depth. | also show that KE can be used to
probabilistically predict CHL in the SO and can be used as a proxy for the
environmental conditions that permit bloom development.

Because the mean, standard deviation, and mixing percentage of the
background and bloom distributions are a function of KE, KE can be used to
probabilistically predict CHL. This is significant because of the differences in spatial
and temporal coverage between the OSCAR surface current product and remotely
sense chlorophyll concentration (Figure 2.2). The monthly probabilistic models
produce predicted binned means and standard deviations that are not statistically
different than the observed distributions (Figure 3.8). Furthermore, these models
accurately reproduce the shapes of the observed distributions in each KE bin (Figure
3.9). While the predicted bin means for December differ slightly from the observed
bin means, this is to be expected as they do not exhibit the same significant
relationship with KE. Furthermore, when all the monthly data is combined, the
overall predicted and observed binned chlorophyll means and standard deviations do

not differ statistically from a 1:1 line. While the monthly models producing these
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chlorophyll predictions do not capture the same variability in observed yearly
climatological mean and integrated chlorophyll they do capture the mean over the
entire time series (Figure 3.10).

In agreement with observations from Davies (2015) in the Drake Passage
region, high phytoplankton abundance was not remotely sensed or observed in situ
while Kkinetic energy was high throughout the entire Southern Ocean (Figures 3.2 and
3.3). Remotely sensed (Figure 3.11) and SOCCOM float observations (Figure 3.12)
provide evidence suggesting that high levels of KE deepen the vertical structure of the
water column which can limit phytoplankton abundance in several different manners.
While turbulence driven (Huisman et al., 1999) and seasonally driven (Sverdrup,
1953) residence time in the euphotic zone can regulate phytoplankton abundance,
these observations suggest a mesoscale light limitation as one of the potential
explanations for why high KE limits phytoplankton abundance in the surface.
Because both mixed layer depths and euphotic depths range from 20-100 meters
during SO summers, it is plausible that high KE limits phytoplankton growth by
reducing their time spent in the euphotic zone (Soppa et al., 2013). This explanation
further implies that low KE may be a necessary, but not sufficient, precondition for
phytoplankton blooms during the summer growing season.

Another possible explanation is simply higher KE leading to the dilution of
CHL in the upper mixed layer, thus an apparent decrease in surface CHL. High KE’s
ability to deepen the mixed layer theoretically increases the volume over which
phytoplankton can reside in the water column thus diluting their concentration in the
water column. Figures 3.11 and 3.12 can be used to test if a dilution effect is a

possible mechanism. This comparison can be done by taking the mean chlorophyll
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concentration in the lowest KE bin, multiplying it by the mean mixed layer depth
observed in that bin, and extrapolating that concentration over the mixed layer
observed in the highest KE bin. In the December remotely sensed data (Figure
3.11A), the mean chlorophyll concentration (0.73 mg m) in the weakest KE bin
multiplied by the mean mixed layer depth from that bin (54 m) results in a
concentration of approximately 40 mg m. This concentration diluted over the 64 m
mixed layer observed in the highest KE bin results in an approximate concentration of
0.62 mg m=, which is only slightly higher than the concentration of 0.59 mg m
observed in this bin. In the December in situ data (Figure 3.12A), the mean
chlorophyll concentration (0.5 mg m) in the weakest KE bin multiplied by the mean
mixed layer depth from that bin (41 m) results in a concentration of approximately 21
mg m. This concentration diluted over the 74 m mixed layer observed in the highest
KE bin results in an approximate concentration of 0.28 mg m, which is slightly
higher than the concentration of 0.19 mg m= observed in this bin. Considering these
examples as back-of-the-envelope calculations, a dilution effect is a plausible potential
explanation behind this KE-CHL relationship in December. However, a dilution
effect does not seem plausible in January or February as the computed, diluted
chlorophyll concentration in the highest KE bins for these months are approximately
two times greater than both the remotely sensed and in situ chlorophyll concentration
observed in those bins. This suggests that higher KE in January and February leads
deeper mixing and a more light-limited environment for phytoplankton rather than a
simply just a dilution in their concentration in the water column.

It is clear the KE-CHL relationship is markedly different in December

compared to both January and February. On average, the observed bin means in
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December are higher than in January and February (Figures 3.5, 3.6, & 3.7). In
addition to dilution, it is likely that this is due to the increasing seasonal availability of
light, standing stock of nutrients, and the consequent seasonal timing of phytoplankton
blooms throughout the Southern Ocean (Thomalla et al., 2011). That is, in December
KE has less of an effect on phytoplankton abundance because as light becomes
available phytoplankton will utilize the available nutrients, leaving a more nutrient
(iron) limited environment in January and February (Tagliabue et al., 2014).
Sverdrup’s critical depth hypothesis proposes spring blooms are caused by a
shoaling of the mixed layer depth to some depth above a critical depth, resulting in
improved light conditions for phytoplankton. As Franks (2014) notes, Sverdrup was
actually referring to a “turbulent layer” when he wrote about a “mixed layer” and that
this distinction has been forgotten in most tests of the critical depth hypothesis. While
the mixed layer depth refers to the shallowest depth where some difference in
temperature or density, usually measured from the surface, reaches a particular
threshold, the turbulent layer is almost always equal to or shallower than the mixed
layer as it contains waters that are kept in motion through active turbulence (Franks,
2014). The presence of a turbulent layer and its distinction from the mixed layer is
relevant because it almost always leads to a violation in the first assumption of
Sverdrup’s critical depth hypothesis; that there is a thoroughly mixed top layer that
vertically distributes phytoplankton evenly. Therefore, the turbulent layer is an
important aspect to consider in terms of the potential mechanisms behind this KE-
CHL relationship, especially if KE is a proxy for turbulent mixing. When there is
vertical mixing within a turbulent layer, light water is pushed downward and heavy

water is brought upwards. This process increases a water column’s center of gravity
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and potential energy, while dissipating kinetic energy. Therefore, there must be a
source of kinetic energy strong enough to overcome the ambient density stratification
to generate mixing along a density gradient. To investigate this, bulk Richardson
numbers were calculated for 251 SOCCOM float profiles that had coincident estimates
of surface mean kinetic energy from the OSCAR product. These Richardson numbers
(Ri < 0.25) indicated that high kinetic energy could generate vertical mixing due to
either strong shear or weak stratification. The bulk Richardson numbers were
calculated with a dz = 30 meters because the OSCAR surface currents are
representations of averaged flow over the upper 30 m of the Ocean. The mean
chlorophyll concentration in profiles were the Richardson number indicated vertical
mixing (Ri < 0.25) was significantly lower, 0.348 mg m=, than in profiles where there
was no vertical mixing, 0.595 mg m=, even when the Richardson number was only
calculated to this depth. While there is clear evidence that high KE (i.e. Richardson
numbers < 0.25) has the potential to deepen the mixed layer, there is also compelling
evidence that high KE can generate a turbulent layer within a deep mixed layer thus
still potentially effecting the localized residence time of phytoplankton in the euphotic
zone. In other words, KE is a proxy for mixing, where higher KE leads to deeper
mixing; that is, a gradient of turbulence through which phytoplankton are kept in
motion and subjected to a gradient of light that exponentially decreases with depth.
Even in a “thoroughly mixed” layer, defined by homogenized hydrographic properties,
there is a vertical gradient in turbulence, highlighting the importance of KE’s impact
on phytoplankton due to its ability to generate vertical mixing.

This KE-CHL relationship implies that there may be regions of the Southern

Ocean that are unlikely to support phytoplankton blooms because of consistently high
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KE leads to deep turbulent mixed layers, even if other limiting factors such as iron are
alleviated. Because low KE during January and February seems to be a precondition
for phytoplankton abundance, regions of consistently high KE would also be
unsuitable for large-scale iron fertilization experiments. In fact, it appears that the
successful large-scale iron addition experiments (Boyd et al., 2000; Coale et al., 2004;
Gervais at al., 2002; Hoffmann et al., 2006, Smetacek et al., 2012) were preferentially
conducted in low KE environments (Table 4.1).

The probabilistic models of CHL from KE provide further evidence supporting
the case that KE structures the spatial distribution of CHL in the Southern Ocean.
Figure 4.1 shows a comparison of monthly MODIS Aqua CHL climatologies from
2003-2017 and a corresponding monthly climatology of CHL predictions from the
monthly probabilistic models. Regression analysis of these data sets reveals that, in all
the months combined, probabilistic predictions of CHL based on KE alone can explain
30% of the observed spatial variability in phytoplankton abundance (RMA regression
slope = 0.323, intercept = -0.139, R? = 0.300). In January and February, these models
explain 19% and 23% of the observed spatial variability in phytoplankton abundance
(RMA regression slope = 0.397 & 0.459 &, intercept = -0.115 & -0.147, R>=0.186 &
0.234). The regression between the climatologies of observed and predicted CHL in
December are not significant (R? = 0.002), this is to be expected as the dynamic range
of CHL in December is very small and KE does not have a statistically significant
effect on CHL, likely because the system is undergoing the alleviation of seasonal

light limitation.
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Table 4.1: Estimated mesoscale kinetic energy during iron fertilization experiments in

the Sothern Ocean. The surface mesoscale kinetic energy per unit mass
(KE) is estimated at the latitude and longitude locations corresponding to
each iron fertilization experiment. Shown are the KE ranges estimates
over the duration of each experiment. The iron fertilization experiments
conducted in the Southern Ocean are SOIREE (Boyd et al., 2000),
EisenEx (Gervais et al., 2002), SoFex South and North (Coale et al.,
2004), and EIFEX (Hoffmann et al., 2006). The KE is not available at
the SOIREE study location. The experiment site selection for each study
Is summarized in the notes, along with any supplemental information
about the environmental conditions or experiment. Table from Davies et
al. (2015).

Study Latitude Longitude KE (m?s?) Notes
SOIREE 61.0°S  220.0°E N/A This site was chosen in-part due to
“low eddy activity” and “low
horizontal shear.”
EisenEx 48.0°S 21.0°E 0.00141-  The iron injection was inside a
0.01082  mesoscale eddy to ensure “stable
hydrographic conditions.”
SoFEX 66.5°S  18R2°E 0.00173- A coherent patch was present
South 0.00337  throughout the experiment and
slowly grew from 225 km? to
2,100 km?
SoFEX 56.2°S  1BR.O°E 0.00578-  Strong horizontal shear stretched
North 0.0462 the patch into an “eclongated
filament” 7 km wide by 340 km
long.
EIFEX  50.0°S 20°E 0.00089-  The iron injection was inside an

0.0578 eddy to ensure a “relatively stable
water mass.” Iron injections were
on experiment days 0 and 15. The
initial iron injection nearly
doubled the observed chlorophyll-
a concenfration inside the eddy.
However, the day 15 injection was
followed by a plateau or slight dip
in the observed chlorophyll-a
concentration which is at a time
when we estimate the KE peaked
(~ experiment day 20).
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This study attempts to understand the unique influence surface mesoscale
kinetic energy has on phytoplankton abundance in the Southern Ocean during the
austral summer growing season. High levels of kinetic energy correspond with low
phytoplankton abundance while high phytoplankton abundance occurs only when
kinetic energy is low. | found that high levels of kinetic energy can generate vertical
turbulence which has the potential to deepen the mixed layer. This vertical turbulence
has been shown to limit phytoplankton growth, potentially through a dilution effect in
December and a mesoscale light limitation in January and February. 1 also found that
kinetic energy can be used in a probabilistic model to estimate chlorophyll
concentration to a high degree of accuracy. These findings suggest that low surface
mesoscale kinetic energy is a precondition for phytoplankton growth and can be used
as a proxy for the environmental conditions that permit bloom development.

While the Southern Ocean’s importance in the carbon cycle is an area of active
research and discussion, several studies estimate that the SO could account for
anywhere from a tenth to a quarter of the annual global ocean carbon uptake (McNeil
& Matear, 2007; Roy et al., 2003; Takahashi et al., 2002). Over the next century, SO
surface waters are expected to experience increased warming, shallowing of mixed
layer depths, increases in light, and changes in upwelling and nutrient fluxes
(Deppeler & Davidson, 2017; IPCC, 2013). As a result, phytoplankton productivity is
expected to increase and the biological pump in the SO is expected to have a larger
role in carbon sequestration (Sarmiento et al., 1998), assuming light is the major driver
of productivity. However, these projections do not consider sub-seasonal, suppression
of CHL due to the mesoscale effects discussed here. For one, it is important for future

projections to include the relationship between mesoscale kinetic energy and
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phytoplankton abundance because KE has now been shown to have the unique ability
to structure the spatial variability in CHL. Furthermore, because of the spatial and
temporal coverage in these KE estimates and KE’s ability to accurately,
probabilistically predict CHL, this relationship has the potential to provide insights
into the full inventory of CHL in the SO. Therefore, it is only by incorporating this
KE-CHL relationship, to fully understand the mechanisms that dictate phytoplankton

growth, that forecasts will be able to accurately project future changes in our climate.
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