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Abstract

The pelagic Southern Ocean is a high‐nutrient, low‐chlorophyll ecosystem. Here,
phytoplankton growth is colimited by iron supply and light availability. This creates a general
expectation that when light is available in the austral summer (shallow mixing depths), phytoplankton
concentrations may be high or low depending on the delivery of iron to the surface layer. When light is not
adequate (deep mixing depths), phytoplankton concentrations will likely be low, even if iron is available.
Here we show that low surface kinetic energy behaves like a necessary but not sufﬁcient condition for
high chlorophyll concentrations. In high kinetic energy conditions, high chlorophyll concentrations are
rare. Conversely, under low kinetic energy conditions, both high and low chlorophyll concentrations were
observed. We show that higher kinetic energy conditions are related to deeper mixed layers, which is
likely a proxy for local light conditions. Probabilistic models of chlorophyll based on surface kinetic
energy were able to describe 30% of the spatial variability in monthly chlorophyll climatologies. This
means that local light availability, proxied by mixing through kinetic energy, signiﬁcantly shapes the spatial
distribution of chlorophyll in the Southern Ocean. We suggest that regions with consistently higher
kinetic energy may not be as sensitive to iron inputs compared to historic iron addition experiments,
which were conducted in low surface kinetic energy conditions.

Plain Language Summary Phytoplankton are at the base of the food web in most ocean
ecosystems. In the Southern Ocean, they are critical for converting carbon dioxide into organic matter.
Some of that organic matter is exported to the deep ocean and sequestered from the atmosphere.
Therefore, factors that affect phytoplankton concentrations are important for understanding their impact
on both marine ecology and global carbon budgets. Here we show that surface kinetic energy may be
an important indicator of phytoplankton concentrations in the Southern Ocean. We propose that
increased surface kinetic energy results in deeper vertical mixing, limiting phytoplankton access to light.
We show that phytoplankton blooms are not common in high kinetic energy environments in the Southern
Ocean in the summertime.

1. Introduction
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The pelagic Southern Ocean (SO) is an important region for the global carbon cycle as it takes up approximately 40% of the total anthropogenic carbon that enters the ocean (Gruber et al., 2009). The SO is a
high‐nutrient, low‐chlorophyll (HNLC) region where surface waters are typically macronutrient (e.g., nitrogen and phosphorous) rich during the growing season, yet phytoplankton patterns are highly patchy within
a generally unproductive environment (Arrigo et al., 2008; Moore & Abbott, 2000; Venables & Moore, 2010).
This patchy distribution is attributed to deﬁcient iron concentrations in the surface waters (Martin, 1990),
which can be temporarily alleviated through various mechanisms including eolian deposition, mesoscale
eddies, vertical mixing, upwelling, northward advection of iron rich waters, and interactions with nearby
fronts (Blain et al., 2001; Boyd & Ellwood, 2010; Comiso et al., 1993; Holm‐Hansen et al., 2005; Klunder
et al., 2014; Nolting et al., 1991; Song et al., 2018; Uchida et al., 2019; Venables et al., 2007). Because iron
is the limiting nutrient for open ocean phytoplankton, SO waters have been the focus of several successful,
artiﬁcial iron enrichment experiments (Boyd et al., 2000; Coale et al., 2004; Gervais et al., 2002; Hoffmann
et al., 2007; Smetacek et al., 2012). Furthermore, iron has also been conﬁrmed to be critical for naturally
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occurring phytoplankton blooms within HNLC regions (Blain et al., 2007; Holeton et al., 2005). However,
despite the number of studies demonstrating the importance of iron to phytoplankton abundance, light
availability, mediated by changes in mixing depth, sets the upper limit of phytoplankton abundance even
after relieving iron limitation (Boyd et al., 2000; De Baar et al., 2005).
Conceptually, both light availability, modulated by the mixed layer depth (MLD), and iron concentrations
emerge as necessary but not sufﬁcient conditions for phytoplankton blooms in the SO. This condition leads
to two probabilistic expectations. When light is available (shallow MLD), the phytoplankton concentrations
may be high or low, depending on the delivery of iron to the surface layer through various delivery mechanisms. When light is not adequate (deep MLD) phytoplankton concentrations will likely be low, even if iron is
available. Assuming that neither MLD or iron delivery are spatially random in the study area (south of 55°S),
these probabilistic relationships resolved in space ought to show where in the pelagic SO iron delivery is
more likely to generate high phytoplankton concentrations and where it is less likely due to localized light
limitation through increased mixing.
In this manuscript we propose that the relationship between surface mean kinetic energy per unit mass (KE)
and mean surface chlorophyll concentration (CHL) is a proxy for the expected probabilistic relationship
between light limitation and phytoplankton concentrations in the summertime pelagic SO. To do this, we
show empirically that low KE behaves like a necessary but not sufﬁcient condition for high CHL. We then
develop a probabilistic model to show that KE is predictive of CHL in the SO, which is validated by in situ
observations of CHL by Southern Ocean Carbon and Climate Observations and Modeling (SOCCOM) bioﬂoats. We suggest that high KE values are a proxy for vertical mixing and potentially a deepening mixed
layer, causing localized light limitation. Applying the probabilistic model over a 15‐year time series of
satellite‐derived CHL and KE in the SO suggests that up to 30% of the spatial variability in phytoplankton
biomass is likely due to local deepening of the mixed layer. Based on our analysis, we also suggest the regions
of the pelagic SO that are more likely to result in elevated CHL when iron is added to the surface layer.

2. Materials and Methods
2.1. SO Satellite Chlorophyll Concentrations
Estimates of pelagic SO CHL were made using the National Aeronautics and Space Administration's (NASA)
Moderate Resolution Imaging Spectroradiometer (MODIS‐Aqua). Standard NASA processing ﬂags were
used to remove remote sensing reﬂectance data in the SO for a failure in atmospheric or aerosol corrections,
cloud or ice contamination, and high solar zenith (Esaias et al., 1998). The standard OC3 CHL algorithm for
the MODIS‐Aqua satellite signiﬁcantly underestimates CHL at high latitudes (Cota et al., 2003; Dierssen &
Smith, 2000; Gregg & Casey, 2004; Kahru & Mitchell, 1999; Strutton et al., 2011). To correct for this, we
applied a SO speciﬁc CHL algorithm (Johnson et al., 2013). This algorithm is
CHL ¼ 10ð0:6994–2:0384RMA − 0:4656RMA þ0:4337RMA Þ ;



RMA ¼ log10 max Rrsð443Þ ; Rrsð490Þ ;
2

555

3

555

(1)
(2)

where Rrs is remote sensing reﬂectance (sr−1) at their respective wavelengths (443, 490, or 555 nm). RMA
indicates that the algorithm uses log10 of the largest of the two wavelength ratios. Using this algorithm,
the dynamic range of CHL increased by 138% (Johnson et al., 2013).
Five‐day composites of CHL were made from daily, 9‐km resolution, Level 3 remote sensing reﬂectance data
to match to the 5‐day composites of KE estimates described in section 2.2. To focus on the pelagic SO, spatial
masks were applied to eliminate the higher CHL concentrations caused by islands and shallow coastal
waters (Moore & Abbott, 2000; Sokolov & Rintoul, 2007) (Figures 1a and S1 in the supporting information).
Only data from December, January, and February (austral summer) were considered in this study because
roughly 75% of the satellite CHL estimates came from this season due to reduced cloud cover.
2.2. SO Kinetic Energy Estimates
KE estimates were derived from the National Oceanic and Atmospheric Administration's (NOAA) unﬁltered, 1/3° resolution, 5‐day‐averaged Ocean Surface Current Analysis Real‐time (OSCAR) data product.
GRADONE ET AL.
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Figure 1. (a) Averaged MODIS‐Aqua surface chlorophyll concentration and (b) averaged kinetic energy estimates derived
from OSCAR surface currents from 2003–2017 (December–February). These data were masked to avoid the effects of land.

OSCAR surface currents are computed by combining a quasi‐steady geostrophic model with wind‐driven
ageostrophic currents and thermal wind adjustments (Bonjean & Lagerloef, 2002). These currents are
representations of spatially and temporally averaged ﬂow over the upper 30 m of the ocean and are
calculated by
h
τ− AU′ ð− hÞ
if U ¼ − g∇ς þ ∇θ þ
;
2
h

(3)

where U is the horizontal velocity vector, U(x,y,z,t) ≡ u + iv, where the bar represents averaged velocity over
the upper 30 m. ∇ ≡ ∂/∂x + i∂/∂y, where the vector wind stress ﬁeld divided by the characteristic density is
represented by τ = τx + iτy. g is the gravitational constant, ζ is the displacement of the ocean‐atmosphere
interface, θ is the buoyancy force proportional to∇ (sea surface temperature), f is the Coriolis parameter,
and A is the depth‐uniform eddy viscosity that characterizes turbulent vertical mixing. U′ ≡ Uz denotes
the vertical shear, which is assumed to be equal to τ/A at the surface of the ocean and equal to zero at a depth
of 30 m (Bonjean & Lagerloef, 2002). The ﬁrst term on the right‐hand side of this equation, −g∇ς, represents
the pressure gradient force, which is adjusted by the contribution of the buoyancy gradient, (h/2)∇θ. The last
term represents the net drag force applied by the wind stress to depth h.
OSCAR uses a variational analysis of Special Sensor Microwave Imager (SSM/I) winds by Atlas et al. (1996)
to compute surface winds with the wind stress vectors being computed using the drag relationship used by
Large and Pond (1981). OSCAR also incorporates Jason‐1 and Envisat altimetry data. The data are packaged
as discrete, temporal blocks of 5‐day‐averaged currents, from which KE estimates are computed,
KE ¼


1 2
u þ v2 ;
2

(4)

where u and v are the meridional and zonal components of the OSCAR currents, respectively.
Mesoscale dynamics in the SO occur on the order of 75–100 km spatially (Chelton et al., 2007) and 10 days
temporally (Daniault & Ménard, 1985). With a 1/3° spatial resolution and a 5‐day sampling period, the
OSCAR currents are on the same order of magnitude as these features. These data were also masked to avoid
the inﬂuence of land and island effects (Figure 1).
2.3. Argo Float MLD Climatology
While there are several global MLD products available, there are large uncertainties in the SO 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 SO (30–65°S, 0–360°E) to create a MLD climatology. This monthly climatology is mapped onto a 1° × 1° grid. Dong et al. (2008) deﬁned the MLD as a
potential density difference from the surface of 0.03 kg m−3 for the SO.
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 5‐day‐averaged OSCAR currents and MODIS CHL
GRADONE ET AL.
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observations. For spatially coincident estimates of CHL, KE, and MLD in the pelagic SO, the CHL and MLD
products were spatially interpolated onto the OSCAR 1/3° × 1/3° grid and restricted to South of 55°S.
2.4. SOCCOM Float Observations
The SOCCOM program has deployed biogeochemical sensors on proﬁling ﬂoats in the SO since 2014. This
program is focused on the SO's impact on carbon budget, ocean biogeochemistry, and climate change (Gray
et al., 2018). In addition to the temperature, salinity, and pressure sensors, 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. Depth sampling resolution is highest (1.5 m) in the
upper 100 m but decreases at greater depths.
At the time of this analysis, there were 76 ﬂoats (~3,400 proﬁles) with quality‐controlled and adjusted data
that had been in the water for at least 6 months in the SOCCOM database. Approximately 75% of the satellite
CHL estimates come from the summer due to the reduced cloud cover during this season. As a result, only
summer proﬁles were used in this study. After removing ﬂoats that did not have working ﬂuorometers,
applying the land and island masks in Figure 1, and removing the nonsummer proﬁles, 266 proﬁles from
31 different ﬂoats from 2014 to 2017 were used in this study. Before our analysis of the relationship between
KE and CHL, we checked if satellite‐derived CHL approximated SOCCOM in situ CHL. A Model II regression showed there was a signiﬁcant positive relationship (slope = 0.76, intercept = −0.13, r2 = 0.66,
p << 0.001) between matched satellite‐derived estimates of CHL and mean in situ chlorophyll measurements in the upper 10 m from SOCCOM ﬂoats in log10 space (Figure S3). This indicates that the SO speciﬁc
CHL algorithm (equation 1) does a satisfactory job of representing in situ CHL. These results differ from
those reported by Haëntjens et al. (2017) because this study is focused on regions far from land inﬂuences.
The surfacing locations of the ﬂoats were matched with the nearest satellite observation in a 5 day and 15 km
window for comparison. MLDs for each ﬂoat proﬁle were computed using the potential density difference of
0.03 kg m−3 from the surface used in the Dong et al. (2008) study to enable comparison of MLDs from different sources. In situ density proﬁles were visually inspected with the corresponding computed MLDs to
conﬁrm this method's accuracy.
2.5. Kinetic Energy‐Chlorophyll Probabilistic Model Development
Fifteen years (2003–2017) of KE and CHL data were matched and parsed by month (December, January, and
February). For each month, KE was divided evenly into 10 bins, each containing 10% of the matched data. To
model the distributional relationship between KE and CHL, an expectation maximization (EM) algorithm
was used to ﬁt a mixture of univariate normal distributions to the observed CHL data in each of the 10
KE bins (Benaglia et al., 2009). Kolmogorov‐Smirnov (KS) tests were used to determine if the frequency distributions of satellite‐derived CHL observed in each of the 10 KE bins statistically differed from one another
(R Development Core Team, 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
(Benaglia et al., 2009). The EM algorithm estimates the means, standard deviations, and mixing percentages
for two normal distributions that together approximate the CHL distributions in the 10 KE bins in each
month (December–February). These EM estimates were then used as seed values in a nonlinear least
squares model to estimate the nonlinear relationship between these mean, standard deviation, and mixing
percentage curves for the two distributions as a function of KE (R Development Core Team, 2017). Then,
using the function rnormmix in R to simulate from a mixture of univariate normal distributions, these continuous functions were used to probabilistically predict CHL for each KE estimate (Benaglia et al., 2009).
This procedure was performed separately for December, January, and February.
GRADONE ET AL.
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2.6. Kinetic Energy‐Chlorophyll 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 remaining 20% of the data from each month. Using the R
package lmodel2, a Model II ranged major axis (RMA) linear regression was performed to ﬁrst assess the
accuracy of the predicted binned mean and standard deviation of CHL against the observed binned mean
and standard deviation of CHL, and for examining the relationship between climatologies of observed and
predicted CHL (Legendre, 2014). The probabilistic models were also evaluated spatially by comparing maps
of averaged observed and predicted CHL over the 2003–2017 study period.
2.7. Evaluating the Relationship Between Kinetic Energy, MLD and Chlorophyll
The role of KE as a proxy for MLD and CHL 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 data set of matched KE, CHL, and MLD from the Argo ﬂoat climatology. This
same procedure was also performed on a SOCCOM ﬂoat data set of individual proﬁle MLD and CHL
matched to KE but with 20% bins because of the smaller sample size from the SOCCOM ﬂoats. One‐way analysis of variances (ANOVAs) was used to test the impact that different levels of KE had on (remotely sensed
and individual proﬁle) MLD and CHL (R Development Core Team, 2017).

3. Results
3.1. Kinetic Energy as a Proxy for MLD
Figure 8 shows the relationship between MODIS‐Aqua CHL, OSCAR KE, and climatological MLD throughout the entire SO in all summer months combined and separately in December, January, and February from
2003–2017. The 10 points in each panel of Figure 8 correspond to the same KE bins, each containing 10% of
the data described in Figure 3.
Our analysis suggests that high KE is a proxy for deeper MLDs and lower CHL. One‐way ANOVAs indicate
that mean KE had a statistically signiﬁcant effect on MLD and CHL (both p values << 0.001). The in situ
measurements from the SOCCOM ﬂoats show similar results, which conﬁrm what is observed in the remotely sensed data. The same relationship observed in Figure 8 can be seen in Figure 9 but with SOCCOM CHL,
MLD, and KE, in December, January, February, and in these months combined. In all the months combined, the one‐way ANOVAs indicate that mean KE had a statistically signiﬁcant effect on the individual
proﬁle MLD and CHL (both p values << 0.001).
3.2. Kinetic Energy and Chlorophyll Relationship
Throughout the entire pelagic SO, high levels of KE correspond with low CHL, while high CHL occur at
lower KE (Figures 1 and 2). This pattern is consistent when observations are broken down by month
(December, January, and February) and is also observed in the in situ SOCCOM ﬂoat observations
(Figure 2), indicating that the general relationship is not an artifact of satellite observations.
One explanation for the lack of high CHL values at high KE is a possible 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 were 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 (i.e., show similar statistical properties at many scales). However,
when the data are parsed by month, these distributions are not self‐similar. KS tests revealed that every distribution of CHL in the KE bins are signiﬁcantly different from one another (p << 0.001). Furthermore,
these distributions also provide evidence that there is a seasonal component to this KE‐CHL relationship
(Figure 3). As the austral summer 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.
The results of the EM algorithm show that these distributions can be modeled using a mixture of two normal
distributions. These two distributions mix together in difference percentages to represent the observed distribution. We nominally label these the “background” and “bloom” distributions, only to denote that one
GRADONE ET AL.
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Figure 2. Mean surface kinetic energy and mean surface chlorophyll concentration relationship broken down by month
in the remotely sensed and in situ ﬂoat data sets (December = panels a and d; January = panels b and e; February = panels
2 −2
c and f). Gray bars are for visual reference to show transition from low to high KE regimes (0.05 m s ).

distribution has a higher mean than the other. The means, standard deviations, and mixing percentages of
these two distributions (Figure 4) are ﬁt to either linear or hyperbolic functions of KE:
Linear Fit:Mean; SD; Mix% ¼ A*KE þ B;

Hyperbolic Fit:Mean; SD; Mix% ¼

A
þ C:
ðB þ KEÞ

(5)

(6)

The mixing percentages of the background and bloom distributions in January and February ﬁt a hyperbolic
model. However, this is not the case in December, in which there is no clear function that seems best to
approximate the mixing percentages of the background and bloom distribution; therefore, the mixing percentage for these two distributions across different levels of KE is held constant (Table S1). There is also
no clear higher CHL shoulder at low KE present in December (Figure 3a), suggesting that the mixing percentage of these background and bloom distributions would have little effect on the model. The coefﬁcients
found to ﬁt these functions can be found in Table S1. These estimates of the mean, standard deviation, and
mixing percentage for the background and bloom distributions are then used to probabilistically predict
CHL from KE in the SO for the pooled observations for December, January, and February from 2003–2017.
To test the performance of these monthly probabilistic KE‐CHL models, the models were ﬁt on a random
80% of the pooled data from each month and tested on the remaining 20%. Because these are probabilistic
models designed to predict the distribution of CHL based on 5‐day composites of KE estimates alone, we
compared the observed and predicted mean, standard deviation, and CHL distributions for each of the 10
KE bins for December, January, and February. Model II regression results comparing observed and modeled
KE binned CHL means are not signiﬁcantly different than a 1:1 line for January and February (January
Major Axis [MA] regression slope = 1.03, 95% CI = 0.98–1.07 and February MA regression slope = 0. 96,
95% CI = 0.88–1.06; Figure 5a). The regression results for December is signiﬁcantly different from a 1:1
GRADONE ET AL.
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line (MA regression slope = 0.52; Figure 5a); however, the dynamic range
of mean CHL data in December is very small, and therefore, the slope is
difﬁcult to estimate. Still, the overall predicted mean is within less than
1% of the observed mean in December. Model II regression including all
summer months was not signiﬁcantly different than a 1:1 line (MA regression slope = 0.99, 95% CI = 0.96–1.03) (Figure 5a).
Model II 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% CI = 0.88–1).
Model II 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 5b).
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 compared against the observed distributions
(Figure 6). The predicted December distribution exhibits higher mean
CHL in each bin and is more normally distributed than the January and
February distributions, as seen in the observed December distribution
(Figures 6a and 6b). The predicted January and February distributions
exhibit the same higher CHL shoulders (i.e., higher probability of higher
CHL values) in the lower KE bins and lower CHL values in the higher
KE bins, as seen in the observed January and February distributions,
indicating that these probabilistic models accurately recreate the distributional relationship between KE and CHL (Figures 6c–6f).

Figure 3. Kernel density distributions of binned MODIS‐Aqua surface
chlorophyll concentration with coincident OSCAR surface current derived
kinetic energy estimates. Each distribution (different colored line) contains
10% of the data for a given month (December, January, and February
−3
represents a, b, and c, respectively). High CHL (e.g., 1–10 mg m ) is more
frequent in low KE conditions in January and February.

Figure 7 shows a comparison of monthly MODIS‐Aqua CHL climatologies from 2003–2017 and the monthly climatologies produced by the
KE‐CHL probabilistic models. A 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, R2 = 0.300; see Figure S4). 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 and intercept = −0.115, −0.147, R2 = 0.186, 0.234, respectively). The regression
between the climatologies of observed and predicted CHL in December
is not signiﬁcant (R2 = 0.002). This is to be expected as the dynamic range
of CHL in December is very small (i.e., low binned CHL standard deviation in Figure 4) and KE does not have a statistically signiﬁcant effect
on CHL (Figure 3), likely because the system is undergoing the alleviation
of seasonal light limitation.

4. Discussion

Throughout the SO, the highest CHL is typically associated with coastal
waters, areas of sea ice retreat, and in the vicinity major frontal systems (Moore & Abbott, 2000). High
CHL is also associated with downstream island effects or where the Antarctic Circumpolar Current interacts
with bathymetric features (Sokolov & Rintoul, 2007). The focus of this study is on phytoplankton in the pelagic SO, far from the inﬂuence of coastal systems and islands. In this region, it has been demonstrated that
phytoplankton are mostly limited by the availability of iron (De Baar et al., 2005). The mechanisms that deliver iron to the pelagic SO are varied. The combination of upwelling and vertical mixing of iron rich waters,
iceberg meltwater, eolian deposition, and other mechanisms (Boyd & Ellwood, 2010; Boyd et al., 2012; Smith
GRADONE ET AL.
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et al., 2007; Tagliabue, Sallee, et al., 2014) creates a complex iron delivery
system to the surface ocean. Although stochastic in time, the spatial distribution of iron supply to the pelagic SO is not spatially random. Iron supply
is generally higher south of the Southern Antarctic Circumpolar Current
Front (Boyd et al., 2012).
Overlaid on the complexity of iron delivery is local light availability.
Although the pelagic SO is light‐limited in seasonal time scales
(El‐Sayed et al., 1983), light during the growing season can limit the phytoplankton response to iron availability (Boyd et al., 2000). While it has
been hypothesized that annual integrated CHL in the HNLC SO is not
constrained by light (Venables & Moore, 2010), the generally inverse
KE‐CHL relationship observed here is likely due to unfavorable light conditions due to locally deeper mixed layers. The differences between this
study and Venables and Moore (2010) studies could be due to their coarse
temporal and spatial scales (>5° longitude and latitude and one mean estimate of MLD during the summer). Interestingly, Venables and
Moore (2010) acknowledge that light levels above a signiﬁcant threshold
are a necessary but not sufﬁcient precondition for bloom development.
Using wind speed as a proxy for mixing, Fitch and Moore (2007) demonstrated that phytoplankton blooms were more frequent at lower wind
speeds (a proxy for shallow mixing depths) in marginal ice zones, which
is a region covered in this analysis. Conversely, as wind speed increased
(a proxy for deep mixing depths), blooms were less likely, which was interpreted as light limitation of phytoplankton populations. Using wind speed
as a proxy for mixing, Carranza and Gille (2015) found that high wind
speeds on daily time scales correlated with increased CHL due to transient
MLD deepening and consequent Fe entrainment. While Carranza and
Gille (2015) highlight a potentially important Fe supply mechanism, they
noted that wind speeds were high enough to transiently deepen MLD and
entrain Fe without completely eroding the seasonal MLD, which would
expose phytoplankton to a light limited environment. Areas where transient MLD deepening does not coincide with increased CHL are likely locations where newly mixed waters lack bioavailable Fe (Carranza &
Gille, 2015). The probabilistic analysis presented here does not rule out
or necessarily contradict any of these mechanisms. In fact, the highest
peaks of the KE distributions in Figure 3b suggest that as KE increases,
there is a slight increase in background CHL distribution in January.
However, the overall observed pattern in Figure 3 suggests that low KE
is associated more frequently with high CHL values. The effect of mixing
on grazing rates is also something this study cannot address. The deepening of the mixed layer may reduce contact rates between grazers and phytoplankton, allowing phytoplankton biomass to increase because of
reduced grazing pressure increase (Behrenfeld, 2010). However, our
observations indicate that increased mixing due to high KE and deeper
mixed layers suppress, rather than enhance CHL. Therefore, these data
do not indicate that relaxed grazing pressure due to increased mixing
explains the observed relationship between KE and CHL in this study.
Figure 4. Log10 mean (a), standard deviation (b), and mixing percentage (c)
of the two distributions (bloom in green and background in black)
describing the observed distribution in December (dotted line), January
(dashed line), and February (solid line) as a function of mean surface
kinetic energy.

GRADONE ET AL.

4.1. Low Kinetic Energy as a Necessary but Not Sufﬁcient
Condition for High Chlorophyll
High CHL is only associated with low KE while low CHL is associated
with a broad range of KE magnitudes in both satellite‐derived and
SOCCOM CHL (Figure 2). However, low KE does not guarantee high
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CHL; it only makes it possible. This pattern is consistent with the
expectation of an iron/light colimited system. Light levels, controlled
through KE driven mixing, operate like a necessary, but not sufﬁcient
condition for phytoplankton bloom formation. Under favorable local
light conditions, the delivery of iron through various processes leads
to high CHL in the pelagic SO. The relationship between KE and
CHL has a strong seasonal trend. As the pelagic SO emerges from seasonal light limitation in December, the probability of CHL > 1 mg m−3
is only slightly higher in low KE conditions. As the austral summer
progresses, high CHL are much more likely in low KE conditions
(Figure 3). These seasonal patterns may point toward the importance
of regenerated iron (Tagliabue, Sallee, et al., 2014). One possible explanation is that as the austral summer progresses, the iron reservoir supplied by deep winter mixing is reduced, and the importance of
diapycnal diffusion of iron into the mixed layer increases, favoring
smaller phytoplankton cells over the larger bloom forming diatoms
(Tagliabue, Sallee, et al., 2014). If this is the case, background concentrations of CHL would decrease through austral summer, which is consistent with the observations presented here (Figure 3).

4.2. The Kinetic Energy‐Chlorophyll Probabilistic Model
The distributional KE‐CHL relationship can be estimated statistically by
mixing “background” and “bloom” normal distributions. Because the
mean, standard deviation, and mixing percentage of these two distributions are themselves a function of KE (Figure 4), KE can be used to probabilistically predict CHL on monthly time scales. The monthly
probabilistic models accurately reproduce the mean and standard deviation of the observed CHL distributions (Figure 5) and accurately reproduce the observed distributions in each of the 10 KE bin (Figure 6) for
all summer months combined. When all of the monthly data are combined, the overall KE predicted and observed CHL means and standard
deviations do not statistically differ from a 1:1 line.
The KE‐CHL model was designed to predict a population of CHL pixels
over time, rather than an individual pixel over time. However, if applied
over pixels in space, and integrated over long time periods, it generally
reproduces the climatological spatial patterns of CHL in the pelagic SO
(Figure 7). Applied in this fashion, the KE‐CHL model under predicts
CHL on a pixel basis. This is because the KE‐CHL model does not contain
any information about the temporal or spatially autocorrelated nature of
phytoplankton blooms. A pixel with a phytoplankton bloom in a 5‐day
composite from the satellite observations would likely still persist in the
following 5‐day composite and is therefore not independent. The
Figure 5. (a) Measured and predicted mean surface chlorophyll concentration from each of the 10 kinetic energy bins for each monthly model ﬁt using KE‐CHL model presented here does not take this into account. It is worth
noting that using only OSCAR‐derived KE as an input, the KE‐CHL
equations (5) and (6). (b) Measured and predicted surface chlorophyll concentration standard deviation from each of the 10 kinetic energy bins for
model was able to describe 30% of the spatial variability in all summer
each monthly model ﬁt using equations (5) and (6). Each different color
months combined. This indicates that KE has signiﬁcant predictive power
represents 1 of the 10 kinetic energy bins. A 1:1 line is provided for reference.
on the spatial distribution of CHL. The model performed the poorest in
December, when KE had the weakest relationship with CHL
(Figure 3a). The reasons for this will be explored in section 4.3. In
January and February, the predicted spatial patterns of CHL based only on KE approximate the spatial patterns in the satellite‐derived climatologies. Interestingly, the regions of higher predicted CHL are roughly
coincident with the lowest phytoplankton iron utilization and highest putative levels of iron supply
GRADONE ET AL.
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Figure 6. Left column: observed distributions of surface chlorophyll concentration in each of the 10 kinetic energy conditions (different colored lines) for the untrained 20% of the data by month (December = panel a; January = panel c;
February = panel e). Right column: modeled distribution of surface chlorophyll concentration trained on 80% of the data
by month and applied to the remaining 20% of data for each of the 10 kinetic energy conditions (December = panel b;
January = panel d; February = panel f).
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Figure 7. Climatology made from 5‐day composites of MODIS‐Aqua surface chlorophyll concentrations from 2003–2017
for December (a), January (c), and February (e). Climatology made from surface chlorophyll predictions from
appropriate monthly models using 5‐day composites of OSCAR surface current derived kinetic energy from 2003–2017
for December (b), January (d), and February (f).

(Figure 5 in Boyd et al., 2012). This is an expected result in relatively iron rich regions where, as we suggest,
high KE is an indication of light limitation.
4.3. Kinetic Energy and MLD
In the SO, wind speeds have been shown to have an impact of mixing of surface waters and, consequently,
phytoplankton concentration in the upper ocean (Carranza et al., 2018; Carranza & Gille, 2015). While wind
speed is only one factor to consider for increased mixing, it is a major component of OSCAR surface currents
(Bonjean & Lagerloef, 2002), so studies investigating the effect of wind speed on CHL can be used to provide
context to this KE‐CHL relationship. Both Carranza and Gille (2015) and Carranza et al. (2018) have shown
that wind speed can be used as a proxy for mixing and high wind speeds on a daily to a synoptic storm scale
can impact CHL. Carranza and Gille (2015) noted that increased wind speeds could actually transiently deepen the MLD and entrain Fe, resulting in increased CHL. Similarly, Carranza et al. (2018) found that
GRADONE ET AL.
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Figure 8. Climatological Argo ﬂoat mixed layer depths from 2001–2006 matched to OSCAR surface current derived
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
where each dot contains 10% of the matched kinetic energy, surface chlorophyll concentration, and mixed layer depth data
for a given month. Tick marks correspond with ±1 standard error of the mean. Note the different y axis from Figure 9.

increased winds corresponded with deeper MLDs with consistently smaller variance in CHL. Intermittent
atmospheric forcing was found to impact CHL by allowing periods of reduced mixing between periods of
increased winds (Carranza et al., 2018). This concept of variations in storm‐driven mixing leading to
increased CHL is similar to the concept of low KE as a necessary but not sufﬁcient precondition for high
CHL presented here.
The relationship between KE and CHL suggests that KE may be a proxy for light limitation by changing the
mixing depth of phytoplankton. Because both MLD and euphotic depth range from 20–100 m during SO
summers (Soppa et al., 2013), it is plausible that high KE limits phytoplankton growth by reducing their time
spent in the euphotic zone. Figure 8 suggests that MLD derived from an Argo ﬂoat climatology deepens with
increased KE. Similar patterns, although not as smooth, are observed in CHL and MLD derived from
SOCCOM ﬂoats (Figure 9). However, light limitation of phytoplankton is not the only explanation for the
reduced CHL at higher KE and deeper MLD.
Higher KE and deeper MLD may simply lead to the dilution of CHL in the upper mixed layer, thus an apparent decrease in CHL. The deepening of the MLD increases the volume in which phytoplankton are distributed, thus diluting their concentrations if the newly entrained waters are phytoplankton free. Figures 8 and 9
can be used to test if a dilution effect explains this KE‐CHL relationship. If dilution is a plausible explanation
for the reduction in CHL, decreases in CHL should scale with a deepening mixed layer. In December, mean
CHL was 0.73 mg m−3 with an average MLD of 54 m in the weakest KE bin (Figure 8a). This CHL, diluted
GRADONE ET AL.
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Figure 9. Compiled mixed layer depth from SOCCOM ﬂoats matched to OSCAR surface current derived kinetic energy
and colored by SOCCOM ﬂoat mean surface chlorophyll concentration in December (a), January (b), February (c), and
all summer months combined (d). The 5 points in each panel are generated according to the same binning procedure as in
Figure 3 but into 20% bins to compensate for the difference in the number of data points. Tick marks correspond with ±1
standard error of the mean. Note the different y axis from Figure 8.

over the 64‐m mixed layer observed in the highest KE bin would result in an approximate concentration of
0.62 mg m−3, which is only slightly higher than the CHL of 0.59 mg m−3 observed in this bin. In the in situ
SOCCOM data, December CHL (0.5 mg m−3) and MLD (41 m) diluted over the 74‐m mixed layer observed in
the highest KE bin results in an approximate concentration of 0.28 mg m−3. This is slightly higher than the
concentration of 0.19 mg m−3 observed in this bin (Figure 9a). Considering these two examples as rough,
back‐of‐the‐envelope calculations, a dilution effect is a plausible potential explanation behind this
KE‐CHL relationship in December. This may also explain why there are relatively small differences in
CHL distributions with respect to KE in December (Figure 3a) and why the spatial prediction of CHL in
December is poor (Figure 7a). However, a dilution effect does not seem plausible in January or February,
as the CHL in the highest KE bins are about half the expected value if only dilution was responsible for
CHL reductions at higher KE and deeper MLD. This suggests that higher KE in January and February
likely leads deeper mixing, which creates a light light‐limited environment for phytoplankton in the
pelagic SO.
Our analysis shows the KE‐CHL relationship is markedly different in December compared to both January
and February (Figures 3, 8, and 9). On average, the observed bin mean CHL in December is higher than in
January and February. In addition to dilution, the observed differences in December compared to January
and February are likely due to the increasing seasonal availability of light, standing stock of macronutrients
and micronutrients from deep winter mixing, and the consequent seasonal timing of phytoplankton blooms
GRADONE ET AL.
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throughout the SO (Thomalla et al., 2011). In December, KE has less of an
effect on phytoplankton abundance because as light becomes seasonally
available, phytoplankton will utilize the available nutrients, thus leaving
a more nutrient (iron) limited environment in January and February
(Tagliabue, Aumont, et al., 2014). These potential explanations are in
agreement with bioﬂoat observations in the Drake Passage (Davies
et al., 2019). A ﬂoat proﬁling at high‐frequency (2‐day rather than
10‐day cycle) observed low KE precedes a bloom followed by increasing
KE leading to potential dilution within an eddy‐driven subduction event
(Davies et al., 2019).
4.4. Relevance to Iron Fertilization Experiments
The KE‐CHL probabilistic relationship described here implies there may
be regions of the SO that are unlikely to support phytoplankton blooms
because of consistently high KE, even if other limiting factors such as iron
are alleviated. Because low KE (<0.05 m2 s−2) during January and
Figure 10. Frequency distributions of kinetic energy derived from OSCAR February seems to be a precondition for high CHL, regions of consistently
2 −2
currents >0.05 m s . If high kinetic energy is a proxy for light limitation, high KE could also be unsuitable for large‐scale iron fertilization experiregions of frequent high kinetic energy conditions may make it difﬁcult to
ments. It appears that the successful large‐scale iron addition experiments
determine the impact of iron additions due to deep mixing conditions and
(i.e., experiments where Fe addition generated an increase in CHL) were
the potential for light limitation.
conducted in low KE environments (Table S2). Regions with average
values greater than ~0.05 m2 s−2 in Figure 1b may present challenges
for detecting the effect of iron addition because of potentially unfavorable light conditions (Figure 10).
Additionally, this suggests that both past and future states of SO circulation are important for understanding
the potential of the SO to draw down atmospheric carbon.

Acknowledgments
Remote sensing reﬂectance from the
Moderate Imaging Spectroradiometer
(MODIS) Aqua satellite used to derived
CHL estimates were collected and made
publicly available by the National
Aeronautics and Space Administration
(NASA) (at 10.5067/AQUA/MODIS/
L3B/RRS/2018). Surface currents were
modeled by the Ocean Surface Current
Analysis Real‐Time (OSCAR) product
and made publicly available by the
National Oceanic and Atmospheric
Administration (NOAA, at https://
podaac.jpl.nasa.gov/dataset/OSCAR_
L4_OC_third‐deg). Data were collected
and made freely available by the
Southern Ocean Carbon and Climate
Observations and Modeling (SOCCOM)
Project funded by the National Science
Foundation, Division of Polar Programs
(NSF PLR ‐1425989), supplemented by
NASA, and by the International Argo
Program and the NOAA programs that
contribute to it. The Argo Program is
part of the Global Ocean Observing
System (http://doi.org/10.17882/
42182). A monthly mixed layer depth
climatology was provided by Dong
et al. (20082008) (at https://doi.org/
10.1029/2006JC004051). Funding
provided by the University of Delaware
Marian R. Okie Fellowship. A special
thanks to Dr. Matthew Oliver for his
guidance and advice and the rest of the
Orb Lab for their daily support.

GRADONE ET AL.

5. Conclusion
This study shows that KE is a proxy for light limitation during austral summer and that low KE behaves like
a necessary but not sufﬁcient condition for high CHL. We interpret this relationship to be consistent with a
colimiting relationship between local light availability mediated through mixing and variable iron supply
from multiple sources. With only KE as an input, probabilistic models are able to describe 30% of the
CHL spatial distribution, indicating that mesoscale light limitation is likely a signiﬁcant regulator of CHL
in the austral summer in the pelagic SO.
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 MLDs, increases in
light, and changes in upwelling and nutrient ﬂuxes (Deppeler & Davidson, 2017). 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 (Gregg & Rousseaux, 2014; Sarmiento et al., 1998). However, these projections do
not consider subseasonal, suppression of CHL due to KE effects discussed here. The recreation of the
KE‐CHL relationships shown here could serve as a qualitative check for modeling studies attempting to
quantify the interaction between CHL, light, MLD, and iron in the pelagic SO.
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