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Abstract

We construct regional ocean circulation models with biogeochemistry with eddy-

permitting (1/3�) to eddy-resolving (1/12�) resolutions to investigate heat and carbon

dynamics in the region and determine the e↵ect of model resolution on these dy-

namics. Simulations of the Argentine Basin have large uncertainties associated with

quantities such as air-sea exchanges of heat and carbon in current generation climate

models and ocean reanalysis products. This is due to the complex topography, pro-

found undersampling, and strong currents and mixing of subpolar and subtropical

water masses in the basin. Because mixing of water masses is important here, model

resolution is hypothesized to play an important role in estimating ocean quantities

and determining overall budgets. The implemented models are evaluated for fidelity

by comparing output to a variety of observational datasets and reanalysis products.

We then quantify the e↵ect of resolution on model upper ocean heat and carbon

transport and the associated air-sea exchanges and determine that higher resolution

models have increased upward heat transport and surface heat fluxes, but no sig-

nificant e↵ect is observed for carbon. Then, the forecast horizon for ocean surface

quantities of temperature and carbon is probed by using these same regional models

at two resolutions and designing a series of wind stress perturbation experiments. We

calculate the responses of the surface temperature and dissolved inorganic carbon and

estimate the forecasting capability of each resolution. We show that responses in the

1/12� model are approximately linear and decay for 1-2 weeks. For the 1/3� model

this increases to 4-6 weeks, but it is only consistent with the 1/12� forecast for about

one week which shows the diminished potential predictive skill of the coarser model.
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Glossary

ACC Antarctic Circumpolar Current
assimilate incorporate observations into a model state

bathymetry topography of the sea floor
DIC dissolved inorganic carbon
eddy circular current 5-100 km in size lasting days to weeks
float passive drifting scientific instrument

meridional in the north-south direction
SST sea surface temperature

tracer fluid property used to track flow, e.g., temperature, salinity
westerlies powerful winds that blow from west to east at mid-latitudes

zonal in the east-west direction
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Chapter 1

Introduction to Biogeochemical Ocean

Modeling

1.1 The Global Ocean

The ocean is a significant component of the earth’s climate system, which also

includes the atmosphere, the cryosphere, and the land surface. More sophisticated

representations of the full earth system include a biosphere and anthroposphere

(Gettelman & Rood, 2016). Earth’s weather and by extension climate, which is typi-

cally defined as multi-decadal averages of weather, are the result of uneven heating of

the surface by the sun. 71% of the earth’s surface, 3.619⇥108 km2, is covered in water.

97% of the surface water on earth is a contiguous body of saltwater called the global

ocean which has an average depth of 3700 meters and a volume of 1.335 ⇥ 109 km3

(Amante & Eakins, 2009). The ocean is thus an important conduit for the transfer

of energy within the earth system.

Certain properties of water coupled with the large amount of it available mean

that the global ocean acts as an immense reservoir of heat in the climate system.

Water has about 800 times higher density than air, and four times higher heat ca-

pacity per unit mass. The ocean has a mass approximately 270 times that of the

atmosphere. Thus, the amount of heat required to increase the atmospheric temper-

ature by 1� C would only increase the temperature of the top 250 m of the oceans

by 0.01� C (Gill, 1982). In this way, the ocean acts as a flywheel for the climate

(Gri�es, 2018). Figure 1.1 shows the accumulation of energy in the di↵erent compo-

nents of the climate system during the period 1971 to 2010. The global oceans have

absorbed about 93% of the excess energy in the earth system due to human activities
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Figure 1.1. Plot of energy accumulation in ZJ (1 ZJ = 1021 J) within distinct
components of the Earth’s climate system relative to 1971 and from 1971 to 2010
unless otherwise indicated. The Upper Ocean component refers to the surface down
to 700 m, and the Deep Ocean component refers to depths of 700 m to 2000 m be-
fore 1992 and includes depths below 2000 m after 1992. Ocean warming dominates.
Uncertainty in the ocean estimate also dominates the total uncertainty (dot-dashed
lines about the error from all five components at 90% confidence intervals). Reprinted
from Box 3.1, Figure 1, in Chapter 3, Observations: Ocean, of the IPCC AR5 Re-
port Climate Change 2013: The Physical Science Basis (Intergovernmental Panel on
Climate Change, 2014).
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(Intergovernmental Panel on Climate Change, 2014).

The ocean is also a large reservoir for chemical species that a↵ect the earth’s

climate, most notably carbon. The ocean contains approximately 60 times more

carbon than the atmosphere and 17 times more carbon than the terrestrial biosphere

(Sarmiento & Gruber, 2006). Strong anthropogenic CO2 oceanic uptake dominates

substantial natural CO2 outgassing from the upwelling of carbon-rich ancient waters:

these features are both observed and supported by ocean and climate modeling e↵orts

(Gruber et al., 2009). Detailed descriptions of the carbon cycle in the ocean and

between the ocean and atmosphere can be found in Sarmiento and Gruber (2006),

Emerson and Hedges (2008), and Ciais et al. (2013).

1.2 The Importance of the Southern Ocean

The Southern Ocean is the region of the global ocean that surrounds the con-

tinent of Antarctica. Although the Southern Ocean is not geographically defined in

the same way as the other named oceans, it is an important concept because the

area around Antarctica connects the Pacific, Atlantic, and Indian Oceans and fea-

tures the most powerful current on earth, the Antarctic Circumpolar Current (ACC)

(Talley et al., 2011a). The ACC is a series of jets driven by the strong westerly winds

in the 40� � 60� S band that has a transport of approximately 170 Sverdrup (Sv,

1 Sv = 1,000,000 m3
/s, Donohue et al. (2016)) at its narrowest extent in the Drake

Passage located at the southern extent of South America. The Amazon River is the

largest river on earth by discharge volume of water and represents 20% of the total

global river discharge of 1.2 Sv. This means the ACC is equivalent to 700 Amazon

Rivers flowing through the Drake Passage. The ACC is the most significant conduit

for flow between the other oceans. Figure 1.2 shows the surface current speeds and

surface temperature averaged over the month of March 2019 from the Biogeochemical

Southern Ocean State Estimate (BSOSE, Verdy and Mazlo↵ (2017)). BSOSE will be
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Figure 1.2. March 2019 averaged surface a) current speeds and b) temperature
from iteration 135 of the Biogeochemical Southern Ocean State Estimate (BSOSE,
Verdy and Mazlo↵ (2017)). Panel a shows the rich structure of the Antarctic Cir-
cumpolar Current (ACC) which flows around Antarctica from west to east and is
unimpeded by any north–south boundary. Panel b shows the range of sea surface
temperatures in the Southern Ocean, from below 0� C at the Antarctic coast to
25� C+ in some areas.
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described in Section 1.8. The ACC can be seen as the bright meandering lines which

flow clockwise from this perspective. The temperatures at the end of austral sum-

mer range from below 0� C near Antarctica to > 25� C at the eastern continental

boundaries of South America, Africa, and Australia.

The powerful winds and strong surface currents make the Southern Ocean a

di�cult environment to explore and make scientific observations. The development

of the Argo program (Argo, 2000) over the last two decades have greatly increased

observational coverage of the global ocean, including the Southern Ocean. The SOC-

COM project (Southern Ocean Carbon and Climate Observations and Modeling,

https://soccom.princeton.edu/) is one group placing Argo floats with biogeo-

chemical sensors (called BGC-Argo floats) in the Southern Ocean. Recent stud-

ies using the Argo array of autonomous profiling floats estimate that as much as

99% of the global ocean heat gain in the 21st century has occurred in the southern

hemisphere, primarily in the 30� � 50�S band of the Southern Ocean (Wij↵els et

al., 2016; Roemmich et al., 2015; Llovel & Terray, 2016). The Southern Ocean is

also an important region for large exchanges of CO2 between atmosphere and ocean.

Frölicher et al. (2015) use an ensemble of 19 models from the fifth phase of Coupled

Model Intercomparison Project (CMIP5) to show that the oceanic heat uptake south

of 30�S accounted for 75± 22% of global oceanic heat uptake and the anthropogenic

CO2 uptake in the same region accounted for 43± 3% of the total ocean uptake. The

recent deployment of profiling floats with biogeochemical sensors demonstrate that

our models and prior ship-based observations have been seasonally biased and incom-

plete (Gray et al., 2018). In addition, the Southern Ocean is highly heterogeneous

and there are subregions of interest that often have large uncertainties surrounding

estimates of the physical and biogeochemical state.

https://soccom.princeton.edu/
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Figure 1.3. a) Bathymetry of the Argentine Basin and surrounding area from
ETOPO1 (NOAA National Geophysical Data Center, 2009; Amante, C. and Eakins,
B.W., 2009) with notable features labelled. b) Major surface currents over the Ar-
gentine Basin.
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Figure 1.4. Argentine Basin a) surface current speeds averaged over March 2014
and b) sea surface temperature averaged over March 2015. Notice the warm Brazil
Current flowing south from the northern edge of the domain encountering the cool
Malvinas Current.
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1.3 The Argentine Basin

One such subregion of interest within the Southern Ocean is the Argentine Basin.

The Argentine Basin is a topographical feature in the Atlantic sector centered around

45�W, 42�S. Figure 1.3a shows the bathymetry of the region with some notable

features labelled. The Patagonia Shelf lies o↵ the eastern coast of Argentina and

transitions sharply to a deep basin, reaching depths up to 6000 m in the Argentine

Abyssal Plain, in the southern and western extents of the basin. The center of the

basin features the Zapiola Rise, a seamount 1500 m above the Abyssal Plain. Figure

1.3b is a cartoon of the major surface currents in the region drawn over the 1/12�

bathymetry. The Antarctic Circumpolar Current (ACC) flows through the Drake

Passage and encounters the Scotia Arc. Part of the ACC breaks o↵ as the Malvinas

Current and crosses over the North Scotia Ridge (Artana et al., 2016). The Malvinas

flows along the edge of the Patagonia Shelf and encounters the southward-flowing

subtropical Brazil Current. The confluence of these two powerful currents is a tur-

bulent mixing region with exchanges of mass, heat, and salt between the ACC and

the subtropical gyre (Jullion et al., 2010), and together with the topography drives

the Zapiola Anticyclone, a strong stationary barotropic vortex (Weijer et al., 2020)

directly over the Zapiola Rise in the center of the Argentine Basin. The Malvinas

Current is turned southward and returns to the ACC poleward of the Zapiola An-

ticyclone, while the Brazil Current stays equatorward and merges with the South

Atlantic Current (Talley et al., 2011b). Figure 1.4a shows the surface current speeds

in the region averaged over March 2014. The ACC and Brazil-Malvinas Confluence

(BMC) appear as the brightest shades. Figure 1.4b shows the surface temperature

averaged over March 2015. The large di↵erences in temperature in the currents from

panel a can be seen, specifically the pink color of the warm Brazil Current and the

green color of the cold Malvinas. The BMC features SST gradients exceeding 10� C

between the two currents (Tokinaga et al., 2005), warm core eddies > 5� C warmer
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and 1 psu saltier than adjacent waters (de Souza et al., 2006), and cold core eddies

similarly cooler and fresher than adjacent waters (Gordon, 1989). Observations of

this portion of the Argentine Basin demonstrate a rich vertical structure, with seven

distinct water mass layers of both northern and southern origins (Valla et al., 2018).

The confluence also drives a powerful stationary barotropic vortex, the Zapiola Anti-

cyclone, over a rise in the center of the Basin (Reid, 2012; Weijer et al., 2020). The

location of the BMC is itself variable due to inconsistencies in the Malvinas Current

(Spadone & Provost, 2009; Artana et al., 2016) and has been drifting south since 1993

(Combes & Matano, 2014). Large uncertainties surrounding air-sea exchanges of heat

(Frölicher et al., 2015) persist due to atmospheric variability (Pezzi et al., 2005) and

eddies and meanders that modify surface meteorological variables and modulate the

marine atmospheric boundary layer (Souza et al., 2021). This region is historically

under-observed and poorly represented in models. Carton et al. (2019) show spatial

plots of mean misfit and standard deviation between temperature and salinity obser-

vations and four global reanalysis products over 23 years. The largest misfits occur

over the Argentine Basin for each (see Figures 3 and 4).

1.4 Equations of Geophysical Fluid Dynamics

In this section we will describe the equations that govern the motion of the

ocean, which is part of a field called geophysical fluid dynamics. The distinguishing

features of geophysical fluid dynamics are that the horizontal length scales are large in

comparison to the velocities, and that rotation matters. Gill (1982), Pedlosky (1987),

Pedlosky (1996), Cushman-Roisin and Beckers (2011), and Gri�es (2018) all provide

detailed derivations, descriptions, and implications of the equations of geophysical

fluid dynamics. Our presentation of this material mainly follows Cushman-Roisin and

Beckers (2011) but is abbreviated; we refer to the above resources for the interested

reader.
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Table 1.1. Fluid Quantities
variable name symbol formula/units
spatial coordinates x = (x, y, z) m
time t s
velocity v = (u, v, w) m/s
gravitational acceleration g 9.81 m/s2

density ⇢ kg/m3

reference density ⇢0 kg/m3

density anomaly ⇢
0

⇢� ⇢0

pressure p N/m2

reference pressure p0 N/m2

buoyancy b g⇢
0
/⇢0 (m/s2)

hydrostatic pressure potential anomaly �hyd

R
b dz (m2/s2)

stress tensor ⌧ N/m2

temperature T K or �C
potential temperature ✓ or T K or �C
salinity S psu (g salt/kg seawater)
internal energy e J or N·m
latitude ' degrees
rotation rate ⌦ 2⇡/(86164 s)
Coriolis parameter f 2⌦ sin'
reciprocal Coriolis parameter f⇤ 2⌦ cos'
sea surface height anomaly ⌘ m
precipitation P
evaporation E
momentum terms Gv, GT , and GS
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A mathematical description of the ocean requires a number of variables and

careful notation. Table 1.1 details the notations we will use throughout this document

and includes physical and numerical quantities. The table is not a comprehensive list;

additional variables will be introduced later. Most quantities are functions of all three

spatial variables and time unless further assumptions are imposed. Because we work

from the Eulerian perspective with a fixed grid where we solve for the velocity field

instead of a Lagrangian perspective that tracks infinitesimal quantities of fluid as

they flow, we must define the material derivative which links the two:

d

dt
=

@

@t
+ u

@

@x
+ v

@

@y
+ w

@

@z

The material derivative factors in both the local rate of change in time and the

rate of change due to advection. Using this definition and the variables and constants

given above, we can write the equations for geophysical fluid dynamics. The law of

conservation of mass implies a continuity equation :

@⇢

@t
+

@

@x
(⇢u) +

@

@y
(⇢v) +

@

@z
(⇢w) = 0 (1.4.1)

Newton’s second law yields three momentum equations

⇢

⇣
du

dt
+ f⇤w � fv

⌘
= �@p

@x
+
@⌧

xx

@x
+
@⌧

xy

@y
+
@⌧

xz

@z
(1.4.2)

⇢

⇣
dv

dt
+ fu

⌘
= �@p

@y
+
@⌧

xy

@x
+
@⌧

yy

@y
+
@⌧

yz

@z
(1.4.3)

⇢

⇣
dw

dt
+ f⇤u

⌘
= �@p

@z
� ⇢g +

@⌧
xz

@x
+
@⌧

yz

@y
+
@⌧

zz

@z
, (1.4.4)

where the ⌧ terms refer to the normal (⌧xx, ⌧ yy, and ⌧
zz) and shear (⌧xy, ⌧xz, and

⌧
yz) stresses due to friction.

We use the equation of state of Jackett and McDougall (1995)

⇢(S, ✓, p) =
⇢(S, ✓, 0)

1� p/K(S, ✓, p)
, (1.4.5)



23

where ✓ is the potential temperature, ⇢(S, ✓, 0) is a 15-term polynomial in powers of

S and ✓, and K(S, ✓, p) is the secant bulk modulus, a measure of seawater’s resis-

tance to compression. K(S, ✓, p) is a 26-term polynomial in powers of S, ✓, and p.

Our implementation uses the reference pressure p0 instead of the dynamic pressure

p. Potential temperature is the temperature of a water parcel if it was moved adia-

batically (without the exchange of heat) to a reference pressure, typically chosen to

be sea surface pressure. We will subsequently use T instead of ✓ to indicate potential

temperature.

The first law of thermodynamics gives an equation of energy conservation

de

dt
= Q�W (1.4.6)

where Q is the rate of heat gain and W is the rate of work done.

Lastly, we need a salt budget

dS

dt
= Sr2

S, (1.4.7)

where S is the coe�cient of salt di↵usion and r2 is the Laplace operator

r2 =
@
2

@x2
+

@
2

@y2
+

@
2

@z2
.

We can modify the energy equation. The internal energy e is proportional to the

temperature

e = CvT

where Cv is the heat capacity at constant volume. Fourier’s law of heat conduction

provides the relation

Q =
kT

⇢
r2

T

where kT is the thermal conductivity. W , the rate of work done on the fluid, is

pressure times the material derivative of the change in volume per unit mass v = 1/⇢.

W = p
dv

dt
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Substituting the relations for Q and W into Equation 1.4.6 yields

Cv
dT

dt
=

kT

⇢
r2

T � p
dv

dt
=

kT

⇢
r2

T +
p

⇢2

@⇢

@t
(1.4.8)

We take advantage of the Boussinesq Approximation (Boussinesq, 1897), which

makes use of the fact that density ⇢ has a small range of values surrounding a mean

reference value (typically ⇢0 ⇡ 1028 kg/m3) to allow further simplifications. We

separate density into mean and variation

⇢ = ⇢0 + ⇢
0(x, y, z, t) where |⇢0| ⌧ ⇢0 (1.4.9)

When this relation is placed into the previous equations, several terms can be ne-

glected because their magnitude will be small. For example, the continuity equation

under this assumption becomes

⇢0

⇣
@u

@x
+
@v

@y
+
@w

@z

⌘
+ ⇢

0
⇣
@u

@x
+
@v

@y
+
@w

@z

⌘
+
⇣
@⇢

0

@t
+ u

@⇢
0

@x
+ v

@⇢
0

@y
+ w

@⇢
0

@z

⌘
= 0

The second group of terms is small because ⇢0 is small, and it has been found that

in geophysical flows that the variations of ⇢ in both space and time are also small.

This allows us to also neglect the third group of terms and arrive at a conservation

of volume equation:

@u

@x
+
@v

@y
+
@w

@z
= 0 (1.4.10)

The Boussinesq Approximation and the assumption of seawater being a Newtonian

Fluid allow the momentum equations to be further simplified. Details are provided

in section 3.7 of Cushman-Roisin and Beckers (2011).

du

dt
+ f⇤w � fv = ⌫r2

u (1.4.11)

dv

dt
+ fu = ⌫r2

v (1.4.12)

dw

dt
� f⇤u = � 1

⇢0

@p
0

@z
� ⇢

0
g

⇢0
+ ⌫r2

w (1.4.13)
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where ⌫ = µ/⇢0 is the kinematic viscosity and µ is the dynamic viscosity coe�cient.

Volume conservation reduces the energy equation to

dT

dt
= Tr2

T (1.4.14)

because the rightmost term in Equation 1.4.8 is negligible. T = kT/⇢0Cv is the

heat kinematic di↵usivity. This new energy equation is identical to the salt equation

because at length scales where eddies are the mechanism for di↵usion, heat and salt

are mixed at the same rates. We thus define a general eddy di↵usivity  = t = S.

We perform another manipulation. Converting the equations to conservative

form will allow the implementation of the finite volume method which we describe

in the next section. We expand the material derivative in Equation 1.4.14 and use

Equation 1.4.10 to rewrite the terms; this yields

@T

@t
+

@

@x

⇣
uT � T

@T

@x

⌘
+

@

@y

⇣
vT � T

@T

@y

⌘
+

@

@z

⇣
wT � T

@T

@z

⌘
= 0. (1.4.15)

We define

F = (T
@T

@x
� uT,T

@T

@y
� vT,T

@T

@z
� wT )

and rewrite Equation 1.4.15 as

@T

@t
�r · F = 0. (1.4.16)

An equation being in “conservative form” means it is written as a conservation law;

that is, the rate of change of the quantity in question at each point is determined by

the convergence of the fluxes at that point. We are then able to use the divergence

theorem and substitute a volume integral of a divergence of a flux with the integral

of the flux through the surface S enclosing the volume V as follows:
Z

V
(r · F) dV =

Z

S
(F · n) dS

We can now write an explicit expression for the evolution of T in volume V in terms

of fluxes through the surface S, using the Leibniz Integral Rule to change the order
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of time derivative and volume integral:

d

dt

Z

V
T dV =

Z

S
(F · n) dS (1.4.17)

We can rewrite the horizontal momentum equations in conservative form as well. We

expand the material derivatives on the left side of Equations 1.4.11 and 1.4.12, neglect

the vertical component of the Coriolis force, and split the kinematic viscosity ⌫ into

an eddy viscosity A in the horizontal and an eddy di↵usivity ⌫E in the vertical:

@u

@t
+ u

@u

@x
+ v

@u

@y
+ w

@u

@z
� fv = � 1

⇢0
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+
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@x

⇣
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⌘
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⇣
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+
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@z

⇣
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⌘

@v

@t
+ u

@v

@x
+ v

@v

@y
+ w

@v

@z
+ fu = � 1

⇢0

@p

@y
+

@

@x

⇣
A@v

@x

⌘
+

@

@y

⇣
A@v
@y

⌘
+

@

@z

⇣
⌫E
@v

@z

⌘
,

which can be rewritten as

@u

@t
+

1

⇢0

@p

@x
= Gx

@v

@t
+

1

⇢0

@p

@y
= Gy

where

Gx = fv +r · Fx

Gy = �fu+r · Fy

and

Fx =
⇣
A@u
@x

� u
2
,A@u

@y
� uv, ⌫E

@u

@z
� uw

⌘

Fy =
⇣
A@v

@x
� uv,A@v

@y
� v

2
, ⌫E

@v

@z
� vw

⌘
.

It is useful to combine the advective, di↵usive, and Coriolis terms as Gx and Gy in the

momentum equations, as these terms can also include forcing and dissipation from

other sources. For example, atmospheric wind stress imposes momentum forcing in

the surface layer.
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Lastly, scale analysis allows us to neglect the vertical momentum equation and

replace it with a hydrostatic balance. We now have a set of governing equations:

@u

@t
+

1

⇢0

@p

@x
= Gx x–momentum (1.4.18)

@v

@t
+

1

⇢0

@p

@y
= Gy y–momentum (1.4.19)

1

⇢0

@p

@z
= �g⇢

⇢0
hydrostatic balance (1.4.20)

@u

@x
+
@v

@y
+
@w

@z
= 0 continuity (1.4.21)

⇢(S, T, p0) =
⇢(S, T, 0)

1� p0/K(S, T, p0)
equation of state (1.4.22)

dT

dt
= QT potential temperature (1.4.23)

dS

dt
= QS salinity (1.4.24)

where QT includes the di↵usive term Tr2
T plus any other forcings (e.g., strong

temperature gradients at the air-sea interface) and QS includes the di↵usive term

Sr2
S plus other forcings (precipitation, brine rejection, river outflow, etc.).

1.5 Numerical Modeling of Ocean Physics

Humans have been trying to predict weather since long before the development of

agriculture (Hellmann, 1908). It took until the early 20th century for Bjerknes (1904)

and Richardson (1922) to formally describe the field of numerical weather prediction,

but contemporary computational capabilities were not su�cient to tackle the prob-

lem. Just as early numerical models describing various aspects of hydrodynamic flow

were being developed in the postwar decades, the landmark paper “Deterministic

Nonperiodic Flow” (Lorenz, 1963), which described a simple dynamical model of cel-

lular convection that exhibited chaotic behavior, demonstrated the di�culty inherent

to modeling certain aspects of the earth system and raised the question if long-range

weather forecasting would be possible.
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As both the atmosphere and ocean are fluids governed by the same physical

principles, ocean models were first developed at this same time as well. A history of

early ocean model development is given in Semtner (1986). The Geophysical Fluid

Dynamics Laboratory (GFDL) was the site of much of the significant early ocean

modeling progress (e.g., Bryan and Cox (1968); Bryan (1969); Cox (1975)). The ocean

circulation model we use in this project, the MIT general circulation model (MITgcm,

development and progress documented in Hill and Marshall (1996); Marshall, Hill,

et al. (1997); Marshall, Adcroft, et al. (1997); Adcroft et al. (1997); Marshall et al.

(1998); Adcroft et al. (1999); Marotzke et al. (1999); Adcroft and Campin (2004);

Adcroft, Campin, et al. (2004); Marshall et al. (2004) and Adcroft, Hill, et al. (2004)),

is the result of decades of e↵ort.

Before we detail how the equations of geophysical fluid flow are solved numer-

ically, we must discuss how our ocean domain is discretized. Three dimensional

‘rectangular’ grids are common in meteorology and oceanography and are typically

quantified by longitudinal width of the volume cell in degrees. Because the physical

distance of a longitudinal degree changes with latitude, this means the cells are not

sized equally. For example, a climate model of the whole earth with a nominal 1�

meridional (east-west) resolution will have cells with lateral width of 111 km at the

equator and 56 km width at 60�N. This dissertation is largely based on investigating

the e↵ects of ocean model resolution, so we refrain from discussing our choices of

resolution until Chapters 2 and 3.

Within this rectangular grid there are options for where to solve for the di↵erent

ocean quantities. The Arakawa C-grid (Arakawa & Lamb, 1977) is a useful choice.

In the C-grid framework, quantities like density, temperature, and salinity are solved

at the cell centers, but each velocity component is solved at the corresponding cell

boundary at which the velocity is normal, e.g., the meridional velocity is calculated at

the meridional boundary of the cell. Figure 1.5 shows the horizontal grid with labels.

The dotted lines indicate the tracer cell boundaries where the horizontal velocities
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Figure 1.5. Staggering of horizontal grid descriptors. The grid lines indicate the
tracer cell boundaries and are the reference grid for all panels. Tracer cell centers
are indicated with small circles. a) The area of a tracer cell, Ac, is bordered by the
lengths �xg and �yg. b) The area of a vorticity cell, A⇣ , is bordered by the lengths
�xc and �yc. c) The area of a u cell, Aw, is bordered by the lengths �xv and �yf .
d) The area of a v cell, As, is bordered by the lengths �xf and �yu. Figure reprinted
from Campin et al. (2021).

are calculated.

Ocean dynamics are heavily influenced by bathymetry. The rectangular cells are

stacked on top of one another to reach the ocean floor, with very shallow cells at the

surface (a few meters) increasing to several hundred meters in thickness at the bottom.

The cell thicknesses are the same everywhere in the model. The most e�cient way

to approximate the bathymetry is with a mask field that gives the proportion of the
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Figure 1.6. a) Three dimensional staggering of velocity components. This facilitates
the natural discretization of the continuity and tracer equations. b) We use a cell
centered approach where the cell interface depths are specified and the tracer points
are centered in between the interfaces. c) A schematic of the x � z plane showing
the location of the non-dimensional fractions hc and hw. The physical thickness of a
tracer cell is given by hc(i, j, k)�zf (k) and the physical thickness of the open side is
given by hw(i, j, k)�zf (k). Figure modified from Campin et al. (2021).

cell that is ocean. For example, if the bottom cell is 400 m thick and the ocean floor

is 100 m from the bottom of that cell (when averaged over the lateral cell area), the
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mask value for that cell would be 0.75. In this way a piecewise constant bathymetry

is created to approximate the real ocean floor. Figure 1.6 shows the structure of the

vertical cells and illustrates the seafloor masking in panel c.

In order to develop a procedure for numerically solving Equations 1.4.18–1.4.24

on the C-grid, we must first discuss some necessary preliminary concepts. The first

concept is time-splitting . Time-splitting algorithms reduce problems in multiple di-

mensions to a series of one dimensional problems (Strikwerda, 2004; Brio et al., 2010).

Consider the equation

ut + B1u+ B2u = 0

where B1 and B2 are linear operators (e.g., B1 = c1@/@x and B2 = c2@/@y). To

numerically integrate the solution u from time tn to tn+1, we can instead solve

ut + 2B1u = 0 for tn  t  t
n+1/2

and

ut + 2B2u = 0 for tn+1/2  t  t
n+1

The factor of two in front of the operators allows each to double their e↵ect for

the halved amount of time available. While this technique seems to greatly reduce

the di�culty for solving complex systems, new issues may arise such as instability

despite each step being stable by itself. Second, it is nontrivial to deal with boundary

conditions in such a scheme; improper boundary conditions can significantly degrade

numerical accuracy. Third, Strang (1968) showed that using second order schemes

for each step only will produce a second order scheme if the order of splitting is

reversed at each step. Despite these challenges, time-splitting algorthms are useful in

computational fluid dynamics which typically requires solving at least five equations

for five variables. MacCormack (1971) is one example of a useful time splitting scheme

for solving fluid problems. We will use a more sophisticated time splitting technique.
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Whereas in a general setting for solving numerical PDEs one may discretize space

and time separately (as in the family of techniques called the method of lines), direct

space-time methods do the opposite. A classical example of a numerical solution to

a PDE that features a discretization of space and time together is the Lax-Wendro↵

method (Lax & Wendro↵, 1960). Consider a function u = u(x, t) that satisfies

ut + fx(u) = 0

with a given initial condition u0 = u(x, 0). The Richtmyer two-step Lax-Wendro↵

method (Richtmyer, 1962) first calculates estimates for u at half time steps at mid-

points on the spatial grid, then uses these estimates as inputs for f . Superscripts will

again refer to time steps and subscripts will refer to spatial indices.

u
n+1/2
i+1/2 =

1

2
(un
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These midpoint estimates are used to solve for the next time step t
n+1:

u
n+1

i = u
n
i �

�t

�x

h
f

⇣
u
n+1/2
i+1/2

⌘
� f

⇣
u
n+1/2
i�1/2

⌘i

We will use a third order direct space-time (DST3) with a Sweby flux limiter

(Sweby, 1984) for calculating volume tracer flux. For a zonal velocity u and tracer ⌧ ,

we define an area integrated flux Fx. Fx has units m3 �C/s (if the tracer ⌧ is potential

temperature). Fx can be interpreted as an area cross section of tracer at the western

vertical face of the tracer cell, with the value of the average over the adjacent tracer

cells on either side of that boundary, being advected at a rate of u in m/s. These

fluxes are also calculated in the meridional and vertical directions, but we will use

zonal index i for the definition. In the DST3, F is calculated by

F =
1

2
(u+ |u|)

�
⌧i�1 +  (r+)(⌧i � ⌧i�1)

�
+

1

2
(u� |u|)

�
⌧i�1 +  (r�)(⌧i � ⌧i�1)

�
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where

r
+ =

⌧i�1 � ⌧i�2

⌧i � ⌧i�1

r
� =

⌧i+1 � ⌧i

⌧i � ⌧i�1

and the Sweby flux limiter  has the form

 (r) = max[0,min[min[1, d0 + d1r],
1� c

c
r]]

where c is the Courant number u�t/�x (Courant et al., 1928) and

d0 =
1

6
(2� |c|)(1� |c|)

d1 =
1

6
(1� |c|)(1 + |c|).

Portions of the system of primitive equations maybe be solved via the method of lines

(Brio et al., 2010), where the spatial derivatives are discretized first and a system

of ODEs remains. This allows us to use an ODE solver of our choice to advance

in time. In the circumstance where computational cost is high but storage is not

limiting, linear multi-step methods are appropriate. Where Runge-Kutta methods

require several computational increments in between each time step, the Adams-

Bashforth methods (Bashforth & Adams, 1883) use the current state and saved

previous steps to integrate forward. The third order Adams-Bashforth method (AB3,

Hairer et al. (1993)) solves the initial value problem ut = f(t, u), u(0) = u0 explicitly:

u
n+1 = u

n +�t

 
23

12
f(tn, un)� 16

12
f(tn�1

, u
n�1) +

5

12
f(tn�2

, u
n�2)

!

This method uses the solution at the current and previous two time steps to estimate

the state at the next time step. The first three time steps must be obtained by another

method, such as forward Euler (with small time steps to preserve third order) or a

higher order Runge-Kutta method which does not require previous time steps.

One final point of consideration before numerically solving the primitive equations is
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the use of the finite volume method (Durran, 2010; Brio et al., 2010; Cushman-

Roisin & Beckers, 2011; Moukalled et al., 2016). The basis of the finite volume method

is to numerically solve the integral form of the PDEs over each computational cell.

Taking Equation 1.4.16
@T

@t
�r · F = 0,

integrating over the i
th tracer cell Vi with collection of faces Si⇠ (⇠ = 1, 2, ..., 6) and

using the divergence theorem, we get Equation 1.4.17

d

dt

Z

Vi

T dx dy dz =

Z

Si

(F · n) dSi

on our C-grid. We define a cell-averaged temperature

T i =
1

�i

Z

Vi

T dx dy dz

where �i = �xg(i) ·�yg(i) ·�zf (i) is the volume of the tracer cell. Then the evolution

of the averaged temperature from time step n to n+1 is the sum of temperature fluxes

and forcings through the faces over the same time period:

T
n+1

i � T
n
i =

1

�i

X

⇠

Z tn+1

tn
F⇠ · n⇠ dt

Furthermore, we can introduce a time averaged flux

q⇠ =
1

�t

Z tn+1

tn
F⇠ · n⇠ dt

and obtain an exact equation

T
n+1

i � T
n
i

�t
=

1

�i

X

⇠

q⇠.

This is an exact equation, although discretization errors will be introduced depend-

ing on how the time-averaging is performed. We will choose to use AB3 for the time

integration where possible. The finite volume setup is useful because it does not re-

quire uniformly sized cells, or that the faces are midpoints between the cell centers.



35

In addition, this method is able to conserve quantities like temperature or salt be-

cause the fluxes through the surfaces of adjacent cells cancel each other except where

purposefully introduced at the sea surface. The method can approximate discontin-

uous functions because it solves the weak form of the equations. To summarize, the

finite volume method consists of the following steps: 1) discretize the domain into

into non-overlapping finite volumes, 2) integrate the PDEs and transform them to

balance equations over each volume, 3) convert appropriate terms into face fluxes for

evaluation at the volume faces, 4) select a numerical integration method with your

choice of order, and 5) solve the system of algebraic equations.

We are now ready to detail a simplified version of the time-stepping algorithm

in the MITgcm. Recall our equations:

@u

@t
+

1

⇢0

@p

@x
= Gx x–momentum (1.5.1)

@v

@t
+

1

⇢0

@p

@y
= Gy y–momentum (1.5.2)

1

⇢0

@p

@z
= �g⇢

⇢0
hydrostatic balance (1.5.3)

@u

@x
+
@v

@y
+
@w

@z
= 0 continuity (1.5.4)

⇢(S, T, p0) =
⇢(S, T, 0)

1� p0/K(S, T, p0)
equation of state (1.5.5)

dT

dt
= QT potential temperature (1.5.6)

dS

dt
= QS salinity (1.5.7)

The time derivatives in the x� and y�momentum, potential temperature, and salin-

ity equations allow us to solve u, v, T , and S in a prognostic manner. The remaining

variables ⇢, p, and w are then diagnosed using the rest of the equations. Our im-

plementation of the model has a free surface, so sea surface height anomaly ⌘ is also

solved in our prognostic equations. Along with the free surface are r
⇤ coordinates,

such that the cell depth �zf depends on time. To simplify notation, we call the

grid cell height at time step n dh
n and the total water column thickness h

n. As
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Figure 1.7. A schematic of the staggered time stepping numerical solver in the
MITgcm. State variables at the beginning of each cycle (tracers at time step n,
velocities and sea surface height anomaly at time step n� 1/2) are in red boxes, and
the blue boxes signify the final estimates at the next time steps. The dashed lines
indicate the third order Adams-Bashforth time integration. The solid lines indicate
inputs for calculations. The numbers correspond to the steps in the algorithm from
the text. Steps 1, 2, 8, and 11 are not shown in the figure.

the surface height raises, the vertical cells all increase in height by a small fraction

(Adcroft & Campin, 2004). Lastly, we use staggered time stepping, where velocities

are computed at half steps and tracers at whole time steps.

We write the algorithm as a series of directions. This mostly follows Section 2.8

of Campin et al. (2021), but our model has some additional considerations. We start

at time step n with given values for T n, Sn, ⇢n, ⌘n�1/2 and velocities un�1/2 and v
n�1/2.

We will use ⇤ and ⇤⇤ to denote temporary or intermediate variable assignments.
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1) Load external forcing fields (wind stress, rain, shortwave radiation, etc.).

2) Do ocean physics (external forcing, sea ice, mixing & eddy parameterizations).

3) Calculate �n
hyd

, the hydrostatic pressure potential anomaly.

�
n
hyd

=
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⇢0
=

Z
g

⇢0
(⇢(Sn

, T
n
, p0)� ⇢0) dz

4) Using u
n�1/2 and v

n�1/2, calculate the horizontal momentum forcing terms at time

step n� 1/2

Gn�1/2
v = Gv(dh
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, u

n�1/2
, v
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, w

n�1/2)

5) Use AB3 to propagate the horizontal momentum forcings to time step n

Gn
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23
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12
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v +
5

12
Gn�5/2

v

6) Step the velocities forward in time using the momentum equations (this is a

continuation of the AB3 from the previous step but the hydrostatic pressure potential

anomaly is not included until now)

v⇤ = vn�1/2 +�t
dh

n�1

dhn
(Gn

v + Fn
v/dh

n�1)��tr�n
hyd

where Fn
v is the surface momentum forcing flux.

7) Update the velocities for vertical di↵usion e↵ects implicitly

v⇤⇤ = L�1(v⇤)

where L�1 is the inverse of the operator

L = 1 +�t
@

@z
v

@

@z

8) Update the time dependent cell heights (r⇤).

9) Calculate the nonlinear free surface implicitly

⌘
n+1/2 = ⌘

n�1/2 +�tPn+1/2 ��tr ·
Z

vn+1/2
dh

n

= ⌘
n�1/2 +�tPn+1/2 ��tr ·

Z �
v⇤⇤ � g�tr⌘n+1/2

�
dh

n
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10) Fully update the horizontal velocities at time n + 1/2 using the updated sea

surface height anomaly

vn+1/2 = v⇤⇤ � g�tr⌘n+1/2

11) Update the column thickness for time step n+ 1

h
n+1 = h

n +�tPn+1/2 ��tr ·
Z

vn+1/2
dh

n

12) Calculate the momentum terms for potential temperature and salt using the

DST3 nonlinear advection scheme

G
n
T = GT (dh

n
,vn+1/2

, T
n)

G
n
S = GS(dh

n
,vn+1/2

, S
n)

13) Advance the momentum terms for potential temperature and salt in time with

AB3:

G
n+1/2
T =

23

12
G

n
T � 16

12
G

n�1

T +
5

12
G

n�2

T

G
n+1/2
S =

23

12
G

n
S � 16

12
G

n�1

S +
5

12
G

n�2

S

14) Update the potential temperature and salinity

T
⇤ = T

n +�t
dh

n

dhn+1

⇣
G

n+1/2
T +

�
Pn+1/2(Train � T

n) +Qn+1/2
�
/dh

n
⌘

S
⇤ = S

n +�t
dh

n

dhn+1
G

n+1/2
S

15) Calculate potential temperature and salinity implicitly

T
n+1 = L�1

T
⇤

S
n+1 = L�1

S
⇤

This completes one cycle of the model. A comment on order; it is not clear what

order of accuracy this model possesses. Some of the documentation and literature

includes discussion of order, but the model has many switches and options and our
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configuration has not been investigated. It is clear, however, that the accuracy no

more than third order and moreover it is probably strictly less than third order. This

research is not on determining model accuracy so we move on to our biogeochemical

model.

1.6 Numerical Modeling of Ocean Biogeochemistry

We nest an ocean biogeochemical model inside the MITgcm called N-BLING, the

Nitrogen version of the Biogeochemistry, Light, Iron, Nutrients, and Gas model ini-

tially developed by Galbraith et al. (2010) and subsequently updated by Bianchi et al. (2013),

Galbraith et al. (2015), and Verdy and Mazlo↵ (2017) (the latter reference incorpo-

rates nitrogen cycling from Dunne et al. (2013)). N-BLING models phytoplankton

community production by accounting for limitations due to iron, light, nitrate, phos-

phate, temperature, and nutrients; however, it is a model of intermediate complexity

and does not account for the e↵ects of duck physics. N-BLING takes the physical in-

puts from MITgcm but the biogeochemical outputs do not feed back into the physical

or thermodynamic processes.

Our implementation of N-BLING has 9 prognostic tracers: dissolved inorganic

carbon (DIC), Alkalinity, oxygen (O2), iron (Fed), nitrate (NO3), phosphate (PO4),

dissolved organic nitrate (DON), dissolved organic phosphate (DOP), and total phy-

toplankton biomass (B). The community production is broken into three diagnostic

populations: small phytoplankton (Bsm), large phytoplankton (Blg), and diazotrophs

(Bdia).

We will not show all of the equations used in N-BLING but will instead provide

a brief description of the process, adapted from A. Verdy (personal communication).

An instantaneous irradiance is calculated based on incoming shortwave radiation.

This is incorporated into and modulated by an ‘irradiance memory’ because phyto-

plankton adapt to their lifetime average light exposure. The e↵ect of temperature
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Figure 1.8. Schematic of the biogeochemical model. There are nine prognostic
variables (gray shaded boxes): dissolved inorganic carbon (DIC), alkalinity (ALK),
oxygen (O2), nitrate (NO3), phosphate (PO4), iron (Fe), dissolved organic matter
(DON, DOP), and phytoplankton biomass. Chlorophyll (chl), pH, and pCO2 are
diagnosed from the prognostic variables. The phytoplankton community includes
three types of organisms: large diatom-like cells (Blg), small calcifying cells (Bsm),
and diazotrophs (Bdia). Community production is limited by the availability of light
and nutrients and modulated by temperature. Uptake and remineralization of nutri-
ents, as well as changes in oxygen and alkalinity, are calculated from the uptake and
remineralization of nitrate via stoichiometric ratios.

on uptake and synthesis is represented by a simple exponential relationship. Maxi-

mal photosynthesis rates for each species depend on a reference value multiplied by

the temperature function and a co-limitation term. The co-limitation term is the

minimum value among metrics of available nitrate, phosphate, and iron ratios that
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also depend on their respective half-saturation coe�cients. Next, uptake, uptake

stoichiometry, and uptake fluxes can be calculated.

The biomass evolution is then modeled according to these di↵erential equations

@Blg

@t
=
h
µ0LI min(LNO3 , LPO4 , LFe)� �0

⇣
Blg

B0

⌘3i
e
T
Blg

@Bsm

@t
=
h
µ0LI min(LNO3 , LPO4 , LFe)� �0

⇣
Bsm

B0

⌘i
e
T
Bsm

@Bdia

@t
=
h
µ0dLI min(LPO4 , LFeH(T � 14))� �0

⇣
Bdia

B0

⌘i
e
dTBdia

where µ0 and µ0d are the calculated photosynthesis rates described above, the L terms

are the co-limitation functions for light, nutrients, and iron, and the remaining terms

�0, B0, , and d are constants. The equations for large and small phytoplankton

di↵er only in the exponent in the (B/B0) term. Diazotrophs are more sensitive to

low temperatures, so the co-limitation term for iron includes a Heaviside function to

reduce growth below 14� C.

As the phytoplankton die, they are either consumed by other organisms in the

near-surface layer, drift as dissolving organic matter, or sink and remineralize. These

processes are represented with rates at which each of the species falls into each cate-

gory, and these rates can depend on environmental factors such as temperature, etc.

The partitioning and determining of rates and the subsequent division into which

tracers are recycled or transformed, allows us to compute source and sink terms for

each tracer which can then be computed in each grid cell.

1.7 Variational Data Assimilation

The ability to model geophysical and biogeochemical processes in the ocean, com-

bined with the increasing availability of observations over the past few decades, leads

to a new challenge; namely, how do we incorporate these observations into our model

states in a mathematically sound way? Data assimilation is concerned with optimally
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updating very high dimensional model states with comparatively sparse observational

data sets to produce accurate forecasts. Thorough descriptions of the mathematical

theory and algorithms of data assimilation can be found in Reich and Cotter (2015),

Bocquet et al. (2016), Law et al. (2015), and Evensen (2009). Here we will briefly

review the standard framework for data assimilation problems and describe a gen-

eral 4DVar algorithm to obtain a solution (Talagrand & Courtier, 1987; Courtier &

Talagrand, 1987).

The typical setup for a data assimilation problem is that we have an estimate of

our current state at discrete time index k and a model that moves our state forward

in time

xk = M(xk�1.)

where the dimension of xk is n. A vector of m observations, where m ⌧ n, is obtained

via an observation operator H via

yk = Hxk + ⌘k

where the measurement noise ⌘k is normally distributed with zero mean and known

covariance structure ⌘k ⇠ N (0,R).We will consider the simple case where observation

operator H is linear. For example, imagine xk is the state of the ocean, which

includes velocities, temperature, salinity, density, and pressure at all of the grid cells

in our domain. Our observations may include a number of float CTD (conductivity,

temperature, depth) profiles that each provide temperature, salinity, and pressure

readings for the upper 2000 m at a single horizontal location that may be near a cell

center or closer to a cell corner. H is simple in this case because the observations

are directly of state variables and do not require complicated functions that translate

proxy measurements to estimates of state variables. The entries in H may simply

map the cell with the nearest cell center to the location of the observation to that

observation, or simple linear interpolation could indicate the measurement was a

weighted average of the values in the cells surrounding the observation.



43

The Kalman Filter is the basis for a family of techniques, typically involving the

Figure 1.9. Cartoon of the Kalman Filter process. The model runs forward in time
until observations are collected. A filter step moves the model state ‘closer’ to the
observations. The process continues.

use of ensembles, for performing data assimilation. Figure 1.8 shows a cartoon of the

method. The model advances the state in time until observations are collected. H is

constructed and an optimal interpolation step that uses the covariance of the noise

and covariance of the model forecast generates an analysis mean. The process has the

e↵ect of tugging the model towards the observations where they occur and ‘nearby’

according to how the state variables co-vary with each other. Kalman Filtering is

very e↵ective and widely used, but the process of nudging the state breaks budgets

and create residual terms. In the ocean, we are interested in monitoring budgets for

momentum, heat, salt, carbon, etc., and we do not want the unphysical e↵ects of the

filtering step. Variational methods like 4DVar can allow us to preserve budgets.

In the 4DVar framework, observations at time k + 1 allow you to revise your
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estimate of the prior state xk. We begin with our model M, observation operator

H, state estimate xk, and subsequent observations yk+1
. We assume that xk is dis-

tributed normally with mean µ and covariance B. This distribution is called our prior

distribution . How this prior is reached is itself a tricky problem and may involve

climatological averages or outputs from a previous time step or another model. We

want to find xk that maximizes a conditional probability p(xk|yk+1
). Bayes’ theorem

(Bayes, 1763) gives us that

p(xk|yk+1
) / p(xk)p(yk+1

|xk).

If we wish to maximize a probability p that is Gaussian or nearly Gaussian, we can

instead minimize –log p, a quadratic function. There are many algorithms for finding

the minimum of quadratic functions; here we will use Gauss-Newton (Gauss, 1809).

We minimize

F (xk) = � log p(xk|yk+1
)

= � log p(xk)� log p(yk+1
|xk).

We have an explicit formula for yk+1
|xk through the relation

yk+1
= Hxk+1 + ⌘k

yk+1
= HM(xk) + ⌘k

and because we assumed xk ⇠ N (µ,B) and ⌘k ⇠ N (0,R), we can explicitly write

the formula for our quadratic function:

F (xk) =
1

2
(xk � µ)TB�1(xk � µ) + . . .

+ 1

2
(HM(xk)� yk+1

)TR�1(HM(xk)� yk+1
).
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We thus use Gauss-Newton to minimize 1

2
r(x)T r(x), where

r(x) =

"
B�1

2 (x� µ)

R�1

2 (HM(x)� yk+1
)

#

and J =
@r

@x
=

"
B�1

2

R�1

2HM

#
.

Here, the Jacobian M of M appears in J . M is called the tangent linear model .

The Gauss-Newton iteration is

xj+1 = xj � (J TJ )�1(J T r)

where the j indices indicate iterations of the solver, not time steps. Solving (J TJ )�1

iteratively is called the inner loop, while each Gauss-Newton iteration is called the

outer loop.

Figure 1.10. Cartoon of the adjoint method. The model runs from a prior initial
condition, all observations are collected, and an iterative minimization procedure
produces a model trajectory more consistent with the observations.
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We have just described an implementation of 4DVar over a single time step from

k to k + 1. This technique can be extended to full model runs, where the misfits

between model and observations at all times can be minimized simultaneously. Fig-

ure 1.9 shows a cartoon of this process. As Gauss-Newton is performed, subsequent

solutions (green) fit the observations better. The model initial condition and exter-

nal forcing (not shown) may be modified to produce a solution that is close to the

observations without the unphysical nudging of filter methods.

4DVar is challenging due to various factors, including computational expense, esti-

mating the adjoint M, and estimating the structure of the state covariance B, but is

worth pursuing for the ability to assimilate data while preserving model trajectories

consistent with model dynamics.

1.8 The Biogeochemical Southern Ocean State Estimate

The Biogeochemical Southern Ocean State Estimate (BSOSE, documented in

Verdy and Mazlo↵ (2017); precursor described in Mazlo↵ et al. (2010)) brings together

many of the topics discussed in this chapter. BSOSE is the output of an adjoint

method based assimilation performed on a model of the Southern Ocean that consists

of the MITgcm and N-BLING. It uses massive datasets of Argo and BGC-Argo float

data, hydrographic data from ship transects, and satellite swaths to produce a realistic

trajectory of the ocean south of 30�S during the span 2013–2019 (this describes the

most recent iteration available at http://sose.ucsd.edu/SO6/ITER135/). We will

briefly describe the process of creating BSOSE.

Wunsch (1988) and Wunsch (2006) provide a broad sketch for the problem we

are facing. While the MITgcm and N-BLING are useful tools for modeling the evo-

lution of a system, they solve the forward problem where it is assumed that the

boundary conditions, initial conditions, forcing, and parameters are already known.

This is typically never true in the real world. That leads to an inverse problem :

http://sose.ucsd.edu/SO6/ITER135/
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given a set of measurements of a tracer (e.g., temperature or salinity) with known

noise characteristics distributed irregularly over the domain, estimate the fluid flow

parameters. Wunsch (1987) and Wunsch et al. (1988) show that a regularization

problem of whether the boundary conditions governing the evolution of the tracer

field could be determined from noisy observations in the interior of the domain, needs

to be addressed before the inverse problem can be performed. The problem of ocean

state estimation can then borrow from the field of control theory; find the ‘controls’

that drive the model through a trajectory within the error bars of the observations.

These controls include surface wind stress, freshwater, and heat exchanges.

The paper “Practical global oceanic state estimation” (Wunsch & Heimbach,

2007) describes a modified version of variational data assimilation that is used in

BSOSE and the ECCO program (Heimbach & Wunsch, 2007). We will refer to this

as the adjoint method . We will change the notation slightly from the previous

section to reflect time dependence. We begin with a state vector x(t) that is advanced

in time via a model

x(t) = M(x(t��t),F(t��t)q(t��t),C(t��t)u(t��t), t��t). (1.8.1)

In the case of BSOSE, M is the MITgcm and N-BLING computer programs. x(t)

consists of the values of the temperature, salinity, three velocities, sea surface height,

and the 9 prognostic biogeochemical variables from N-BLING at each corresponding

cell location in our domain. q(t) is the collection of sources, sinks, and boundary

conditions, and the matrix F distributes these terms over the state vector. u(t)

⇠ N (0, Q(t)) is an unknown control vector, with C distributing these controls in

the same way as F. u(t) contains tunable parameters and coe�cients, boundary

forcing, and model error. The initial condition is considered drawn from a distribution

x̃(0) ⇠ N (x0,B0) where the tilde indicates an estimate. The observations relate to

the state vector at each time t according to

y(t) = H(t)x(t) + ⌘(t) (1.8.2)
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where ⌘(t) ⇠ N (0,R(t)).

Assuming that the state variables, controls, and observational misfits are Gaus-

sian or nearly Gaussian, we can frame the problem as that of minimizing a quadratic

objective function, as in the previous section. We define

⇠ =

tfX

t=1

[y(t)�H(t)x(t)]TR(t)�1[y(t)�H(t)x(t)]

+ [x0 � x(0)]TB�1

0
[x0 � x(0)] +

tf�1X

t=0

u(t)TQ�1u(t) (1.8.3)

We already are faced with a challenge because we don’t know what is in the error

covariance matrices R, B0, and Q: our estimates of them are for the most part

diagonal because we lack a good understanding of how di↵erent variables a↵ect each

other. But the techniques of control theory allow us to proceed without requiring

the use of the covariance matrices. We choose to introduce multivariate Lagrange

multipliers �(t) (Lagrange, 1806) and convert the problem to an unconstrained least-

squares optimization:

⇠0 = ⇠ � 2

tfX

t=1

�(t)T[x(t)�

M(x(t��t),F(t��t)q(t��t),C(t��t)u(t��t), t��t)] (1.8.4)
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We write the normal equations

1

2

@⇠0

@u(t)
= Q(t)�1u(t) + �(t+�t)

 
@M(x(t),Fq(t),Cf(t)

@u(t)

!T

= 0, (1.8.5)

t 2 [0, tf ��t]

1

2

@⇠0

@�(t)
= x(t)�M[x(t��t),Fq(t��t),Cf(t��t)] = 0, (1.8.6)

t 2 [�t, tf ]

1

2

@⇠0

@x(0)
= B�1

0
[x(0)� x0] + �(�t)

 
@M(x(0),Fq(0),Cf(0)

@x(0)

!T

= 0 (1.8.7)

1

2

@⇠0

@x(t)
= H(t)TR(t)�1[H(t)x(t)� y(t)]� �(t)+ (1.8.8)

�(t+�t)

 
@M(x(t),Fq(t),Cf(t)

@x(t)

!T

= 0, t 2 [�t, tf ��t]

1

2

@⇠0

@x(tf )
= H(tf )

TR(tf )
�1[H(tf )x(tf )� y(tf )]� �(tf ) = 0. (1.8.9)

Wunsch (2006) show that if our time domain is restricted to [0,�t] then this set of

equations returns the Kalman Filter. In our case, numerically solving the normal

equations will modify our control vector u(t) to fit a model trajectory that is with

the noise threshold of the observations and give us updates for the initial, bound-

ary, and atmospheric forcings, and whichever model parameters were included in the

optimization and not fixed.

The computational scope of the problem is huge. BSOSE has a 1/6� zonal res-

olution, corresponding to a grid of 2160 ⇥ 588 ⇥ 52 ⇡ 66 million cells. The ocean

state x(t) during the seven year time span of the latest iteration is then an 8 trillion

dimensional object, and the control vector with misfits and forcings has several bil-

lion entries. This is why we can not use methods like classical Gauss-Newton; the

Jacobian and covariance matrices would be astronomically large. Luckily, there exist

specialized quasi-Newton methods that estimate the Jacobian (or Hessian) matrices

only locally, called limited memory BFGS (Broyden, 1970; Fletcher, 1970; Goldfarb,
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1970; Shanno, 1970). BSOSE uses the algorithm of Gilbert and Lemaréchal (1989),

an implementation of the method described in Nocedal (1980).

The algorithm begins by letting the control vector u(t) = 0 and integrating

Equation 1.8.6 forward for a first estimate of x(t). Next, Equation 1.8.8 is integrated

backwards in time to estimate �(t). Equations 1.8.5 and 1.8.8 involve calculating

partial derivatives of the model with respect to the problem parameters. This is

where the limited memory quasi-Newton methods can be implemented to minimize

the value of ⇠. The problem parameters are perturbed, the model is stepped forward

and then backward, and the partial derivatives are estimated again.

How do we estimate the partial derivatives of computer code? The development

of an algorithmic or automatic di↵erentiation (AD) companion to the MITgcm by

Giering and Kaminski (1998) allowed the e�cient generation of the tangent linear

model M for the model M and the adjoint MT. Higher derivatives can also be

generated with this tool (e.g., the Hessian) to determine the curvature of the objective

function and estimate uncertainties. Algorithmic di↵erentiation is an interesting topic

but is outside the scope of this document (as we do not perform any variational

assimilation) and is left to the reader to investigate (development in Giering (2000)

and Marotzke et al. (1999); examples of adjoint use for sensitivity studies in Verdy

et al. (2014) and Moore et al. (2009)). A more accessible introduction was given by

Heimbach (2019) (presentation available at https://www.eccosummerschool.org/

schedule-1).

To summarize, BSOSE is created from the MITgcm, N-BLING, and a slew of

observations. A limited memory quasi-Newton optimization program that requires

the estimation of derivatives of the model code calls an algorithmic di↵erentiation

package. The optimization solves a Lagrange multiplier-based regularization prob-

lem. What emerges from this process is a seven year model trajectory of physical

and biogeochemical variables that lives, more or less, near the observations and has

consistent model physics. That is, there is no unphysical jumping of the model state

https://www.eccosummerschool.org/schedule-1
https://www.eccosummerschool.org/schedule-1
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Figure 1.11. 2017 BSOSE upper 100 m misfit to Argo a) potential temperature
and b) salinity. Notice large misfits over the Argentine Basin for both quantities.

during the seven years. The optimization modifies the initial conditions, the lateral

boundaries at the equator, and the atmospheric forcing. BSOSE is repeatable; if

you are given the initial and boundary conditions, modified atmospheric forcing, and

model parameters, and run the model, you will obtain the same trajectory.

Significant challenges still exist and BSOSE is still being improved. Figure 1.11

shows temperature and salinity misfits vertically averaged over the upper 100 m. Clear

biases remain; they are generally located where the ocean is the most variable. The

requirement of preserving model physics limits how well the misfits can be minimized.

This trade-o↵ was chosen so that physical and biogeochemical quantities would be

conserved and budgets could be computed.

Figure 1.12 illustrates the comparative lack of biogeochemical observations. Ev-

ery circle in the plot represents a single profile during the year 2017. There were

only ⇠ 300 BGC-Argo profiles in the Argentine Basin in 2017. The uneven spatial

coverage means that uncertainties remain high for biogeochemical variables.

Figures 1.13 and 1.14 show the result of the modifications of surface forcings.
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Figure 1.12. 2017 BSOSE upper 100 m misfit to BGC-Argo a) DIC and b) dissolved
oxygen. There are far fewer BGC-Argo floats than core Argo floats as seen by the
limited number of profiles in comparison to Figure 1.11.

Figure 1.13. 2017 mean a) zonal wind stress for ERA5, b) zonal wind stress
for BSOSE, c) meridional wind stress for ERA5, and d) meridional wind stress for
BSOSE.
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Figure 1.14. 2017 mean a) zonal wind stress di↵erence ERA5 - BSOSE, b) merid-
ional wind stress di↵erence ERA5 - BSOSE, c) standard deviation of monthly ERA5
- BSOSE zonal wind stress, and d) standard deviation of monthly ERA5 - BSOSE
meridional wind stress.

BSOSE’s average 2017 zonal and meridional wind stress is compared to ERA5 in

Figure 1.13 and their di↵erences are shown in Figure 1.14. ERA5 is the ECMWF

(European Centre for Medium-Range Weather Forecasts) Reanalysis version 5, an

atmospheric reanalysis that is widely used. The westerlies constitute the major winds

in this region, but BSOSE has slightly weaker zonal wind stress in the subtropics and

slightly stronger wind stress below the Polar Front in the southeast of the region as

seen in Figure 1.13a–b. Figure 1.13c–d shows that the largest meridional wind stress

correction is a strengthened southward wind over the Malvinas Current. Wind stress

modification is just one example of how the adjoint method a↵ects the ‘controls’ of

the ocean.
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1.9 Summary

We have established that the Southern Ocean in general and the Argentine Basin

in particular are regions of interest because of complex dynamics in addition to large

exchanges of heat and carbon with the atmosphere. It is valuable to conduct process

studies to investigate how the Argentine Basin behaves under di↵erent modeling se-

tups. We have detailed the necessary physical and biogeochemical models and their

numerical implementations, and the use of assimilation in creating BSOSE, which

can be used to initialize and force a regional model.

In Chapter 2, we quantify the e↵ects of changing model resolution on vertical

transports of heat and carbon and surface fluxes of heat and carbon. In Chapter 3,

we decompose the response of high and low resolution models of the Basin into linear

and nonlinear contributions to determine how well and for how long we can make

ocean forecasts given inevitable errors in our forcing.
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Chapter 2

The effect of resolution on vertical heat and

carbon transports in a regional ocean

circulation model of the Argentine Basin

2.1 Introduction

There are several studies on the e↵ect of resolution on various physical ocean

quantities. Gri�es et al. (2015) and Kirtman et al. (2012) demonstrate that an

eddy-resolving 1/10� climate model shows enhanced vertical heat transport, surface

warming, and higher sea surface temperature variability compared to coarser ⇠ 1�

models over decadal time scales. Other studies document the impact of resolution

on sea surface height and current transports (Ringler et al., 2013; Jungclaus et al.,

2013). The e↵ects of model resolution on carbon fluxes and vertical carbon transports,

however, have not been studied.

The focus of this chapter is two-fold. We wish to 1) investigate the vertical

transports and surface fluxes of heat and carbon in the Argentine Basin, and 2)

determine the e↵ect of model resolution on these transports and fluxes. To these ends,

we construct three regional ocean general circulation models with biogeochemistry at

eddy-permitting horizontal resolutions of 1/3� and 1/6�, and at an eddy-resolving

resolution of 1/12�, all for the single year 2017. Our choice to use a single year

will set this study apart from longer ocean climate simulation studies seeking to find

the impact on the baseline climate. In contrast this work quantifies the response of

including mesoscale dynamics given equal baselines. 2017 is chosen because of the

relative wealth of biogeochemical float profiles compared to previous years which can

be used in validating the model. In this study, we confirm previous results for heat

but on shorter time scales, and reveal the e↵ects of resolution on ocean carbon. This
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Figure 2.1. a) Bathymetry of Argentine Basin and surrounding area with model
domain (white line) and budget box (black line) with important features labeled. The
budget box covers the basin but excludes the Patagonia Shelf and areas shallower than
2000 m.

work informs the impact of mesoscale eddies on vertical transport and surface fluxes

of heat and carbon in the Argentine Basin.

2.2 Methods

We construct a regional configuration of the MITgcm paired with N-BLING at

three resolutions. We describe the physical setup in Section 2.2.2, the biogeochemical

model description in Section 2.2.3, and the observational datasets and reanalysis

products used for model validation in Section 2.3.
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Table 2.1. Ocean and Biogeochemical Model parameters
Ocean Model Parameters 1/3� 1/6� 1/12�

�x horizontal resolution 19–32 km 9–16 km 5–8 km
�z vertical resolution (at rest) 4.2–400 m 4.2–400 m 2.1–200 m
�t time step 30 minutes 20 minutes 4 minutes

ocean lateral open boundary forcing period 1 month
atmospheric boundary forcing period 1 hour
vertical di↵usivity 1⇥ 10�5 m2

/s
lateral biharmonic di↵usivity 1⇥ 10�8 m4

/s
vertical viscosity 1⇥ 10�5 m2

/s
lateral biharmonic viscosity 1⇥ 10�8 m4

/s
implicit vertical di↵usivity for convection 10 m2

/s
quadratic bottom drag coe�cient 0.002

Biogeochemical Model Parameters
µ0 Maximum phytoplankton photosynthesis rate at 0� 1.3 d�1

µ0d Maximum diazetroph photosynthesis rate at 0� 0.008 d�1

kFe Iron half-saturation coe�cient 8.196⇥ 10�7 mol Fe/m3

kFed Iron half-saturation coe�cient for diazetrophs 7.168⇥ 10�7 mol Fe/m3

other biogeochemical parameters same as Table 1 of Verdy and Mazlo↵ (2017)

2.2.1 Physical Model Configuration

Our model suite consists of three zonal resolutions, 1/3�, 1/6�, and 1/12�. The

meridional spacing varies with latitude such that �x = �y. The 1/3� and 1/6�

models have 52 vertical thickness-varying levels with 33 levels in the upper 750 m,

and the 1/12� has 104 levels with 66 levels in the upper 750 m. Bathymetry is

derived from ETOPO1 (NOAA National Geophysical Data Center, 2009; Amante,

C. and Eakins, B.W., 2009). The domain extends from 70�W to 8�W and from 60�S

to 30�S and includes an approximately one degree restoring layer along each lateral

boundary. Within this model domain we select an analysis subregion that we term

our budget box. The budget box spans 60�W to 15�W and from 55�S to 34�S, with all

areas shallower than 2000 m removed (Figure 2.1a). This eliminates e↵ects from the

Patagonia Shelf on our vertical profiles. The models feature implicit vertical di↵usion

and viscosity, a nonlinear free surface, exact volume conservation, and z* time-varying
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vertical coordinates of Adcroft and Campin (2004). Also in use are a modified Leith

viscosity parameterization and the GGL90 mixed layer parameterization of Gaspar

et al. (1990). No mesoscale eddy parameterization was implemented. Physical ocean

model parameters are given in Table 2.1. The models run from 1 December 2016

through 31 December 2017, with the first month used as spin-up and all analysis

performed on the 2017 output.

The river runo↵ forcing was obtained from the Coordinated Ocean-Ice Ref-

erence Experiments (CORE) Corrected Normal Year Forcing Version 2.0 datasets

(available at https://data1.gfdl.noaa.gov/nomads/forms/core/COREv2/CNYF v2

.html) (Large & Yeager, 2009). No sea ice or tidal forcing was incorporated. Hourly

atmospheric forcing is given by ERA5 (Hersbach et al., 2020; Copernicus Climate

Change Service (C3S), 2017) through a boundary layer scheme with heat, freshwater,

and momentum fluxes determined by bulk formulae (Large & Yeager, 2009). The

models are initialized and laterally forced by iteration 122 of BSOSE. Crucially, the

assimilation procedure for BSOSE modifies the surface forcing, including wind stress

(as described in Section 1.8 and shown in Figures 1.13 and 1.14). Thus, although

our model and BSOSE both use ERA5 atmospheric forcing as a baseline, BSOSE

changes these fields as part of the controls. Our models use unaltered ERA5 atmo-

spheric forcing.

2.2.2 Biogeochemical Model Configuration

N-BLING (Galbraith et al., 2010) is an ocean biogeochemistry model of inter-

mediate complexity designed to be embedded in a general circulation model. The

current version has nine prognostic tracers as described in Section 1.6. Each of the

nine quantities are initialized and laterally forced with BSOSE output. Our primary

biogeochemical variable of interest for this study is DIC. Biogeochemical ocean model

parameters are given in Table 2.1. We use atmospheric pCO2 estimates from the Cape

https://data1.gfdl.noaa.gov/nomads/forms/core/COREv2/CNYF_v2.html
https://data1.gfdl.noaa.gov/nomads/forms/core/COREv2/CNYF_v2.html
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Table 2.2. Products for comparison & validation of the regional models
Name Type Citation/URL
Argo & bgc-Argo Observations (Argo, 2000)
MUR SST Observations (JPL MUR MEaSUREs Project, 2015)
AVISO Observations https://www.aviso.altimetry.fr/
WOA18 (Temperature) Climatology (Locarnini et al., 2019)
GLODAPv2 (DIC) Climatology (Lauvset et al., 2016; Key et al., 2015)
BSOSE State Estimate (Verdy & Mazlo↵, 2017)
ECCOv4r4 State Estimate (ECCO Consortium et al., 2020a)
Roemmich & Gilson Mapped Observations (Roemmich & Gilson, 2009)
ECDAv3.1 Reanalysis (Zhang et al., 2007; Chang et al., 2013)
SODA3.4.2 Reanalysis (Carton et al., 2018)
JMA CO2 Mapped Estimate (Iida et al., 2015; Takatani et al., 2014)
Landschützer Mapped Estimate (Landschützer et al., 2019)
Rödenbeck Mapped Estimate (Rödenbeck et al., 2013)
CMEMS Mapped Estimate https://resources.marine.copernicus.eu

Grim station (http://www.csiro.au/greenhouse-gases).

2.2.3 Observations & Reanalysis Products

We validate our model output against several observational and observation-

derived products, cited in Table 2.2 and briefly described here. The Argo and BGC-

Argo floats (Argo, 2000), Multi-Scale Ultra High Resolution Sea Surface Temperature

(MUR, (JPL MUR MEaSUREs Project, 2015)), and AVISO satellite-derived sea

surface height constitute the primary observations for comparison. MITgcm has a

package that interpolates a model solution in space and time to the float profiles and

computes model equivalent profiles that can be di↵erenced from the float data. MUR

and AVISO are gridded, and for model comparison we interpolate onto whichever

grid is the finest between the 1/12� model and the data product. This interpolation

is also how the di↵erences from reanalysis and climatological products are computed.

The reanalyses and climatologies used for validation have temperature fields and

surface heat flux estimates that can be appropriately di↵erenced from our model solu-

tion for comparison. The ECCO Consortium (Heimbach & Wunsch, 2007), which de-

veloped the adjoint method software used in BSOSE, produces a global ocean physical

https://www.aviso.altimetry.fr/
https://resources.marine.copernicus.eu
http://www.csiro.au/greenhouse-gases
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state estimate from 1992–present. The latest version (ECCO Consortium et al., 2020a)

is described in Forget et al. (2015) and ECCO Consortium et al. (2020b). The GFDL-

produced ECDAv3.1 and SODA3 (Carton et al., 2018) are physical ocean reanalysis

products. Reanalysis products di↵er from ocean state estimates in the way the ob-

servations are assimilated. As described in Section 1.8, ocean state estimates (ECCO

and BSOSE) minimize misfit with observations in a way that is consistent with model

physics and produce a model trajectory such that budgets are preserved. Reanalyses

break their trajectories at each assimilation update step. We additionally use the

Roemmich and Gilson Climatology (Roemmich & Gilson, 2009) and World Ocean

Atlas 18 (Locarnini et al., 2019) Climatology, both mapped observational products,

for temperature comparisons.

For estimates of CO2 flux, we compare to BSOSE and estimates from

Landschützer et al. (2019), Rödenbeck et al. (2013), the MULTIOBS GLO BIO

CARBON SURFACE REP 015 008 dataset from the Copernicus Marine Service

(CMEMS), and the Ocean CO2 map from the Japanese Meteorological Agency (JMA).

These estimates are calculated using observational datasets of surface ocean pCO2

from the Surface Ocean CO2 Atlas (SOCAT, Bakker et al. (2014)), atmospheric pCO2,

satellite sea surface temperature, available 10 m wind speeds, and other quantities.

For interior ocean DIC, the only available mapped product is Global Ocean Data

Analysis Project Version 2 (GLODAPv2) which provides a climatology based on

ship-based measurements from 1972–2013.

2.3 Results of Model Runs at Three Resolutions

In Section 2.3.1, our model output is validated against the observational datasets

and reanalysis products described in Section 2.2.3. Section 2.3.2 details the di↵erences

in surface fluxes of heat and carbon both between resolutions and also against avail-

able reanalysis products. Section 2.3.3 contains an analysis of the vertical transports
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of heat and carbon between the three resolutions.

2.3.1 Comparison with Observations and Reanalysis

Figure 2.2. a) MUR satellite-derived SST on June 22, 2017 with climatological
Subtropical, Subantarctic, and Polar Fronts from Orsi et al. (1995) shown from north
to south drawn in white. The 2017 (full year) front locations for our models are
calculated using criteria from Russell et al. (2018) for Polar and Subantarctic and
Orsi et al. (1995) for Subtropical for the b) 1/3�, c) 1/6�, and d) 1/12�, drawn over
the June 22, 2017 mean top cell temperature.

Sea Surface Temperature, Surface DIC, and Front Locations Figure 2.2

shows a plot of the sea surface temperature from MUR compared with the top cell

temperatures from our three models on June 22, 2017. Climatological front locations

from Orsi et al. (1995) are shown over the MUR product and the calculated front

locations are plotted over each model. We generate each of these front locations

using a single contour over a mask field. For the Subantarctic Front (SAF), the

contour separates cells in the mask by 400 m temperature that are greater than 4�C

from those less than 4�C. For the Polar Front (PF), the contour separates cells in
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Figure 2.3. Mean surface DIC concentrations for a) GLODAPv2, b) 1/3� model,
c) 1/6� model, and d) 1/12� model.

the mask by minimum temperature in the upper 200 m that are greater than 2�C

from those less than 2�C. The Subtropical Front (STF) location is defined by the

transition of 100 m temperature from 10–12�C and 100 m salinity from 34.6–35 psu.

The mask for the STF is generated in the following way: any cell that satisfies either

1) T > 12�C, 2) S > 35 psu, 3) T > 11�C and S > 34.6 psu, or 4) T > 10�C and

S > 34.8 psu, is considered subtropical. The Orsi fronts are based on climatological

values while our models only have one year for averaging, so we expect the model

fronts to not be as smooth. The most notable di↵erences are that the SAF of Orsi

encompasses the entire Malvinas current, while the calculated SAF for our 1/6� and

1/12� capture only a sliver of it, detached from the rest of the front, and our 1/3�

does not include the Malvinas at all. The surface layer temperatures from our models

show a predictable increase in fine scale structure as resolution is increased. The

1/12� model shows mesoscale eddy activity along the STF and around the Zapiola

Anticyclone to a similar extent as the MUR product.
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Table 2.3. Regional Model–Observational Misfit Mean and Standard Deviation
mean misfit std of misfit

Data Product units 1/3� 1/6� 1/12� 1/3� 1/6� 1/12�

SSH AVISO m 0.037 0.048 –0.022 0.43 0.40 0.99
SST MUR �C –0.33 –0.36 –0.28 1.68 1.71 1.76
T Argo 7–20 m �C –0.27 –0.35 –0.17 1.52 1.81 1.57
T Argo 100–200 m �C 0.096 –0.088 0.076 2.22 2.64 2.29
T Argo 200–1000 m �C 0.83 0.71 0.77 1.61 1.85 1.66
T Argo 1000–2000 m �C 0.28 0.28 0.33 0.47 0.48 0.48

DIC BGC–Argo 7–20 m µmol/kg 9.33 9.31 8.75 18.94 20.21 19.92
DIC BGC–Argo 100–200 m µmol/kg 7.81 8.19 7.75 18.50 18.52 18.73
DIC BGC–Argo 200–1000 m µmol/kg –1.69 –0.54 –0.76 22.43 22.94 21.91
DIC BGC–Argo 1000–2000 m µmol/kg –12.06 –12.06 –13.06 11.19 11.72 11.59

We similarly plot the mean surface DIC in Figure 2.3 to compare the models’

surface carbon gradients to the climatological values of GLODAPv2. The patterns

match in a broad sense but the models have slightly higher surface carbon in the

subtropics. GLODAPv2 has much less carbon over the Patagonia Shelf but this is

likely unimportant as our budget box excludes the shelf.

Misfit to Float and Satellite Observations We compute misfits of temperature,

DIC, and SSH between our output and the float and satellite measurements to vali-

date our regional models. The MITgcm samples the model solution at the time and

locations of the profiles and generates misfits at specific depth levels. The convention

for misfits is model minus observations, e.g. a positive value for temperature misfit

means that the model is warmer than the observations. We calculate misfit to Argo

for temperature and misfit to BGC-Argo for DIC. There were 2,876 Argo profiles

and 303 BGC-Argo profiles in our model domain in 2017. For satellite observations,

daily averaged AVISO dynamic topography is subtracted from our daily sea surface

height fields, and daily averaged SST from MUR is subtracted from our daily top cell

temperature. Table 2.3 lists the mean and standard deviations of these misfits. The

misfits for the satellite observations are averaged in time, then spatially averaged to

yield a single mean misfit value given in the table. The standard deviation value in
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the table is calculated by spatially averaging the temporal standard deviation values

at each grid point. For Argo and BGC-Argo, we separate the misfits into depth bins

of various sizes and collect all the profiles during 2017. We then take the mean and

standard deviation of these values without performing any weighting and report the

values in the table.

Figure 2.4. 2017 standard deviation of daily averaged sea surface height anomaly
in meters for a) AVISO, b) 1/3� model, c) 1/6� model, and d) 1/12� model. AVISO
features high variability nearly all the way around the Zapiola Anticyclone.

Both the near-surface (7–20 m) mean temperature misfits from Argo and MUR

SST show our three regional models are several tenths of a degree too cool with

standard deviation just under 2 degrees. From 100–200 m, the temperature misfit is

smaller than 0.1 �C, but this increases back to ⇠ 0.3 �C for the 1000–2000m layer.

The standard deviations for temperature misfit do not vary by resolution. The DIC

observations show our waters are too carbon-rich in the upper ocean, with misfits in

the range of 7–10 µmol/kg, but are carbon deficient at depths of 1000–2000 m, with

misfits around –12 µmol/kg. Because our model does not assimilate these observa-
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Figure 2.5. Scatter plot of all 2017 Argo 100 m misfits to temperature for the a)
1/3�, b) 1/6�, and c) 1/12� models, and BGC-Argo 100 m misfits to DIC for the d)
1/3�, e) 1/6�, and f) 1/12� models.

tions, these misfits are most likely a reflection of biases in forcing products and model

errors.

The mean misfits for sea surface height have magnitudes of 0.02–0.05 m with stan-

dard deviations of 0.4 m for the 1/3� and 1/6� and 1 m for the 1/12� model, compared

to a background standard deviation of 0.1 m of AVISO. Figure 2.4 shows the temporal

standard deviations of the di↵erence between AVISO SSH and the three models. The

1/12� comes the closest to matching AVISO for the location and magnitude of the

highest variability, nearly reaching all the way around the Zapiola Anticyclone.

Figure 2.5 is a top down scatter plot of all 2017 Argo temperature misfits and

BGC-Argo DIC misfits (model–observation) at 100 m. At all three resolutions the

near surface subtropical waters and the ACC are too cool by as much as 2 �C and

this is fairly persistent in the slower moving waters except in the eastern edge of

the domain. The largest temperature misfits are in the periphery of the Zapiola
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Figure 2.6. Scatter plot of all 2017 Argo 800 m misfits to temperature for the a)
1/3�, b) 1/6�, and c) 1/12� models, and BGC-Argo 800 m misfits to DIC for the d)
1/3�, e) 1/6�, and f) 1/12� models.

Anticyclone. This makes sense because the most intense eddy activity occurs there

and as we are not assimilating the float data, we have no hope of matching the

variability. For DIC, our near surface waters are too carbon-rich. The ability to

observe subsurface biogeochemistry is an exciting prospect but we see in panels d–f

how the spatial coverage is still very restricted. Only the southern half of our domain

has BGC-Argo profiles during 2017 and even in that portion the profiles are clustered

in certain areas. The largest DIC misfits are in the center of the Zapiola Anticyclone

and were produced by a single float trapped in the vortex.

Figure 2.6 is a scatterplot of the Argo and BGC-Argo misfits at 800 m depth.

The three models are too warm and have too little carbon below the mixed layer. The

warm bias is strong in the subtropics but model-float agreement improves towards the

southern half of the domain. The largest warm bias is in the northeast of the domain,

in the South Atlantic Gyre. The large misfits surrounding the Zapiola Anticyclone
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Figure 2.7. Zonal plots of 2017 Argo and BGC-Argo misfits binned by latitude.
Temperature misfits are shown for the a) 1/3�, b) 1/6�, and c) 1/12� models, and
DIC misfits are shown for the d) 1/3�, e) 1/6�, and f) 1/12� models.

are mostly absent, indicating 800 m is deeper than most of the eddy activity. At

800 m, the DIC misfit is smallest in the Zapiola Anticyclone (in contrast with the

largest DIC misfit at 100 m) and along the southern boundary of the domain. The

floats that follow the Malvinas Current show that our models have too little DIC at

this depth.

We bin all of the Argo and BGC-Argo misfits in 2017 by latitude and depth to create

Figure 2.7. We again observe that the waters from the surface down to 200 m are too

cold and too carbon-rich for all three resolutions, and below that to about 1500 m

the waters are too warm and too carbon-deficient. The strongest biases are in the

subtropical zone from 500–1000 m, where the temperatures are over 2 �C warmer in

the models than in the observations. South of the STF, the model agreement with

floats improves for temperature as witnessed in Figure 2.7a–c. The zonal biases for

DIC are more persistent through the southern half of the model domain where we
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have profiles.

Figure 2.8. 5 days bins of Argo temperature misfits for a) 0-1000 m and b) 1000-
2000 m.

Figure 2.9. 5 days bins of BGC-Argo DIC misfits for a) 0-1000 m and b) 1000-
2000 m.

To investigate seasonality of biases, Figures 2.8 and 2.9 show plots of root mean
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square magnitude of temperature and DIC misfits versus time, respectively. The

model-float misfits were placed in 5 day bins separated into 0–1000 m (panel a for

each plot) and 1000–2000 m depths (panel b). There does not appear to be any

obvious seasonal di↵erence in the average magnitude of the misfits for either quantity.

Figure 2.10. a) 2017 mean anomalous potential temperature profile relative to the
Roemmich & Gilson Argo product and b) anomalous DIC profile relative to GLO-
DAPv2 averaged over budget box. The temperature profiles for our three regional
models are within the spread of comparable products in the upper 100 m but inherit
a warm bias from BSOSE from 300–1500 m. The DIC matches the mean BGC-Argo
profiles for 2017 in the upper 100 m but appear to have too little carbon below this.
Bottom panels show the di↵erences between the 1/12� and coarser resolutions for c)
temperature and d) DIC. The 1/12� is warmer and has slightly less carbon than the
1/3� and 1/6�.
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Vertical Profiles of Temperature and DIC In Figure 2.10, we calculate the ver-

tical profiles of potential temperature and DIC horizontally averaged over the budget

box for our three models together with available observationally-based reanalysis and

interpolated products and plot the anomalous profiles relative to Roemmich & Gilson

Argo temperature and GLODAPv2, respectively. Thus, a model being positive at a

particular depth means it is warmer than Roemmich & Gilson or has more carbon

than GLODAPv2. We observe that our models and BSOSE are warmer than the

other products, specifically from 200–1500 m (1000–1500 m not shown). Because our

models are initialized and forced by BSOSE, this bias is likely inherited from it. For

subsurface ocean carbon, the only available product for comparison and validation

is the GLODAPv2 climatology. GLODAPv2 shows less carbon in the top 60 m and

more carbon below 200 m, but as GLODAP is ship-based, it is seasonally and spa-

tially biased (Key et al., 2004). We also average all available BGC-Argo DIC profiles

in the budget box together for comparison. Because BGC-Argo does not have full

spatio-temporal coverage of the Basin during 2017, this should be regarded as a bi-

ased estimate. Figure 2.10b shows that our models and BSOSE match this estimate

in the upper 100 m, but we already saw in Figure 2.7d, e, and f that our models have

too much carbon in the upper 100 m when compared against the floats. The lower

two panels of Figure 2.10 show di↵erences between the models. Most notably, the

1/12� model is warmer than the 1/3� and 1/6� models in the upper 1000 m, and up

to 0.25 �C warmer than the 1/3� model in the upper 60 m.

Summary of Validation We can conclude from the comparisons with floats, satel-

lite measurements, and reanalysis products that our models have certain biases rela-

tive to observations. Key among these is 1) our subtropical waters are too warm in

the 500–1000 m layer and 2) our vertical DIC gradient is too weak in the southern

half of the domain where we have BGC-Argo measurements. The warm bias should

not discourage us from continuing, as the largest misfits are in the northeast portion
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Figure 2.11. Mean 2017 downward heat flux for a) ERA5, b) ECCO4v4, c)
SODA3.4.2, d) 1/3� model, e) 1/6� model, and f) 1/12� model. Positive means
oceanic heat uptake.

of our domain away from the strongest fluxes and partially outside our budget box.

The DIC bias is more serious and so we proceed with caution and our analysis comes

with some caveats which we address at the end of Section 2.3.3. Despite the di↵erent

resolutions and corresponding levels of variability, our models do not perform signifi-

cantly di↵erent from each other in terms of misfit to observations or divergence from

reanalysis solutions. This implies that flux and transport di↵erences in the runs come

primarily from the resolution of dynamical processes rather than di↵erences in the

baseline state.

2.3.2 Surface Fluxes

The annual mean downward surface heat and carbon fluxes are compared with

other reanalysis products. The heat fluxes here and throughout the paper refer to

total downward heat fluxes, i.e, the sum of turbulent and radiative terms. Figure 2.11

shows the 2017 surface heat fluxes of ERA5, ECCO4v4, and SODA3.4.2 along with
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the three regional models. Positive/red means oceanic heat uptake. All the panels

show a similar broad pattern: 1) net heat uptake below the SAF, 2) net heat uptake

in the center and eastern extent of the Zapiola Anticyclone, 3) net heat flux into

the atmosphere for much of the area above the STF, 4) strong heat uptake over the

Malvinas Current, and 5) net heat loss over the Brazil Current. ERA5 (panel a) and

our three models (panels d, e, and f) appear to show cold ACC waters drawn into

the southeastern edge of the Zapiola Anticyclone, which travel counterclockwise while

taking up heat, while the warm Brazil Current waters are drawn into the Anticyclone

at the western extent and lose heat to the atmosphere as they travel around. Within

our regional models, we observe that as resolution increases from 1/3� to 1/12� in

panels d–f, the spatial pattern of heat loss over the Brazil Current changes and in-

creases in size. For the 1/12� model, the average heat flux over the Brazil-Malvinas

Confluence features three circular blips that appear to be associated with station-

ary eddies. Movie S2 (included in supplemental material of Swierczek et al. (2021))

shows the daily downward surface fluxes of heat and carbon for all three resolutions,

and from this we can see that in the 1/12� model, the eddies in this area are not

stationary. Instead new ones are continuously generated in this pattern.

Figure 2.12 shows the mean 2017 downward surface carbon fluxes of Land-

schützer, JMA, and CMEMS along with the three regional models. Positive/red

means oceanic carbon uptake. Again, the general spatial patterns are alike: there is

weak mean carbon uptake below the SAF and at the northern boundary, and strong

mean uptake from the Zapiola Anticyclone to across the STF and extending east.

The main di↵erence is the three reanalysis products feature a blob of stronger uptake

above the island of South Georgia in the bottom center of the domain, and our models

do not have this feature. As shown in Figure 2.3, the surface waters below the PF

are rich in carbon and are more resistant to uptake of atmospheric carbon, and we

see that the Malvinas Current which is bringing these waters north also shows weak

oceanic carbon uptake. Notably, the area of increased eddy activity at the Brazil-
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Figure 2.12. Mean 2017 downward carbon flux for a) Landschützer, b) JMA, c)
CMEMS, d) 1/3� model, e) 1/6� model, and f) 1/12� model. Positive means oceanic
carbon uptake.

Malvinas Confluence and over the Argentine Abyssal Plain in the 1/12� model do not

result in significant di↵erences in fluxes when averaged over the year compared with

the 1/3� and 1/6� models. The largest magnitude of ocean carbon uptake is to the

northeast of the Zapiola Anticyclone. Panel f of Movie S2 (included in supplemental

material of Swierczek et al. (2021)) shows the daily downward carbon flux of the ed-

dying 1/12� model. Eddy e↵ects are visible in the movie, but this region centered at

30�W, 42�W with the strongest mean carbon uptake (the darkest red area in Figure

2.12d, e, and f) does not feature many eddies.

We next compare downward air-sea fluxes averaged over the budget box by month

from our models and available products. The budget box region extends from 34�S to

55�S and 70�W to 15�W, with all areas shallower than 2000 m removed to eliminate

e↵ects from shelf areas. For products on di↵erent grids, we linearly interpolate their

solution fields laterally at each native depth layer onto our 1/12� grid to integrate

over the same volumes. These averages are weighted according to the varying cell



74

areas. The upper panel of Figure 2.13 shows downward surface heat flux estimates for

2017 averaged over the box. The three regional models share the same phase with the

compared products, although persistent biases create a large spread of mean values.

The estimates range from BSOSE, which has a very strong mean uptake of heat with

30.65 W/m2, to the 1/12� model, with �1.30 W/m2. ERA5 and SODA3 both show

strong uptake, although less than BSOSE. The mean heat flux from ECCO4 is close

to the 1/3� and 1/6� models. To give an idea of the magnitude of this range of values,

we perform a rough calculation of the global e↵ect on changing the heat flux of this

one region in a full earth system model. The 1/3� model mean downward heat flux

value of 3.95 W/m2, the 1/6� model mean downward heat flux value of 3.41 W/m2,

and the 1/12� model mean upward heat flux value of 1.30 W/m2 yield total heat

transports of 0.029 PW, 0.025 PW, and –0.010 PW, respectively, when averaged over

the 7.4 million km2 budget box. The di↵erence between the 1/3� and 1/12� model is

then 0.039 PW. Trenberth and Smith (2005) estimates the mass of the atmosphere

to be 5.15 ⇥ 1018 kg. Given a value of 1158 J/kg �C for the specific heat of air,

a change in resolution from 1/3� to 1/12� translates to a di↵erence in the global

atmospheric temperature of 0.2 �C over the course of a single year. This calculation

indicates that model resolution plays an important role when making predictions of

global temperature changes.

The lower panel of Figure 2.13 shows downward carbon flux over the budget

box. The mean 2017 values of the three regional models are approximately all around

26 g/m2/yr and agree within 2%. The cumulative rate of uptake in the budget box

for each model is 0.189 Pg C/year for the 1/3�, 0.188 for the 1/6�, and 0.191 for

the 1/12�. This represents approximately 7.5 % of the 2.5 Pg C/year global oceanic

carbon uptake estimated for each of the years 2009–2018 (Hauck et al., 2020). All

three models and compared products show mean oceanic uptake of carbon for each

month of 2017. The Landschützer estimate shows a di↵erent seasonal cycle in the

region but has a mean that is within 6% of our regional models. The JMA, CMEMS,
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Figure 2.13. Mean monthly downward surface fluxes of a) heat and b) carbon
compared to available products. The heat fluxes all share the same phase but small
persistent di↵erences lead to a wide range of annual mean values. The model carbon
fluxes appear to start close to BSOSE and transition towards the other estimates by
mid-year. Positive means oceanic uptake.

and Rödenbeck estimates all have a mean annual uptake that is as much as 35% higher

than the regional models. For both heat and carbon fluxes, BSOSE significantly

di↵ers from our solutions despite our regional models being nested inside of it. This

is because the adjoint method used to reduce model-observation misfit in BSOSE is

allowed to make corrections to the atmospheric wind forcing, as discussed in Section

1.8 and shown in Figures 1.13 and 1.14. Additionally, it appears that our models have

mean CO2 fluxes near the BSOSE values for a few months but transition by May

towards the spread of the independent estimates. Panels d–f of Movie S2 (included in

supplemental material of Swierczek et al. (2021)) show daily downward carbon fluxes

of our three models. For January and part of February, there is carbon outgassing

below the SAF, but at the end of the year this pattern does not return and carbon
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uptake dominates most of the domain for the last two months of 2017. A movie of

BSOSE’s carbon fluxes shows that this outgassing persists through April and returns

in December (not shown).

2.3.3 Vertical Transports

We analyze the vertical velocity (w), potential temperature (T ), and dissolved

inorganic carbon (DIC). Using similar methods to those described in Appendix B of

Gri�es et al. (2015), we decompose the vertical transport of potential temperature

wT into the time–mean wT and transient eddy w
0T0 terms and equivalently for DIC.

We remove the background time and space mean of the upper 1000 m temperature and

DIC (6.37 �C and 2150 µmol/kg respectively) of our budget box region to isolate the

vertical transports of anomalous temperature and DIC relative to this box mean. We

subtract this reference value because there are net volume transports that dominate

the temperature and DIC budgets, and we wish to minimize this e↵ect to determine

the relative importance of transient eddies versus mean transport. A low-pass filter is

constructed by calculating a running 90-day mean of our time series, and this time-

mean is subtracted to obtain a detrended high-frequency time series. We multiply

the high-frequency time series of vertical velocity and temperature and average to

get the transient eddy contribution. The seasonal trend low-frequency time series are

similarly multiplied together and time-averaged to yield a mean contribution to the

vertical transport.

First, we perform horizontal weighted averages of these quantities at each depth

level and plot the vertical profile of anomalous mean heat and carbon transports,

shown in Figure 2.14. In the 100–200 m layer, the total heat transport is upwards in

the 1/12� model but downwards in the 1/3� and 1/6� models. In the upper 1000 m,

the eddy heat transport contribution is positive for each model and becomes stronger

as the resolution becomes finer. Figure 2.14b also shows that mean contributions
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Figure 2.14. Vertical profiles of upward anomalous a) heat and b) carbon transports
in 2017. We see the eddy contribution (dotted lines) enhances upward heat transport
as resolution increases, but the increase of resolution enhances downward transport
of anomalous carbon.

to vertical transport of anomalous DIC are similar across the three resolutions, but

the di↵erence in eddy contributions a↵ects the total vertical transports. The eddies

resolved in the 1/12� model enhance downward transport of anomalous DIC below

150 m and weaken the upward transport from the surface to 150 m. The 1/6� model

also shows enhanced downward transport of anomalous carbon due to the eddy con-

tribution but not as much as in the 1/12� model. Although this demonstrates the

e↵ects of resolving eddies on carbon transport in the water column, we have already

seen that this does not lead to a significant e↵ect on surface carbon fluxes. This is

likely due the very large baseline DIC concentration in the entire ocean as compared

to the size of the anomalous transports.

To further investigate eddy influences we consider the simplified parameterization

relation hw0
✓
0i =  d✓/dz (Osborn & Cox, 1972). Here the vertical transient eddy

transport of potential temperature is related to the vertical gradient via an eddy

di↵usivity parameter . While a large distribution is found for  values, we find that
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each of the three models has, on average, positive values for  for both temperature

and carbon integrated vertical transports (not shown). This implies that the vertical

heat and carbon transport due to eddies is, on average, upgradient (i.e., anomalous

heat is fluxed upwards and anomalous DIC is fluxed downwards). While unexpected,

this can also be seen in Figure 2.14, which also shows that the mean transport is

downgradient. Thus while the mean and eddy roles are reversed from what one may

expect (Gent et al., 1995), the eddies are still acting to oppose the mean transport.

Because the peak e↵ects of transient eddy-induced vertical heat transport occurs

around 200 m, we extract spatial plots of the time averaged vertical heat transport

though the 190 m layer. Figure 2.15 shows these plots, with the first row representing

total vertical heat transport, the second row showing transport due to mean flow, and

the third row showing transport due to the transient eddy contribution. The columns

represent the resolution, 1/3�, 1/6�, and 1/12� from left to right respectively. We see

that the spatial patterns in the total vertical heat transport (the top row) are largely

forced by mean vertical transport (the middle row). There are some areas with mean

upward movement and others with mean downward movement. The transient eddy-

induced vertical heat transport (the bottom row) is where we see the clearest e↵ects

of increasing model resolution. As resolution increases across panels g), h), and i),

we observe a corresponding stronger upward heat transport mainly in the Brazil–

Malvinas Confluence region just o↵ the Patagonia Shelf.

Figure 2.16 shows the same plot for anomalous upward DIC transport at the

190 m layer. We again observe the total and mean upward transports in the first and

second rows look similar and have a balance of regions with upward and downward

transports. What is di↵erent from the picture for heat is in the eddy transport along

the bottom row. As resolution increases from 1/3� to 1/12� in panels g), h), and

i), the eddy contribution goes from negligible to notable, almost entirely downward,

and concentrated mostly at the Brazil-Malvinas Confluence and along the Argentine

Abyssal Plain. Thus the increased eddy activity in our 1/12� model causes anomalous
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Figure 2.15. Upward transport of anomalous heat [�C m/day] at 190 m depth in
2017. Columns represent resolution, 1/3�, 1/6�, and 1/12� from left to right. Rows
represent total, mean and eddy transport from top to bottom. The mean contribution
for each resolution (middle row) has regions with both upward and downward trans-
ports of heat, but the eddy terms (bottom row) contribute only upward transport to a
small extent in h) the 1/6� model and to a larger extent in i) the 1/12�, concentrated
in the confluence of the Brazil and Malvinas currents and along the steep topography
at the southern boundary of the Argentine Basin. This eddy contribution in the 1/12�

model heats the upper ocean layer enough to make the region a net emitter of heat
compared to the coarser resolutions (see Figure 2.13A).

DIC to move down the water column. However, our flux calculations in Section 2.3.2

show that this has a negligible e↵ect on surface CO2 flux.

Given the model biases detailed in Section 2.3.1, we conduct a simple calculation to

evaluate what our results might show with more realistic gradients of temperature and

DIC. We compute the model eddy di↵usivity parameter k for each of our resolutions

using the model gradients of temperature and DIC and the calculated w
0T0 and w

0DIC0
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Figure 2.16. Upward transport of anomalous DIC [µmol/kg m/day] at 190 m
depth in 2017. Columns represent resolution, 1/3�, 1/6�, and 1/12� from left to
right. Rows represent total, mean and eddy transport from top to bottom. The
mean contribution for each resolution (middle row) has regions with both upward
and downward transports of carbon, but the eddy terms (bottom row) contribute
only downward transport to a small extent in h) the 1/6� model and to a larger
extent in i) the 1/12�, concentrated in the confluence of the Brazil and Malvinas
currents and along the steep topography at the southern boundary of the Argentine
Basin. This enhanced downward transport of anomalous carbon is not significant
enough compared to high baseline DIC concentration to change surface uptake of
carbon.

transient eddy terms by solving hw0T0i = T dT/dz and hw0DIC0i = DIC dDIC/dz

for each resolution. The resulting ’s are full 3D fields. We collect the float profiles

for temperature and DIC and our model equivalent profiles in the budget box and

use these to estimate w
0T0 and w

0DIC0 for the floats. We take the mean and median

of the 197 DIC profile- and 2338 temperature profile-calculated transient eddy flux

estimates and plot them in Figures 2.17 and 2.18 respectively. We use both mean
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Figure 2.17. Mean upward eddy transports of a) temperature and b) DIC for the
three regional models and estimates based on Argo and BGC-Argo float gradients
using the eddy di↵usivities from each model.

Figure 2.18. Median upward eddy transports of a) temperature and b) DIC for the
three regional models and estimates based on Argo and BGC-Argo float gradients
using the eddy di↵usivities from each model.

and median because calculating k can be noisy for small gradients and produces a

result with large outliers. Both mean and median upward heat transport match well
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between our models and the float-derived estimates in the upper 100 m. From 100 m

to 400 m, the mean float-derived transports are stronger, which may explain why our

models have too little heat above this layer (see Figure 2.10a). The real ocean having

more heat in the surface layer of the budget box may mean we are overestimating

oceanic heat uptake, and the region may well be a net emitter of heat. Our model

downward eddy transports of DIC match well with the BGC-Argo float-derived eddy

transports from 100 m to 300 m, but are weaker elsewhere. Again, this aligns with

out models having too much carbon in the surface compared to the floats and may

indicate that the Argentine Basin is taking up more carbon than our models. This

point is in line with estimates of Landschützer, JMA, and CMEMS CO2 estimates

for 2010–2014 and 2017, which all show stronger carbon uptake in the region than

our models and any of the CMIP6 models as we detail in Section 2.4.

2.4 Comparison with CMIP6 Historical Runs

Where do our three regional models perform compared to current generation

climate models? The sixth phase of the Coupled Model Intercomparison Project

(CMIP6) contains 22 models that report surface carbon fluxes for their historical runs

and 35 that report surface heat fluxes. We take the first ensemble member ”r1i1p1f1”,

or an appropriate ensemble member when r1i1p1f1 was not available, and perform

analysis on the 2010–2014 averages over the budget box in our model domain (outlined

in black in panel A of Figure 2.1). The CMIP6 solution fields are interpolated onto our

finest model grid and we calculate mean annual downward surface fluxes of the CMIP6

models and compare them to 2013–4, 2013–8, and 2017 mean fluxes from BSOSE and

output from our regional models. Figure 2.19 shows the results of these calculations

of annual downward fluxes of a) heat and b) carbon (positive values indicate oceanic

uptake) with gray bands added to show estimates from reanalysis products for the

period 2010–2014. The heat flux band is the mean ERA5 downward surface heat flux
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Figure 2.19. Mean annual downward surface a) heat fluxes and b) carbon fluxes
over the Argentine Basin budget box. Positive flux means oceanic uptake. The
CMIP6 models that report carbon flux for 2010–2014 are shown in green, BSOSE
averaged over various time periods are shown in blue, and the three Argentine Basin
(AB) models from this study are shown in orange. The shaded bands denote mean
fluxes from reanalysis products plus and minus one standard deviation of monthly
integrated values. BSOSE shows the most oceanic heat uptake in the region over all
periods, while the AB models show the most carbon uptake. The 1/12� AB model
shows the region as a net emitter of heat in 2017. Missing bars indicate the flux was
not reported.

plus and minus one standard deviation of the monthly flux estimates. The carbon

flux band is given by the ensemble mean of Landschützer, JMA, and CMEMS plus

and minus the largest standard deviation of the three products’ monthly fluxes. The
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mean values of downward surface heat flux ranged from –18.9 to 23.1 W/m2 (Figure

2.19a). Using the same calculation from Section 2.3.2, this range of CMIP6 model

heat fluxes over the budget box region constitutes a di↵erence of 0.30 PW, and this

would lead to di↵erence in global atmospheric temperature of 1.6 �C in the course

of a single year. This indicates the level of uncertainty regarding heat flux over the

Argentine Basin and the importance of the region in the global climate.

Eight of the 35 CMIP6 models have the region as net emitter of heat, the rest

as a net heat sink. Our 1/3�, 1/6�, and 1/12� models are shown in orange and,

respectively, have fluxes of 4.0, 3.4, and –1.3 W/m2 which places them in the middle

of this range. For downward surface carbon flux, 21 of 22 CMIP6 models show the

region as a carbon sink. Our 1/3�, 1/6�, and 1/12� models have downward carbon

fluxes of 26,25, and 26 g/m2/yr. These estimates show more uptake than any of

the CMIP6 models, which range from –7 to 25 g/m2/yr. However, the data-driven

estimates of CMEMS, JMA, Landschützer, and Rödenbeck all show stronger uptake

than both the CMIP6 models and our regional models (27 to 34 g/m2/yr). Thus for

both heat and carbon, our surface flux estimates lie within the range of independent

model and observational estimates.

There are three pairs of featured CMIP6 models that di↵er only in resolution:

MPI-ESM1-2-LR/MPI–ESM1-2-HR, HadGEM3-GC31-LL/HadGEM3-GC31-MM, and

NorESM2-LM/NorESM2-MM (The NorESM2 models di↵er only in atmospheric res-

olution). In Figure 2.19, we color the text labels for these three pairs so they are easy

to find. In all three cases, the higher resolution models feature less heat uptake than

their lower resolution counterparts. For carbon, there is no obvious relationship with

resolution. The HadGEM3-GC31 models do not report carbon flux. The higher res-

olution NorESM2 model featured slightly less carbon uptake in the Argentine Basin

than its low resolution counterpart, while the higher resolution MPI-ESM1-2 model

produced significantly more carbon uptake than its low resolution counterpart.
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2.5 Conclusion

We constructed regional general circulation models with biogeochemistry in the

Argentine Basin at three zonal resolutions, 1/3�, 1/6�, and 1/12�. Model outputs were

validated against float and satellite observations, and compared to reanalysis prod-

ucts. The models show biases when compared with Argo and BGC-Argo floats, but

these biases do not di↵er significantly by resolution. The major biases are subsurface

temperature in the subtropics that are too warm and vertical carbon gradients that

are too weak. Mean surface fluxes broadly match patterns in available data products.

The highest resolution model, the 1/12�, shows enhanced upward heat transport

in the upper ocean due to transient eddies in the Brazil-Malvinas Confluence region

(see Figure 2.15) and over the Argentine Abyssal Plain. This positive contribution

to vertical heat transport causes a su�cient additional accumulation of heat in the

surface layer to change the budget box region from a net heat sink to a net heat source

(see Figure 2.13a). These enhanced upward heat fluxes due to mesoscale eddies are

discussed in Gri�es et al. (2015) and Morrison et al. (2013) on temporal and spatial

climate scales and we see similar e↵ects here in a regional model during a single year at

a specific hotspot (i.e., the Brazil-Malvinas Confluence). The three CMIP6 available

model pairs that di↵er only in resolution repeat our result of increased resolution

corresponding to less heat uptake.

For carbon, the e↵ect of increasing resolution is di↵erent. The resolution does

a↵ect the mean vertical and lateral transports, but the contribution from eddies is

relatively small compared to the high background concentrations of DIC and overall

the e↵ect on carbon fluxes at the surface is negligible (Figures 2.13b and 2.14b).

Unlike heat, strong surface carbon fluxes are not collocated with regions of eddy

activity (Figures 2.12 and 2.16). The vertical profiles of horizontally averaged DIC

are also similar as seen in Figure 2.10b.

Model biases urge us to be cautious about our results that eddies increase upward
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ocean heat transport and increase downward carbon transport. Nevertheless, compar-

ison to the float-derived property gradients implies that our vertical eddy transports

may be an underestimate of the eddy impacts and that our oceanic heat uptake may

still be too strong and our carbon uptake may still be too weak. Four di↵erent carbon

flux products (CMEMS, JMA, Landschützer, and Rödenbeck) suggest CMIP6 mod-

els may be underestimating ocean carbon uptake in the Argentine Basin. We find

eddies act to transport carbon upgradient into the ocean, and an inability of CMIP6

models to account for this dynamic may contribute to this bias. Similarly, only a

few of the CMIP6 models estimate this region as a heat emitter during the historical

period. The available reanalysis products have much stronger heat uptake than our

models, so the picture for surface heat fluxes is less clear. Again, it is possible that

the process of upgradient heat transport found in our models not being captured in

CMIP6 and reanalysis products may lead to discrepencies in estimates of surface heat

uptake. This extraordinary region is the site of turbulent dynamics and the mixing

of subtropical and subpolar waters, and we are left with more questions about the

Argentine Basin’s role in the global oceans regarding uptake of heat and carbon and

how these quantities will change in the future. Further investigation will be necessary

to reduce our uncertainties.

Data Availability Statement

All the data used in this analysis are available online. Float data were col-

lected and made freely available by the Southern Ocean Carbon and Climate Ob-
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it. (http://www.argo.ucsd.edu, http://argo.jcommops.org). The Argo Program

is part of the Global Ocean Observing System (http://doi.org/10.17882/42182).

http://www.argo.ucsd.edu
http://argo.jcommops.org
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The MDT CNES-CLS was produced by CLS and distributed by Aviso+, with sup-

port from Cnes (https://www.aviso.altimetry.fr/). The CMEMS CO2 estimate
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Code Availability
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Chapter 3

Investigating predictability of DIC and SST in

the Argentine Basin through wind stress

perturbation experiments

3.1 Introduction

As computing power has increased in recent decades, ocean model simulations

have increased in resolution from coarse (⇠ 1�) to eddy-permitting (⇠ 0.25�) to eddy-

resolving (⇠ 0.1�). However, ocean in situ observational coverage has not kept pace

spatially or temporally and high resolution models that utilize data assimilation su↵er

from decreased predictive skill (Jacobs et al., 2021). Absent assimilation, increasing

model resolution in ocean simulations can reduce some biases and introduce others

(Chassignet et al., 2020), and the e↵ects of increasing resolution on heat transport,

currents, sea level variability, and other quantities has been studied at the global cli-

mate level (e.g., Gri�es et al. (2015)) and also in subregions of interest during shorter

time scales (e.g., Guo et al. (2003), Ezer and Mellor (2000)). Predictability, in gen-

eral, can be investigated without hindcasting; the method of perturbing a model with

some impulse anomaly and quantifying the response relative to an unperturbed model

run has been used extensively in climate studies (Hasselmann et al., 1993; Good et

al., 2011; Hansen et al., 2011; Marshall et al., 2017). Predictability of ocean biogeo-

chemical variables has been probed using ensemble methods with 1� ocean models

(Frölicher et al., 2020; Krumhardt et al., 2020) and estimated through surface wind

stress sensitivity experiments (Ridder et al., 2013; Ridder & England, 2014). How-

ever, these studies are typically focused on interannual to decadal prediction using

coarser climate models and emphasize statistical skill as much as deterministic skill.
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Figure 3.1. Bathymetry of Argentine Basin and surrounding area with model do-
main outlined in white, and large and small wind stress anomaly areas outlined in
black. 1000 m contours are shown. The large wind stress anomaly area covers where
the Malvinas Current branches o↵ from the Antarctic Circumpolar Current (ACC)
(55� W, 55� S) and the Brazil-Malvinas Confluence (55� W, 38� S), both turbulent
areas, while the small perturbation is selected away from those areas.

Moore et al. (2009) and Verdy et al. (2014) both investigate the sensitivity of

the California Current to wind stress perturbations on shorter time scales, the former

determining that a tangent linear assumption for ⇠ 20 km resolution model of the re-

gion is valid for about 30 days. The wind stress perturbation experiment described in

Section 3 of Verdy et al. (2014) and the subsequent decomposition of model response

into linear and nonlinear terms provides a template for analyzing regional determin-

istic predictive capability and we apply this procedure to a model of the Argentine

Basin and surrounding area.

Our goal in this paper is to implement techniques from these prior studies and ap-

ply them to a general circulation model of the Argentine Basin with biogeochemistry

to investigate predictability of physical and biogeochemical variables at the surface
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via a series of wind stress anomaly perturbation experiments at both eddy-permitting

and eddy-resolving resolutions. We want to quantify the time scale of the linear re-

sponse of sea surface temperature (SST) and surface dissolved inorganic carbon (DIC)

at 1/3� and 1/12� horizontal resolutions to determine approximately how long a pe-

riod of time small errors introduced though the atmospheric state at each resolution

stay small. Further analysis probes the di↵erence in the response of these two models

to assess the prospect of forecast skill degradation with coarser resolution models.

3.2 Methods

We use a regional configuration of the MITgcm and N-BLING at two di↵erent

resolutions. We describe the physical and biogeochemical setup in Section 3.2.1, the

experiment design in Section 3.2.2, and the method of decomposing the perturbed

response into linear and nonlinear signals in Section 3.2.3.

3.2.1 Physical and Biogeochemical Model Configuration

We use two model configurations, one at 1/3� and another at 1/12� zonal res-

olution. Meridional spacing is chosen to maintain �x = �y. This corresponds to

cell widths of 32 km at the northern boundary and 19 km at the southern boundary

for the 1/3� model, and 8 km and 5 km for the 1/12� respectively. The 1/3� (1/12�)

model has 52 (104) vertical levels that vary in height from 4.2 m to 400 m (2.1 m

to 200 m), with 33 (66) levels in the upper 750 m. The domain extends from 70�W

to 8�W and from 60�S to 30�S and includes a one degree restoring layer along each

lateral boundary. We use a 30 minute time step in the 1/3� model and a 2 minute

time step in the 1/12�. All other model details and parameterizations follow the 1/3�

and 1/12� constructions described in Section 2.2.
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Open ocean boundary and initial conditions for the two models are provided by

BSOSE. We use monthly fields from iteration 122 of BSOSE for lateral forcing of

both physical and biogeochemical fields. ERA5 (Hersbach et al., 2020; Copernicus

Climate Change Service (C3S), 2017) atmospheric reanalysis provides hourly surface

forcing. The Coordinated Ocean-Ice Reference Experiments (CORE) Corrected Nor-

mal Year Forcing Version 2.0 datasets (available at https://data1.gfdl.noaa.gov/

nomads/forms/core/COREv2/CNYF v2.html) (Large & Yeager, 2009) give monthly

river runo↵ estimates. Again, our models do not feature sea ice, tides, or mesoscale

eddy parameterizations. N-BLING is configured identically to the previous chapter.

3.2.2 Description of Experiment

We conduct a series of experiments featuring surface wind stress anomalies ap-

plied over a small and large area of our model domain. The large area anomaly

covers a box from 60�W to 25�W and 57�S to 39�S. The small area anomaly covers a

box from 38�W to 36�W and 44�S to 42�S. These wind anomaly areas are plotted in

dotted lines in Figure 3.1 with the model domain outlined in white. The large area

anomaly is chosen to hit the ocean with a substantial impulse that covers all unstable

regions. The small area anomaly location is chosen to avoid the highly turbulent

Brazil-Malvinas Confluence and determine the sensitivity to a small perturbation in

a more stable region.

For each resolution, the models are initialized on December 1, 2016 and run

through the end of December for a spinup period and a pickup file is generated.

From this pickup file, we run the model five times. The first model run is a control

run where we keep the unaltered ERA5 atmospheric forcing. The second features a

strengthening of the surface zonal wind stress forcing by 0.1 N/m2 over the large area

beginning one hour into 2017 and lasting for one hour. The third model run features

https://data1.gfdl.noaa.gov/nomads/forms/core/COREv2/CNYF_v2.html
https://data1.gfdl.noaa.gov/nomads/forms/core/COREv2/CNYF_v2.html


92

a weakening of the surface zonal wind stress by 0.1 N/m2 over the large area having

the same starting time and duration. The fourth and fifth models have the same

strengthening and weakening of zonal wind stress as the second and third models but

occur over the small area instead. All models are run for four months and diagnostics

are recorded every six hours.

3.2.3 Method of Decomposition into Linear and Nonlinear Response

We analyze our model output using the technique described in Section 3 of

Verdy et al. (2014). We define h0 to be the SST or surface dissolved inorganic carbon

(DIC) of the control run, h+ to be the corresponding field during the positive wind

stress anomaly run, and h� to be the field from the negative wind stress anomaly

run. We calculate the di↵erences between the positive anomaly and the control,

�h1 = h+ � h0, and between the negative anomaly and the control, �h2 = h� � h0 for

each of SST and DIC. Decomposing the perturbed runs as Taylor expansions around

the control run, we can isolate the odd order terms by computing �H1 =
1

2
(�h1� �h2)

and the even terms with �H2 = 1

2
(�h1 + �h2). We can consider �H1 the linear

response as long as �H2 is approximately one order of magnitude smaller. �H2 can

be considered the nonlinear response in this case as the quadratic term is the first

nonlinear term of the Taylor expansion. We will use the terms linear and nonlinear

in describing the response even though this is approximately true only under this

condition. We analyze the results both by looking directly at �H1 and �H2 as in

Figures 3.4 and 3.3, and by taking the root mean square (RMS) magnitude of �H1

and �H2 averaged over the model domain minus the sponge layer as in Figure 3.7.

When the response is dominated by the linear term and decaying, we consider the

model to be ‘predictable’.
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Figure 3.2. Forecast skill of the 1/3� model with respect to the 1/12� model. The
1/3� model is able to explain some proportion of the variance in the 1/12� model for
8–9 days.

3.3 Results of Perturbation Experiments

Before we decompose the response into linear and nonlinear terms, we evaluate

the forecast skill of the 1/3� model. Here we consider the 1/12� model to be the

‘real ocean’ as it resolves more of the physical scales. Our definition of skill is in

terms of the proportion of variance explained and is calculated in the following way,

following Goddard et al. (2013). We define SST+ as SST (positive perturbation run)

– SST (control run). At each time step, we calculate the spatial variance (var) of the

1/12� SST+ field and of the di↵erence 1/12� SST+ – 1/3� SST+. The skill is then

1�var(1/12��1/3� SST+)/(var(1/12� SST+). Before we perform this calculation we

apply a 2� Gaussian filter to smooth the 1/12� model SST+ field because our primary

goal is to evaluate how well the 1/3� model can forecast the large scale structures of

the ‘real ocean’. Figure 3.2 shows the results of this calculation. The 1/3� model has

skill in predicting the ‘real ocean’ for at most 8–9 days. We keep this in mind when

interpreting the predictability results below.

Snapshots of 1, 10, 20, 30, and 40 day surface DIC responses to the large wind

anomaly are shown in Figure 3.3. The extent of the wind anomaly is clearly visible

in the one day snapshots. The 1/3� and 1/12� models one day linear responses show
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Figure 3.3. The linear and nonlinear surface DIC responses to the large area per-
turbation. Columns represent snapshots of 1, 10, 20, 30, and 40 day responses. The
rows show 1/3� model linear, 1/12� linear, 1/3� nonlinear, and 1/12� nonlinear re-
sponses respectively. The 1/3� model linear response again shows smooth features
that decay in magnitude after the wind stress perturbation. The 1/12� model linear
and nonlinear response both feature major instabilities triggered by the 20 day mark.
Note the color scales are slightly di↵erent in each row to show the patterns at each
resolution.

noticeable e↵ects over the whole perturbation area and also outside the area along

the South American coast north of the box, west of the Brazil Current. The linear

responses of the 1/3� model looks like a smoothed version of the 1/12� model linear

response at 1 day and at 10 days. By 30 and 40 days, however, the 1/3� model linear

response has mostly decayed away while the higher order odd terms of the 1/12�

have grown enough in the BMC and also at the southern boundary. The nonlinear

response for the 1/3� model decays away by 10 days enough to be barely visible at

the plot color scale save for a few spots. The 1/12� model nonlinear response is small

by ten days, mostly appearing in the BMC and at three eddies. Progressing from 20

to 40 days, the responses around the BMC and at the northeast of the domain are
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Figure 3.4. The linear and nonlinear surface DIC responses to the small area
perturbation. Columns represent snapshots of 1, 10, 20, 30, and 40 day responses.
The rows show 1/3� model linear, 1/12� linear, 1/3� nonlinear, and 1/12� nonlinear
responses respectively. The 1/3� model linear response shows smooth features that
decay in magnitude after the initial shock but remain local to the wind anomaly.
The 1/12� model linear and nonlinear responses both show sharper features after
several weeks that possibly indicate changes in front locations resulting from the
wind anomaly. Note the color scales are slightly di↵erent in each row to show the
patterns at each resolution.

the most notable.

We next discuss the small area perturbation experimental results. Figure 3.4

shows snapshots of �H1 and �H2 for surface DIC at 1, 10, 20, 30, and 40 days after

the wind anomaly for both resolutions. �H1 can be considered the linear response

up to approximately 45 days in the 1/3� model and 15 days in the 1/12�. The 1

day responses for both resolutions are largely confined to the location of the wind

anomaly. The linear response of the 1/3� model looks like a smoothed 1/12� linear

response for the 10 day snapshot and the 20 day to a lesser extent, but by 30 days

the higher order odd terms begin to dominate the linear term in the 1/12�. Thus
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Figure 3.5. The linear and nonlinear SST responses to the large area perturbation.
Columns represent snapshots of 1, 10, 20, 30, and 40 day responses. The rows show
1/3� model linear, 1/12� linear, 1/3� nonlinear, and 1/12� nonlinear responses respec-
tively. The 1/3� model linear response again shows smooth features that decay in
magnitude after the wind stress perturbation. The 1/12� model linear and nonlinear
response both feature major instabilities triggered by the 20 day mark. Notice the
responses here on day one have opposite signs of the responses of surface DIC in
Figure 3.3. The color scales are slightly di↵erent in each row to show the patterns at
each resolution.

the 30 and 40 day snapshots in the 1/12� are no longer ‘linear’ in the second row

of panels (this will be discussed in Figure 3.7). We see instabilities growing in the

Brazil-Malvinas Confluence (BMC) away from the anomaly location, and also three

anomalies along the center of the domain that are not resolved in the 1/3� model.

The linear and nonlinear responses in the 1/12� model appear in these eddies by the

tenth day.

The 1/3� model nonlinear response does not have areas of magnitude notable

enough at the chosen color scale after the first day, except for a few spots at 40 days.

The 1/12� model nonlinear response appears over the wind anomaly one day after,



97

Figure 3.6. The linear and nonlinear SST responses to the small area perturba-
tion. Columns represent snapshots of 1, 10, 20, 30, and 40 day responses. The rows
show 1/3� model linear, 1/12� linear, 1/3� nonlinear, and 1/12� nonlinear responses
respectively. The 1/3� model linear response shows smooth features that decay in
magnitude after the initial shock but remain local to the wind anomaly. The 1/12�

model linear and nonlinear responses both show sharper features after several weeks
that possibly indicate changes in front locations resulting from the wind anomaly.
Note the color scales are slightly di↵erent in each row to show the patterns at each
resolution.

but by 10 days is visible at the three eddies and near the BMC by 20 days. By 30 and

40 days, there are massive areas with sharp and complicated positive and negative

responses mostly centered around the BMC.

Figures 3.5 and 3.6 show the same snapshots for SST. The spatiotemporal evo-

lution of linear and nonlinear responses for SST are largely the same as for surface

DIC. The notable di↵erence is that the signs of the responses are generally flipped,

i.e., the wind stress anomaly initially causes positive linear and nonlinear responses

to surface DIC for both resolutions, but negative responses occur for SST.

We calculate the root mean square (RMS) magnitudes of �H1 and �H2 for SST
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Figure 3.7. The root mean square (RMS) magnitude of the a) SST and b) surface
DIC responses to the large and small wind anomalies plotted against time. The bold
colors show the large area responses and the pale colors show the small area responses.
The green colors represent the 1/3� models and the purple represent the 1/3� models.
The 1/3� models’ response decays for longer times than the 1/12� models for both
experiments. While the RMS is smaller for the small area wind anomaly response,
that RMS stops decaying and begins to increase sooner than the response of the large
area anomaly response.

and surface DIC for every six hours through the model runs. The calculation is

performed over the interior of the model domain inside of the sponge layer and the

results are shown in Figure 3.7. The solid lines show �H1 and the dotted lines show

�H2. When �H1 is an order of magnitude larger than �H2 for each corresponding

field and resolution, and is decreasing in magnitude, �H1 is interpretable as the linear

response. We look for how many days the responses are decaying to approximately

determine predictability. The RMS for the large anomaly model runs are larger than

the RMS for the small. More notably, the RMS stops decaying and begins increasing

sooner in the small anomaly model runs than in the large. The linear responses for
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Figure 3.8. The maximum absolute value of the a) SST and b) surface DIC re-
sponses to the large and small wind anomalies plotted against time. The bold colors
show the large area responses and the pale colors show the small area responses. The
solid lines show linear responses and the dotted lines show nonlinear responses. The
green colors represent the 1/3� models and the purple represent the 1/3� models.
The 1/3� models’ response decays for longer times than the 1/12� models for both
experiments.

SST and DIC decay for as long as 48 days in the 1/3� model and 17 days in the

1/12� model for the large wind anomaly model runs. This is reduced to 33 and 9

days, respectively, in the small anomaly model runs. This suggests that this domain

is naturally unstable in most regions and that errors will grow eventually no matter

where the model is perturbed, although we only have tried one area for a small

perturbation experiment.

Table 3.1 details the duration of the decay of the responses. It is worth noting

that the RMS linear response of the 1/12� model SST and DIC to the small pertur-
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Table 3.1. Duration of Decay of Surface RMS Response
large area anomaly small area anomaly

Response 1/3� 1/12� 1/3� 1/12�

Linear SST 48 Days 17 Days 33 Days 9 Days
Nonlinear SST 33 Days 11 Days 17 Days 7 Days
Linear DIC 48 Days 17 Days 33 Days 9 Days
Nonlinear DIC 45 Days 19 Days 8 Days 2 Days

bation stops decaying at 9 days but it does not begin to substantially increase until

approximately 30 days, and is still larger than the nonlinear response for at least 15

days.

Figure 3.8 shows a similar plot to panels a) and b) of Figure 3.7 but used the

maximum absolute magnitude of the linear and nonlinear responses for both variables.

The plots are noisier because this is a sensitive statistic, but the overall picture is the

same. The 1/3� model has minimum values for both the large and small perturbations

for both quantities in the 30–45 day range, and the 1/12� model has values in the

5–25 day range. For a concrete example of the size of these responses, the maximum

magnitude in the large perturbation experiment in the 1/12� model SST reaches

1� C at ⇠70 days and the DIC reaches 1 µmol/kg at ⇠36 days. The 1/3� model SST

maximum response does not reach 1� C in the first 105 days and the DIC only reaches

1 µmol/kg at ⇠100 days.

The experiment concludes on May 1, 2017. We calculate the di↵erence between

the control runs and the perturbation runs on the final time step for each perturbation

and each resolution. The results are shown in Figures 3.9 and 3.10 and corroborate

the results in Figures 3.4, 3.3, and 3.7. For both SST and surface DIC, the scale of

the di↵erences between the solutions is approximately one to two orders of magnitude

larger in the 1/12� model than in the 1/3�. The locations of the largest e↵ects are

di↵erent between resolutions. In the 1/3� model, the major di↵erences are at the

ACC-Malvinas split and the eastern extent of the Zapiola Anticyclone. In the 1/12�

model, the major di↵erences are at the BMC and over the Argentine Abyssal Plain
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Figure 3.9. First column shows final time step model states for the control runs,
second shows the di↵erence between the large positive perturbation run and control
at final time step, and third column shows the di↵erence between the large negative
perturbation run and the control at the final time step. The rows shows 1/3� model
SST, 1/12� model SST, 1/3� model surface DIC, and 1/12� model surface DIC re-
spectively. Note the di↵erent color scales between the di↵erence plots between the
resolutions - the 1/12� model di↵erences are ⇠ 50 times larger four months after the
perturbation.

where the highest eddy activity occurs.

3.4 Summary

In this study, we investigate the response of surface temperature and carbon to

wind stress perturbations for models of the Argentine Basin and surrounding areas
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Figure 3.10. First column shows final time step model states for the control runs,
second shows the di↵erence between the small positive perturbation run and control
at final time step, and third column shows the di↵erence between the small negative
perturbation run and the control at the final time step. The rows shows 1/3� model
SST, 1/12� model SST, 1/3� model surface DIC, and 1/12� model surface DIC re-
spectively. Note the di↵erent color scales between the di↵erence plots between the
resolutions - the 1/12� model di↵erences are ⇠ 400 times larger four months after the
perturbation.

at two resolutions. We decompose this response into linear and nonlinear terms, and

quantify the length of time that these responses decay. This provides a rough estimate

for the maximum forecast horizon in this particular area in two circumstances, de-

pending on what physical scales need to be resolved. Due to computational expense,

we only perform these experiments a single time. Future work may involve either

using an ensemble of experiments or probing di↵erent small areas around the domain
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with the wind stress anomaly in order to determine the sensitivity of these results

to the background state. Moore et al. (2009) found that in the California Current

system, the sensitivities were higher in the summer; we perturbed our models in the

austral summer but future experiments could be performed at di↵erent times during

the year to determine seasonal responses.

It is determined that at least for SST and surface DIC, small errors in the at-

mospheric state or initial conditions even over energetic subregions will remain small

for ⇠ 30 � 45 days in an eddy-permitting 1/3� model. In an eddy-resolving 1/12�

model, this is shortened to ⇠ 7�14 days. The spatial locations of the greatest nonlin-

ear responses indicate that the areas of increased eddy activity in the eddy-resolving

1/12� model will be the first to exhibit degraded forecast skill under surface wind

stress anomaly errors. The results suggest that the 1/3� model is able to forecast

for long periods where small errors in the surface forcings will be damped. However,

if we consider the 1/12� model as a stand-in for the real ocean, it is also important

for the 1/3� model to give a solution that looks like a smoothed version of the 1/12�

model solution. Figure 3.2 shows this is only true for about one week. We conclude

that the 1/3� model has long predictability, but lacks in deterministic skill at lead

times greater than approximately one week. Meanwhile, our results suggest an eddy

resolving model of this most energetic and turbulent ocean region has predictability

for lead times out to two weeks. We therefore hypothesize that two weeks is a lower

bound for duration of ocean surface property predictability at the mesoscale.

Data Availability Statement

All of the data used in this analysis is available online. The source of the Cape

Grim atmospheric CO2 is CSIRO Oceans & Atmosphere and the Australian Bureau

of Meteorology (Cape Grim Baseline Air Pollution Station). CSIRO and the Aus-

tralian Bureau of Meteorology give no warranty regarding the accuracy, completeness,



104

currency, or suitability for any particular purpose and accept no liability in respect of

data. The Biogeochemical Southern Ocean State Estimate fields used for initialization

and forcing are from http://sose.ucsd.edu/BSOSE6 iter122 solution.html. The

ERA5 reanalysis is available at https://www.ecmwf.int/en/forecasts/datasets/

reanalysis-datasets/era5.

Code Availability

The codes to run the regional models in the paper are publicly available in the

repository https://doi.org/10.5281/zenodo.4768761. The MITgcm is available

at https://github.com/MITgcm/MITgcm.

http://sose.ucsd.edu/BSOSE6_iter122_solution.html
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://doi.org/10.5281/zenodo.4768761
https://github.com/MITgcm/MITgcm
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Boussinesq, J. (1897). Théorie de l’écoulement tourbillonnant et tumultueux des
liquides dans les lits rectilignes a grande section.

Brio, M., Zakharian, A., & Webb, G. M. (2010). Numerical time-
dependent partial di↵erential equations for scientists and engineers. Else-
vier. Retrieved from https://www.sciencedirect.com/science/article/
pii/S0076539210213073 doi: 10.1016/S0076-5392(10)21307-3

Broyden, C. (1970). The Convergence of a Class of Double-rank Minimization Al-
gorithms 1. General Considerations. IMA Journal of Applied Mathematics ,
6 (1), 76–90. Retrieved from https://doi.org/10.1093/imamat/6.1.76 doi:
10.1093/imamat/6.1.76

Bryan, K. (1969). A numerical method for the study of the circulation of the world

https://www.sciencedirect.com/science/article/pii/B9780124608177500094
https://www.sciencedirect.com/science/article/pii/B9780124608177500094
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1002/2016JC011889
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1002/2016JC011889
https://essd.copernicus.org/articles/6/69/2014/
https://essd.copernicus.org/articles/6/69/2014/
https://royalsocietypublishing.org/doi/abs/10.1098/rstl.1763.0053
https://royalsocietypublishing.org/doi/abs/10.1098/rstl.1763.0053
https://doi.org/10.1038/ngeo1837
https://doi.org/10.1038/ngeo1837
https://www.sciencedirect.com/science/article/pii/S0076539210213073
https://www.sciencedirect.com/science/article/pii/S0076539210213073
https://doi.org/10.1093/imamat/6.1.76


107

ocean. Journal of Computational Physics , 4 , 347–376.
Bryan, K., & Cox, M. D. (1968). A nonlinear model of an ocean driven by wind

and di↵erential heating: Parts i and ii. Journal of Atmospheric Sciences , 25 ,
945–978.

Campin, J.-M., Heimbach, P., Losch, M., Forget, G., edhill3, Adcroft, A., . . . raphael
dussin (2021, June). MITgcm/MITgcm: checkpoint67z [Computer software
manual]. Zenodo. Retrieved from https://doi.org/10.5281/zenodo.4968496
doi: 10.5281/zenodo.4968496

Carton, J. A., Chepurin, G. A., & Chen, L. (2018). SODA3: a new ocean climate
reanalysis. Journal of Climate, 31 , 6967–6983. Retrieved from https://doi
.org/10.1175/JCLI-D-18-0149.1 doi: 10.1175/JCLI-D-18-0149.1

Carton, J. A., Penny, S. G., & Kalnay, E. (2019, 04). Temperature and salinity
variability in the SODA3, ECCO4r3, and ORAS5 ocean reanalyses, 1993–2015.
Journal of Climate, 32 (8), 2277–2293. Retrieved from https://doi.org/10
.1175/JCLI-D-18-0605.1 doi: 10.1175/JCLI-D-18-0605.1

Chang, Y.-S., Zhang, S., Rosati, A., Delworth, T. L., & Stern, W. F. (2013). An as-
sessment of oceanic variability for 1960–2010 from the GFDL ensemble coupled
data assimilation. Climate Dynamics , 40 (3), 775–803. Retrieved from https://
doi.org/10.1007/s00382-012-1412-2 doi: 10.1007/s00382-012-1412-2

Chassignet, E. P., Yeager, S. G., Fox-Kemper, B., Bozec, A., Castruccio, F., Danaba-
soglu, G., . . . Xu, X. (2020). Impact of horizontal resolution on global ocean–sea
ice model simulations based on the experimental protocols of the ocean model
intercomparison project phase 2 (omip-2). Geoscientific Model Development ,
13 (9), 4595–4637. Retrieved from https://gmd.copernicus.org/articles/
13/4595/2020/ doi: 10.5194/gmd-13-4595-2020

Ciais, P., Sabine, C., Bala, G., Bopp, L., Brovkin, V., Canadell, J., . . . Thornton, P.
(2013). Carbon and other biogeochemical cycles [Book Section]. In T. Stocker
et al. (Eds.), Climate change 2013: The physical science basis. contribution of
working group i to the fifth assessment report of the intergovernmental panel on
climate change (pp. 465–570). Cambridge, United Kingdom and New York, NY,
USA: Cambridge University Press. Retrieved from www.climatechange2013
.org doi: 10.1017/CBO9781107415324.015

Combes, V., & Matano, R. P. (2014). Trends in the Brazil/Malvinas
Confluence region. Geophysical Research Letters , 41 (24), 8971–8977.
Retrieved from https://agupubs.onlinelibrary.wiley.com/doi/abs/10
.1002/2014GL062523 doi: 10.1002/2014GL062523

Copernicus Climate Change Service (C3S). (2017). ERA5: Fifth generation of
ECMWF atmospheric reanalyses of the global climate. (Copernicus Climate
Change Service Climate Data Store (CDS), 2020–04–19 https://cds.climate
.copernicus.eu/cdsapp#!/home)

Courant, R., Friedrichs, K., & Lewy, H. (1928, Dec 01). Über die partiellen
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