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Ocean Turbulence Parametrizations



Outline (with an ocean turbulence focus)

§ The sub-grid parametrization problem

§ The traditional approach & its caveats

§ Our (& others) complementary approach: focus on sub-grid turbulence 

forcing, rather than one process due to the lack of scale separation

     1) coarse-graining from models + new mathematically- and physically-

constrained relationships 

2) imperfect “observations” & machine learning (Neural Networks) 

Some results with implementations, caveats & ways forward 
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Aim: Turbulence Closure in Numerical Simulations

American coast at Cape Hatteras and then reconnects with
the continental slope over the Southeast Newfoundland
Rise (the ridge that extends southeastwards from the tail of
the Grand Banks of Newfoundland near 50°W). The main
part of the flow then follows the continental slope
northwards to form the North Atlantic Current. The surface
signature of the anticyclonic Mann Eddy (Mann 1967) can
be seen in the Newfoundland Basin, just to the north of the
Southeast Newfoundland Rise (see Clarke et al. 1980 for a
description of the flow in this area). The New England
Seamounts are also evident, extending southeastwards and
crossing the path of the Gulf Stream between 65 and 60°W.
It should be noted that the northern recirculation gyre sits in
the region between the Gulf Stream path and the continental
slope to the north, extending roughly from the Grand Banks
of Newfoundland to the New England Seamounts (e.g. Hogg
and Stommel 1985; Hogg et al. 1986 and Qiu 1994). In the
case of the Kuroshio (lower panel), the separated jet is
dominated by the large meanders immediately to the east of
Japan and there is a notable tendency for the flow to diverge
as it approaches the Shatsky Rise (located between 155 and
160°E) as described, for example, in Qiu et al. (2008).

Next, we note that the horizontal momentum equations
appropriate to the ocean are given by
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where, the advection term is written using the horizontal
gradient operator, p is pressure, u is the horizonal velocity
(u and v are its zonal and meridional components,
respectively), and (Fx, Fy) is the frictional force, including
the wind forcing. (Note that the vertical advection of
momentum, which is not of interest here, has been neglected.
It should be noted that this term is small compared to the
horizontal advection terms when the flow is close to being in
geostrophic balance.) Taking a long time average gives
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Figure 2 shows plan views of the 13-year average of the
Reynolds stress co-variance u′v′ for the regions of both
the Gulf Stream and Kuroshio extensions together with the
mean sea surface height contours to indicate the mean flow
by geostrophy. For comparison, Fig. 3 reproduces Plate 8
from Ducet and Le Traon (2001). It should be noted that we
have used 13 years of data compared to the 5 years
available to Ducet and Le Traon (2001). Interestingly, the
principal features in the Reynolds stress covariance are
clearly the same in both figures, even if there are some
differences in detail. In the case of the Kuroshio, the
alternating positive and negative bands between Japan and

Fig. 1 The bottom topography
(colour shading with units of
metres) and the mean sea
surface height (contour interval
0.1 m; from Niiler et al. 2003) in
the regions of both the Gulf
Stream (upper panel) and
Kuroshio (lower panel)
extensions
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§ Governing Equations, e.g. zonal/x-direction:

§ Reynolds-Averaged Equation of motions:

( )’ = fast/small-scale (eddy) fluctuations  

< grid-box size

(−) = slow/large-scale fluctuations 

> grid-box size
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❵

§ Turbulence Closure Problem: how to mimic the eddy/Reynolds stress 

which represent the effects of small/fast fluctuations on large-scale  



Traditional Approach to Parametrization 

§ One process: baroclinic mesoscale eddies (Gent-McWilliams, 

1990, Gent et al 1995)
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๏ Csoft+Ccarb+Cbio, the biological components, “short circuit” the overturning and result in high 
concentrations at depth.

Nutrient trapping

Accumulation in poorly 
ventilated water

Nutrient trapping

Enhanced nutrient 
trapping at depth

Accumulation in poorly 
ventilated water

Gent et al, 1995

➡ Large improvements to large-scale circulation, 

especially Southern Ocean & density distribution, 

stratification, eliminated spurious convection

§ One effect associated with the process: baroclinic instability 

with conversion of APE into KE & flattening of isopycnal

§ One functional form: depends on the gradient of buoyancy

§ One parameter = positive definite & spatially-

dependent
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§ Imperfect parametrizations b/c: 

Caveats: Missing processes & Unknown Parameters

§ Missing effects (e.g., sensitivity/response to 

forcing)

§ Unknown parameters which are often not 

observable (or physical)  

§ Missing Interaction with other processes & 

different scales 



§ Constraining parameters: using observations or 

model output with data-assimilations; caveat: assumes 

a perfect parametrization & enough information

Improving on Current sub-grid parametrizations

§ Additional parametrizations: to include more effects 

or to fix problems introduced by other sub-grid scales - 

e.g., energy backscatter (Jansen et al 2015)

Again, the GEN case gm = ⇠ and POS case gm = ⇠2 are considered. The vertically discrete cost function for the
buoyancy mixing case is given by
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The regularisation again penalises gradients in gm, but without increasing the order for the resulting optimisation
problem for the POS case. The procedure for implementation, solving the variational problem, simulation details,
manner of decreasing ✏ and output of solution based on the roughness criteria (with target roughness of 7500 as for
the PV di↵usion case) are as detailed in the previous subsection, where the roughness is now defined to be
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The resulting interfacial GM coe�cients are shown in Figure 8, and the local mis-matches are shown in Figure 9.
The same diagnostic quantities from equation (28) to (32) are employed to assess the resulting di↵usivity, and these
are summarised in Figure 10.
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Figure 8: The di↵usivity gm (with units of m2 s�1) on the interfaces associated with buoyancy mixing. (a) the GEN case gm = ⇠ for both
interfaces; (b) the POS case with gm = ⇠2 for upper interface only, as the lower interface is the zero solution. The colour scale is fixed and
saturated.

Consider first the GEN case, shown in Figure 8(a). In the upper interface gm is positive in the north-west and
south-west corners. A large region of positive gm exists in the southern gyre. There is a significant pattern of
negative gm, particularly to the north of the mean jet and in the downstream mean jet. In the lower interface, gm
is predominantly negative around the down-stream mean jet. This negative coe�cient is consistent with previously
reported signals of baroclinic stability here, described in Berlo↵ (2005a) and Maddison et al. (2015). Away from the
jet there is a positive gm region towards the north-east, but negative gm in the southern gyre. The unweighted and
the eddy energy weighted means are negative, especially in the lower interface. The positivity index is low, below
50%, and the correlation between gm and the eddy energy is low and negative, indicating the prevalence of a negative
signal and a weak correlation with eddy energy. The L2 relative errors however are reasonable, at less than 10% for
both interfaces. An observation to be made here is that, unlike the PV di↵usion case, here the upper layer has the
lowest mis-match. That is, the use of a global mis-match cost function here has led to a preferential decrease in the
upper layer mis-match, at the expense of the lower two layers.

Now considering the POS case, the lower layer di↵usivity is zero (not shown). This was found to be robust even
after, in the algorithm of Figure 4, choosing multiple initial values of ✏ and multiple initial guesses for the ⇠ field.
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The resulting interfacial GM coe�cients are shown in Figure 8, and the local mis-matches are shown in Figure 9.
The same diagnostic quantities from equation (28) to (32) are employed to assess the resulting di↵usivity, and these
are summarised in Figure 10.
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Figure 8: The di↵usivity gm (with units of m2 s�1) on the interfaces associated with buoyancy mixing. (a) the GEN case gm = ⇠ for both
interfaces; (b) the POS case with gm = ⇠2 for upper interface only, as the lower interface is the zero solution. The colour scale is fixed and
saturated.

Consider first the GEN case, shown in Figure 8(a). In the upper interface gm is positive in the north-west and
south-west corners. A large region of positive gm exists in the southern gyre. There is a significant pattern of
negative gm, particularly to the north of the mean jet and in the downstream mean jet. In the lower interface, gm
is predominantly negative around the down-stream mean jet. This negative coe�cient is consistent with previously
reported signals of baroclinic stability here, described in Berlo↵ (2005a) and Maddison et al. (2015). Away from the
jet there is a positive gm region towards the north-east, but negative gm in the southern gyre. The unweighted and
the eddy energy weighted means are negative, especially in the lower interface. The positivity index is low, below
50%, and the correlation between gm and the eddy energy is low and negative, indicating the prevalence of a negative
signal and a weak correlation with eddy energy. The L2 relative errors however are reasonable, at less than 10% for
both interfaces. An observation to be made here is that, unlike the PV di↵usion case, here the upper layer has the
lowest mis-match. That is, the use of a global mis-match cost function here has led to a preferential decrease in the
upper layer mis-match, at the expense of the lower two layers.

Now considering the POS case, the lower layer di↵usivity is zero (not shown). This was found to be robust even
after, in the algorithm of Figure 4, choosing multiple initial values of ✏ and multiple initial guesses for the ⇠ field.
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(Madisson et al 2016)



§ Constraining parameters: using observations or 

model output with data-assimilations; caveat: assumes 

a perfect parametrization & enough information

Improving on Current sub-grid parametrizations

§ Additional parametrizations: to include more effects 

or to fix problems introduced by other sub-grid scales - 

e.g., energy backscatter (Jansen et al 2015)
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The regularisation again penalises gradients in gm, but without increasing the order for the resulting optimisation
problem for the POS case. The procedure for implementation, solving the variational problem, simulation details,
manner of decreasing ✏ and output of solution based on the roughness criteria (with target roughness of 7500 as for
the PV di↵usion case) are as detailed in the previous subsection, where the roughness is now defined to be
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The resulting interfacial GM coe�cients are shown in Figure 8, and the local mis-matches are shown in Figure 9.
The same diagnostic quantities from equation (28) to (32) are employed to assess the resulting di↵usivity, and these
are summarised in Figure 10.

Interface 1(a)

G
E

N

Interface 2 Interface 1(b)

P
O

S

 

 

−10000 0 10000

Figure 8: The di↵usivity gm (with units of m2 s�1) on the interfaces associated with buoyancy mixing. (a) the GEN case gm = ⇠ for both
interfaces; (b) the POS case with gm = ⇠2 for upper interface only, as the lower interface is the zero solution. The colour scale is fixed and
saturated.

Consider first the GEN case, shown in Figure 8(a). In the upper interface gm is positive in the north-west and
south-west corners. A large region of positive gm exists in the southern gyre. There is a significant pattern of
negative gm, particularly to the north of the mean jet and in the downstream mean jet. In the lower interface, gm
is predominantly negative around the down-stream mean jet. This negative coe�cient is consistent with previously
reported signals of baroclinic stability here, described in Berlo↵ (2005a) and Maddison et al. (2015). Away from the
jet there is a positive gm region towards the north-east, but negative gm in the southern gyre. The unweighted and
the eddy energy weighted means are negative, especially in the lower interface. The positivity index is low, below
50%, and the correlation between gm and the eddy energy is low and negative, indicating the prevalence of a negative
signal and a weak correlation with eddy energy. The L2 relative errors however are reasonable, at less than 10% for
both interfaces. An observation to be made here is that, unlike the PV di↵usion case, here the upper layer has the
lowest mis-match. That is, the use of a global mis-match cost function here has led to a preferential decrease in the
upper layer mis-match, at the expense of the lower two layers.

Now considering the POS case, the lower layer di↵usivity is zero (not shown). This was found to be robust even
after, in the algorithm of Figure 4, choosing multiple initial values of ✏ and multiple initial guesses for the ⇠ field.
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The regularisation again penalises gradients in gm, but without increasing the order for the resulting optimisation
problem for the POS case. The procedure for implementation, solving the variational problem, simulation details,
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The resulting interfacial GM coe�cients are shown in Figure 8, and the local mis-matches are shown in Figure 9.
The same diagnostic quantities from equation (28) to (32) are employed to assess the resulting di↵usivity, and these
are summarised in Figure 10.
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interfaces; (b) the POS case with gm = ⇠2 for upper interface only, as the lower interface is the zero solution. The colour scale is fixed and
saturated.

Consider first the GEN case, shown in Figure 8(a). In the upper interface gm is positive in the north-west and
south-west corners. A large region of positive gm exists in the southern gyre. There is a significant pattern of
negative gm, particularly to the north of the mean jet and in the downstream mean jet. In the lower interface, gm
is predominantly negative around the down-stream mean jet. This negative coe�cient is consistent with previously
reported signals of baroclinic stability here, described in Berlo↵ (2005a) and Maddison et al. (2015). Away from the
jet there is a positive gm region towards the north-east, but negative gm in the southern gyre. The unweighted and
the eddy energy weighted means are negative, especially in the lower interface. The positivity index is low, below
50%, and the correlation between gm and the eddy energy is low and negative, indicating the prevalence of a negative
signal and a weak correlation with eddy energy. The L2 relative errors however are reasonable, at less than 10% for
both interfaces. An observation to be made here is that, unlike the PV di↵usion case, here the upper layer has the
lowest mis-match. That is, the use of a global mis-match cost function here has led to a preferential decrease in the
upper layer mis-match, at the expense of the lower two layers.

Now considering the POS case, the lower layer di↵usivity is zero (not shown). This was found to be robust even
after, in the algorithm of Figure 4, choosing multiple initial values of ✏ and multiple initial guesses for the ⇠ field.
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§ Focus on the total sub-grid tendencies: 

Extract/diagnose the entire sub-grid 

tendency & its statistics from models or 

observations             deduce something 

about the missing physics & its effect 

(Madisson et al 2016)



Using high-resolution simulations & Coarse-Graining

§ Coarse-graining + find relationship between terms - deterministic or 

stochastic  - which relate to the resolved physics 

§ Key aspects missing: quasi-2D turbulence, jet sharpening, enhanced shear

• Diagnostics in an idealized baroclinic 3 layers potential vorticity (PV) model  



Using high-resolution simulations & Coarse-Graining

§ Coarse-graining + find relationship between terms - deterministic or 

stochastic  - which relate to the resolved physics 

§ Key aspects missing: quasi-2D turbulence, jet sharpening, enhanced shear
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where Wn;i are the equal and constant weights (except near the
boundaries) assigned to the different fine-grid cells such that
Wn;i ¼ 1=I, where I ¼ 16 is the number of fine-grid cells within a
coarse-grid cell of 30 km. Note that the coarse-graining, hence the
overbar, applies only to horizontal variables and operators. No
coarse-graining is applied to the temporal and vertical variables
(hence no overbar is used for vertical and temporal derivatives).

Using Eq. (5), the coarse-graining of Eq. (4) leads to
@!qn
@t ¼ "r # ðunqnÞ þ mr4wn þ Fn. Assuming that the viscosity in the
high-resolution and low-resolution models will differ, we introduce
a low-resolution dissipation coefficient ~m. By adding the coarse-res-
olution advective and dissipation terms,r # ðun!qnÞ þ ~mr4wn, to both
sides of the equation we obtain an equation for the coarse-grained
output given by

@!qn

@t
þr # ðun!qnÞ ¼ r # ðun!qnÞ "r # ðunqnÞ þ mr4wn " ~mr4wn

h i

þ ~mr4wn þ Fn; ð6Þ

where r, is the gradient operator acting on the low-resolution
fields.

For convenience, let us drop the subscript n and rewrite

@!q
@t
þr # ð!u!qÞ ¼ S' þ ~mr4wþ F; ð7Þ

where the eddy source term S' is given by

S' ¼ r # ð!u!qÞ "r # ðuqÞ þ mr4w" ~mr4w: ð8Þ

The coarse-graining procedure gives rise to an additional ‘source’
(or forcing) term in the QG equation – the divergence of a Reynolds

stress. The eddy source term S' is composed of the coarse-grained
high-resolution advection r # ðuqÞ; the coarse-resolution advection
r # ð!u!qÞ; the coarse-grained high-resolution viscosity mr4w, and the
coarse-resolution viscosity ~mr4w. The eddy source term reflects
mainly the difference between the high-resolution advection and
the coarse-resolution advection and therefore represents the tran-
sient mesoscale eddies and their interaction with the large-scale
flow (Berloff, 2005b,a; Duan and Nadiga, 2007). Further details on
the coarse-graining methodology are given in Appendix A, including
the treatment of boundary conditions and the non-commutativity
of the Laplacian operator which introduces a correction to the eddy
source term.2

By coarse-graining the high-resolution model output, we can
compare some of the general properties of the high-resolution,
coarse-grained and coarse-resolution data. The steady state
coarse-grained streamfunction field w, is shown in Fig. 2(b). The
steady state coarse-grained output presents the same large-scale
features as the high-resolution output, such as the eastward-flow-
ing jet but with features at scales smaller than 30 km being
smoothed out. However, the high-resolution and coarse-grained
output have markedly different kinetic energy power spectra as
a function of total wavenumber (Fig. 3(a)). The power spectrum
of the coarse-grained output increasingly diverges from the
high-resolution output as the wavenumber increases. In the
ð200 kmÞ"1 to ð60 kmÞ"1 range, the high-resolution kinetic energy
power spectra obeys a power-law of k"2:6 while the spectra of the

Fig. 1. Statistically steady state streamfunction w for the model runs at horizontal resolutions of (a) 7.5 km (eddy resolving model) and (b) 30 km (eddy permitting model).
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Fig. 2. (a) Schematic of the coarse-graining (spatial Reynolds averaging) procedure. (b) Statistically steady state streamfunction for the high-resolution model output coarse-
grained to 30 km highlighting dynamically different regions for analysis purposes.

2 The correction term arising from the discretization of the potential vorticity is
@tðr2w"r2wÞ.
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•  Eddy Forcing:

• Diagnostics in an idealized baroclinic 3 layers potential vorticity (PV) model  



Using high-resolution simulations & Educated Guess
• Eddy Forcing = a visco-elastic stress x parameter depending on resolution  

• depends on the local rate of shear (with some memory) & the deformation 

of the parcel 

• Conserves PV & momentum

• Holds under a very wide range of Reynolds 
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Zanna, Mana, Anstey, David, Bolton  2017

• Reduced amplitude of 

parameter for numerical 

stability
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Using high-resolution simulations & Educated Guess

Conditional PDFs of eddy 
forcing on visco-elastic stress

• Turbulence forcing is not fully deterministic  

• Moments depends resolution, surface forcing, 

stratification
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Using high-resolution models: Caveats & Ways Forward

§ Difficulties transplanting ideas from idealised 

models into complex ocean/climate models
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§ Assumes the high-res model is the “truth”

 with Scott Bachman (NCAR) in MITgcm

MOM6: HR- parametrised run

ongoing implementation: 



Using high-resolution models: Caveats & Ways Forward

§ Need for some good (human) guesses based on physics for the 

relationships between sub-grid closure & large scale - but could  be done 

more efficiently via an optimization? 

§ Difficulties transplanting ideas from idealised 

models into complex ocean/climate models
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Using high-resolution models: Caveats & Ways Forward

§ Disconnect between diagnostic & implementation:  numerical instabilities, 

unbounded solutions -  impose constraints for numerical stability (e.g., 2nd-

order deterministic or stochastic closures)? 

§ Need for some good (human) guesses based on physics for the 

relationships between sub-grid closure & large scale - but could  be done 

more efficiently via an optimization? 

§ Difficulties transplanting ideas from idealised 

models into complex ocean/climate models
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Using observations - Learning the Unseen but felt

§ Similar idea using imperfect/smoothed//filtered observations  

§ Tool: same model data, Gaussian filtered 

§ Goal: Prediction of sub-grid momentum forcing when Neural Network is 

trained on smooth streamfunction (equivalent to SSH from satellite data)



Using observations - Learning the Unseen but felt
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.
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Figure 5. The same diagnostics as Figure 4, but for the meridional component of the sub-

filter momentum forcing S

y

, and the corresponding neural network predictions
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§ Similar idea using imperfect/smoothed//filtered observations  

§ Tool: same model data, Gaussian filtered 

§ Goal: Prediction of sub-grid momentum forcing when Neural Network is 

trained on smooth streamfunction (equivalent to SSH from satellite data) 
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.

412

413

414

415

416

417

–11–

Confidential manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Figure 5. The same diagnostics as Figure 4, but for the meridional component of the sub-

filter momentum forcing S

y

, and the corresponding neural network predictions

˜

S

y

.

434

435

–15–

Confidential manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Figure 5. The same diagnostics as Figure 4, but for the meridional component of the sub-

filter momentum forcing S

y

, and the corresponding neural network predictions

˜

S

y

.

434

435

–15–

C
o
n
fi
d
e
n
t
i
a
l
m
a
n
u
s
c
r
i
p
t
s
u
b
m
i
t
t
e
d
t
o
J
o
u
r
n
a
l
o
f
A
d
v
a
n
c
e
s
i
n
M
o
d
e
l
i
n
g
E
a
r
t
h
S
y
s
t
e
m
s
(
J
A
M
E
S
)

F
ig
u
re

5
.

T
h
e
s
a
m
e
d
i
a
g
n
o
s
t
i
c
s
a
s
F
i
g
u
r
e
4
,
b
u
t
f
o
r
t
h
e
m
e
r
i
d
i
o
n
a
l
c
o
m
p
o
n
e
n
t
o
f
t
h
e
s
u
b
-

fi
l
t
e
r
m
o
m
e
n
t
u
m

f
o
r
c
i
n
g
S

y

,
a
n
d
t
h
e
c
o
r
r
e
s
p
o
n
d
i
n
g
n
e
u
r
a
l
n
e
t
w
o
r
k
p
r
e
d
i
c
t
i
o
n
s

˜

S

y

.

434

435

–
1
5
–

§ Similar idea using imperfect/smoothed//filtered observations  

§ Tool: same model data, Gaussian filtered 

§ Goal: Prediction of sub-grid momentum forcing when Neural Network is 

trained on smooth streamfunction (equivalent to SSH from satellite data) 

§ Next step: use the NN as a way to design & implement a parametrization
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Figure 2. A schematic of the convolutional neural network (CNN) architecture. The CNN

comprises three convolution layers, a max pooling layer, and a fully connected output layer. Full

details on the architecture, and the training procedure, can be found in Table 1.
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.
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Bolton & Zanna, In Prep

§ 9 yrs for training  

§ 1 yrs for prediction
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.
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Figure 5. The same diagnostics as Figure 4, but for the meridional component of the sub-

filter momentum forcing S
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, and the corresponding neural network predictions
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.
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Using observations  - Caveats 

§ Quality/relevance of the training + length  

§ No physics - except for the physics implicit into the input function 

§ Numerical instabilities generated when implemented into a prognostic 

model (in progress)
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Figure 7. Comparing spatial-averages of the neural network predictions with the truth. Pan-

els (a) and (b) compare the spatial-averages of the zonal and meridional components respectively;

the spatial-averages of S and

˜S indicate how the sub-filter momentum forcing impacts the global

momentum budget, i.e. the contributions to the spatially-averaged filtered-momentum tendency

Du/Dt. All diagnostics are calculated from the validation data.
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Using Observations  - Next Steps 

§ Minimisation: better targets 
or constraints (based on the 

application)
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Figure 9. Comparing spatial-averages of the neural network predictions with the truth.

Panels (a) and (b) compare the spatial-averages of the zonal and meridional components respec-

tively. The same as Figure 7, but comparing the neural networks of the momentum-conserving

approaches A, B, and C.
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§ Learning from the Networks’ Architecture 
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Figure 2. A schematic of the convolutional neural network (CNN) architecture. The CNN

comprises three convolution layers, a max pooling layer, and a fully connected output layer. Full

details on the architecture, and the training procedure, can be found in Table 1.
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filter forcing, at a single point in the domain (x=1920km, y=2400km). Panel (a) shows the true
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of each neural network. Panel (b) shows the true S

y

and the predic-

tions

˜

S

y
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Figure 10. The feature maps at each stage of the neural network CNN

x

1, for a synthetically-

generated input streamfunction. Panel (a) shows the synthetically-generated input, where a

radially-symmetric two-dimensional Gaussian function is used; the standard deviation is set to 60

km, in order to approximately match the length-scale of an eddy. Panels (b), (c), and (d) show

the resulting feature maps of convolution layers 1, 2, and 3 respectively; there is a feature map

for each application of filters to the previous feature maps (in the first convolution layer, there is

only a single feature map to act on, namely the input matrix). Panel (e) shows the final predic-

tion of the zonal sub-filter momentum forcing

˜

S

x

, using the synthetic Gaussian streamfunction as

the input.
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Figure 11. Correlation between the (momentum-form) parameterisation of Mana and Zanna

[2014], with coarse-grained sub-filter momentum forcing. The parameterisation was calculated

from the coarse-grained potential vorticity, which was calculated from the coarse-grained stream-

function
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Summary 

§ Complementary approaches to developing traditional parametrizations  

§ Need for good model + observational data  

§ Constant need for a combination of physics + human + machines  

§ Unconventional approaches can still teach us something about the 
physics of processes & their representation in models  
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Figure 1. The time-mean and a snapshot of the upper-layer (un-filtered) streamfunction

 are shown in (a) and (b) respectively. Training region 1 (whited-dashed), training region 2

(black-solid), and training region 3 (grey-dot-dashed), are illustrated in (b); data extracted from

each region is used to train separate neural networks. A close-up of training region 1 is shown

in (d), with the sixteen 40⇥40 sub-regions illustrated in (c). Each training region has length

1200km, with each 40⇥40 sub-region of length 300 km.
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Figure 2. A schematic of the convolutional neural network (CNN) architecture. The CNN

comprises three convolution layers, a max pooling layer, and a fully connected output layer. Full

details on the architecture, and the training procedure, can be found in Table 1.
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Figure 3. Time-series comparing the predictions of each neural network with the true sub-

filter forcing, at a single point in the domain (x=1920km, y=2400km). Panel (a) shows the true

S

x

and the predictions

˜

S

x

of each neural network. Panel (b) shows the true S

y

and the predic-

tions

˜

S

y

of each neural network. The time-series is over the 350 days of the validation data.
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Figure 4. Comparisons of the true zonal component of the sub-filter momentum forcing S

x

,

with the neural networks trained using data from three di↵erent regions. The top, middle, and

bottom rows compare a snapshot, the time-mean, and the standard deviation, respectively. The

first column contains the diagnostics using the true zonal sub-filter momentum forcing S

x

, while

columns two, three, and four use predictions

˜

S

x

from the neural networks CNN

x

1, CNN

x

2, and

CNN

x

3, respectively. All diagnostics were calculated using the validation data.
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Figure 5. The same diagnostics as Figure 4, but for the meridional component of the sub-

filter momentum forcing S

y

, and the corresponding neural network predictions

˜

S

y

.
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Figure 10. The feature maps at each stage of the neural network CNN
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Figure 7. Comparing spatial-averages of the neural network predictions with the truth. Pan-

els (a) and (b) compare the spatial-averages of the zonal and meridional components respectively;

the spatial-averages of S and

˜S indicate how the sub-filter momentum forcing impacts the global

momentum budget, i.e. the contributions to the spatially-averaged filtered-momentum tendency

Du/Dt. All diagnostics are calculated from the validation data.
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Rethinking Subgrid Eddy Parametrizations

§ Key aspects missing: energy backscatter from quasi-2D turbulence, jet 
sharpening, enhanced shear
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Rethinking Subgrid Eddy Parametrizations

§ Key aspects missing: energy backscatter from quasi-2D turbulence, jet 
sharpening, enhanced shear
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Ocean Processes & Subgrid-scale parametrization
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Ocean Processes: Temporal vs. Spatial Scales
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§ Ocean/Climate physics & 
models 

§ Fundamental Problems in Ocean/
Climate, uncertainty and modelling:

§ Regional projections of Sea Level Rise   

§ Uptake of heat, carbon, oxygen 

§ New avenues for ocean modelling: combining 

advances in machine learning together with our 
knowledge of physics and its modelling



�C

�t
+ v ·�C = ��2C + mC

Our governing equations

• Thermodynamics - heat & salt for a stratified fluid (tracer equations),

�v
�t

+ v ·�v = �1
�
�p + ��2v + F+Fc

• Newton’s laws  (Navier-Stokes) 
wind, gravity...

Coriolis

� · v = 0
• Conservation of mass/ continuity for incompressible fluid

� = �(T, S, p) � �0(1� �T + �S)

• Equation of state for density (we don’t know what it is really)



Multi-scale Interaction

Viscous 
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Many of these interactions are poorly represented in 
models, understood in nature, and their impact on 
climate (physics, biology, chemistry) is unknown



How much heat, carbon, oxygen are taken up?

§ “Resolution” sets 

transport, accumulation of 

tracer 

Figure 9: Tracer concentrations, integrated between 500 and 1500 m depth, north of 60oS,for

di↵erent wind stress and a model grid spacing of 1/4 degree (blue), 1/10 degree (green), and

1/20 degree (red).

Figure 10: KERG4.

8

 and its sensitivity to forcing 

(important for climate change)

Klocker & Zanna, 2018

Lachkar et al, 2016
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Viscous 
Dissipation 
1mm-1cm

Wind +Buoyancy 
Work

Large-scale 
circulation + 
stratification 

1000-10000km

Mesoscale 
Eddies 

10km-100km

Sub-mesoscale, 
filaments …  

<10km

Energy Sink

Instability

Inverse 
Cascade

Wunsch & Ferrari 2008; Scott 2009

Energy 
Transfer

 How to improve estimates of tracer uptake?

§ or include missing mesoscale effects (10-100km) 



Neural Network to find Missing Forcing

Truth Reconstructed

§ Can neural network help determining the missing forcing or optimise the 
parameters ? 

Bolton & Zanna, In Prep



Summary & New Avenues 

§ Limited computational resources for ocean-climate models 
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When models are eddy-permitting or even eddy-rich, it is 
important to tailor optimal subgridscale (SGS) closures 
to the physical and numerical setting.  The tradition in 
coarse-resolution models is to fully parameterise all eddy 
effects, and in fine resolution models to turn off all physical 
parameterisations of eddy effects and minimise numerical 
closures (e.g., Delworth et al., 2012).  Hallberg (2013) 
suggests that the scale at which this transition occurs can 
be selected dynamically and automatically during the course 
of a simulation, so that changes in stratification and latitude 
are handled smoothly in a physically-meaningful manner.  
Similarly, Fox-Kemper et al. (2011) feature a gridscale-
dependent amplification factor for a submesoscale physics 
parameterisation, which extinguishes the parameterisation 
if mixed layer depth and stratification change so as to make 
the parameterised features resolved.

The key distinction between coarse- and fine-resolution in 
terms of subgridscale closure is whether there is a scale 
separation between the gridscale and the largest eddy 

all vertical modes (mesoscale and submesoscale) remains 
distant in global models (based on Figure 1), and so part of 
the eddy effects should still be included in a MOLES closure.  
In MOLES, the closures, or subgridscale (SGS) models, 
should depend on fine adjustments of the gridscale versus 
physically-important scales (be “scale-aware”) and may take 
advantage of sampling the statistics of the resolved eddies to 
inform the SGS model (be “flow-aware”).  The combination 
of the two guiding principles of SGS models avoids “double-
counting” the largest eddies in both the resolved flow and the 
parameterisation.  When a scale separation exists in some 
regions and not in others, a hybrid of the parameterisation 
extinguishing approach exemplified by Hallberg (2013) can 
be used to transition to MOLES SGS models.

Scale-aware and flow-aware SGS modelling began with 
Smagorinsky’s (1963) viscosity scaling for three-dimensional 
(3d) turbulence in an inertial range.  The upper panel of 
Figure 2 schematises his approach.  Energy injection is 
expected to occur on large scales and then cascade through 
an inertial range to smaller scales.  In Kolmogorov’s (1941) 
idealization, energy flux (¡) through the scales of the inertial 
range (k_I) is constant and independent of the viscosity, 
which becomes important only at a smaller viscous scale 
(k_D).  If grid resolution is insufficient to resolve the small 
scale dissipation processes, a larger value of viscosity is 
selected that depends upon the gridscale and the resolved 
flow of energy toward small scales.  While there are sound 
objections to Kolmogorov’s idealization, it is a useful 
framework for estimating the scaling laws needed for SGS 
models.  By ensuring consistency, Smagorinsky devised 
a robust, scale-aware formulation of viscosity that has 
been used extensively.  Early viscosity scalings for eddy-
rich modelling followed Smagorinsky in selecting flow 
dependence on the deformation rate (Griffies and Hallberg, 
2000; Willebrand et al., 2001), and depend on a power of the 
gridscale and a tunable coefficient to provide harmonic or 
biharmonic viscosities at all latitudes.

However, the large-scale ocean is too shallow and stratified 
to have 3d turbulence.  Two-dimensional (2d) and 
quasigeostrophic (QG) turbulence, more applicable to the 
ocean dynamics on scales near the deformation radius, 
feature two conserved quantities - energy and enstrophy 
in 2d, or energy and potential enstrophy in QG - which lead 
to two distinct inertial ranges (Kraichnan, 1967; Charney, 
1971; Figure 2 lower panel).  The flow of energy to the 
largest scales depends on an energy flux, while the flow 
toward the smallest scales depends instead on a (potential) 
enstrophy flux.  Energy and enstrophy injection into this 
cascade is considered to take place at intermediate scales 
where hydrodynamic instabilities are most active - i.e., 
near the appropriate deformation radius in mesoscale and 
submesoscale eddy-rich models.  Leith (1996) and Fox-
Kemper and Menemenlis (2008) suggest and implement, 
respectively, a SGS closure for eddy-rich ocean models 
based on the enstrophy cascade in 2d turbulence.  It is 
important to note differences from the Smagorinsky-
school closures: the flow-awareness differs and the scale-
awareness differs.  The Leith viscosity is proportional to the 
vorticity gradient instead of the deformation rate, so it is 
one differential order higher.  The Leith harmonic viscosity 
depends on the third power of gridscale instead of the first 
(Willebrand et al., 2001) or second (Smagorinsky, 1963); 
and similarly is one to two powers of gridscale larger for 
biharmonic viscosity (Fox-Kemper and Menemenlis, 2008).

The differences in flow-awareness and scale-awareness 
make the Leith scaling more scale selective than the 

Figure 1:  Estimate of the effective nominal horizontal resolution of 
ocean model components for primary baseline and climate change 
scenarios as reported in the IPCC reports by year of publication.  
Exponential fits to the median, finest-resolution, and a Moore’s 
(1965) law estimate are shown; the doubling of resolution occurs 
every 10.2, 6.9, and 6 years, respectively. Standards for “resolving” 
turbulence types and the first baroclinic deformation radius range 
(Chelton et al. 1998) are also indicated.  Sixth assessment report 
(AR6) high-resolution estimates based on present prototypes are 
indicated, but not fitted.

scale.  If there is a separation, then closures depend only 
parametrically on flow variables and are independent of 
fine adjustments to the gridscale, and thus the closures are 
called parameterisations.  If there is no scale separation 
between the resolved flow and the largest eddy scale, then 
the model falls into the category of Large Eddy Simulations 
(LES).  Ocean models where the gridscale lies between the 
largest mesoscale eddy scale and the smallest can be called 
Mesoscale Ocean Large Eddy Simulations (MOLES).  For 
example, complete resolution of baroclinic instability on 

Fox-Kemper et al  2014



Summary & New Avenues 

§ Limited computational resources for ocean-climate models 

§ Scales to resolve in the ocean smaller than in the atmosphere
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Summary & New Avenues 

§ Limited computational resources for ocean-climate models 

§ Scales to resolve in the ocean smaller than in the atmosphere

§ Zoo of unresolved scales not accounted for, or represented in their bulk form - 

crucial for determining the temperature at the surface of the ocean
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Pangeo Architecture

Jupyter notebook  
provides remote access to HPC / cloud systems

http://jupyter-notebook.readthedocs.io/

Cloud compute hardware

Xarray provides data structures and 
intuitive interface for working with climate 

datasets
http://xarray.pydata.org/Dask sits beneath Xarray and 

provides distributed scheduling of 
“task graphs” on parallel hardware

http://dask.readthedocs.io

distributed file systems  
provide a scalable, shareable 

storage layer for climate Big Data

Cloud compute systems enable users to leverage 
large clusters of compute nodes for data processing. 
Our software will be deployed on NCAR’s Cheyenne 

supercomputer and on Google Cloud Platform.
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Summary & New Avenues 

§ The future: Increase Resolution ? Increase complexity? Increase ensemble 
size ?



Summary & New Avenues 

§ Limited computational resources for ocean-climate models 

§ Scales to resolve in the ocean smaller than in the atmosphere

§ Zoo of unresolved scales not accounted for, or represented in their bulk form 

- crucial for determining the temperature at the surface of the ocean

Argonne National Laboratory. (Credit: Tamay Özgökmen and Paul Fischer)

§ The future: Increased Resolution ? Increased complexity ? Increase 

ensemble size ? 

§  My philosophy = back to basics. Use (idealised) high-resolution simulations, 
together with theory/first principle, and observations to inform current 

parametrizations & develop new ones 
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Summary & New Avenues 

§ Limited computational resources for ocean-climate models 

§ Scales to resolve in the ocean smaller than in the atmosphere

§ Zoo of unresolved scales not amounted for, or represented in their bulk form - 

crucial for determining the temperature at the surface of the ocean

§ Use (idealised) high-resolution simulations, together with theory/first 
principle, and obs to inform current parametrizations & develop new ones 

Argonne National Laboratory. (Credit: Tamay Özgökmen and Paul Fischer)
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Motivation: How to Solve the Climate Problem? 

Western North Pacific
Mean St. Dev. Skew Kurtosis

Sample Size N= 30090600 Control
Skew Sig. 0.000706041 dSSH 0.00000 0.07324 -0.59671 12.56522
Kurtosis Sig. 0.001786159 + IB -0.00034 0.08664 -0.25722 6.92828

+ IB + RSLR -0.00238 0.08687 -0.35997 7.10567
2xCO2

dSSH 0.00000 0.07495 -0.44374 11.81495
+ IB -0.00165 0.08679 -0.11154 7.06356
+ IB + RSLR -0.01408 0.0877 0.04032 6.59837
+ IB + RSLR + GMSLR 0.07892 0.0877 0.04032 6.59837

Global Mean St. Dev. Skew Kurtosis

Sample Size N= 556391400 Control
Skew Sig. 0.000164193 dSSH 0.00000 0.07153 0.14625 12.88075
Kurtosis Sig. 0.00041538 + IB -0.00052 0.12000 0.21097 3.54523

+ IB + RSLR -0.00378 0.12016 0.17368 3.51382
2xCO2

dSSH 0.00000 0.07963 0.32364 13.88543
+ IB 0.00208 0.12671 0.28982 4.10780
+ IB + RSLR 0.02271 0.1338 0.35308 3.36519
+ IB + RSLR + GMSLR 0.11571 0.1338 0.35308 3.36519



Turbulence in models
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Ocean Turbulence in the Gulf Stream

Bolton & Zanna, 20162002

2010

•Do we expect changes in the 
turbulent behaviour of the Gulf 
Stream & other currents & 

associated mixing?  

• Year - to - Year variability in 
Gulf Stream speed due to scale 
interaction


