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Abstract Ocean general circulation models (OGCMs) are often used at horizontal resolutions that preclude
the appearance of mesoscale eddies. The ocean mesoscale constitutes a significant component of ocean
variability, and OGCMs whose resolutions are too coarse to represent the mesoscale are necessarily lacking this
variability. In addition to being variable, the ocean mesoscale also induces variability on larger scales that could
be resolved on a coarse grid, but coarse OGCMs often lack this variability too. This paper develops a stochastic
parameterization that adds small increments to an OGCM's lateral velocity field, which excites natural modes of
variability in the model. The rate at which these velocity increments add energy to the flow is tied to the rate at
which the Gent‐McWilliams parameterization—a popular parameterization of the effect of mesoscale eddies on
tracer transport—removes potential energy from the resolved scales. The stochastic parameterization is
implemented in a non‐eddying OGCM, where it is shown to increase the variability significantly.

Plain Language Summary Models used to simulate global ocean currents often have horizontal
resolutions that are too low to see ocean mesoscale eddies, which are to the ocean what weather systems are to
the atmosphere. These ocean eddies jostle each other and the larger‐scale currents in a chaotic manner, leading
to variability on scales that could, in principle, be resolved by ocean models. But since the ocean models don't
actually include the eddies themselves, the currents they resolve won't be jostled about realistically unless we
enhance the models by adding a realistic description of the effects of the eddies that the models can't see. This
paper develops such a description, called a stochastic parameterization. The eddies get their energy by taking
some from the larger scales ‐ the ones that the ocean model can resolve ‐ and there is already a well‐established
representation of how the eddies remove energy from the large scales. The new stochastic parameterization
developed here takes some of the energy that the eddies remove from the larger, resolved scales and recycles it
back into the simulation in a random fashion that mimics the chaotic action of the unresolved eddies.

1. Introduction
Ocean General Circulation Models (OGCMs) are used for a range of tasks, from simulating past and future
climates to ensemble forecasting and data assimilation. However, simulating the global ocean at high resolution is
computationally expensive. When this computational cost is compounded by the need to simulate over long time
frames, to run ensembles, or to track additional variables like those in marine ecosystem and chemistry models,
the cost can be prohibitive. As a result, OGCMs used for these purposes often rely on a coarser resolution,
typically around 1° or more across the ocean. Because of this limitation, these models cannot resolve mesoscale
eddies, and their effects must be parameterized.

Mesoscale eddies transport tracers and momentum, and directly influence the exchange of heat, carbon, and
momentum with the atmosphere. The Gent‐McWilliams (GM) framework is widely used to parameterize the
advective transport of tracers by mesoscale eddies (Gent et al., 1995; Gent & McWilliams, 1990); it is often used
in combination with an isopycnal or isoneutral diffusion model for the diffusive transport of tracers by mesoscale
eddies (Redi, 1982). Broadly speaking, the GM framework introduces a velocity field in the tracer equations that
acts to flatten isopycnals. This flattening of isopycnals removes potential energy from the resolved flow,
mimicking the extraction of large‐scale potential energy by the nonlinear baroclinic instability that drives
mesoscale eddies.
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The ocean mesoscale constitutes a significant component of ocean variability, and OGCMs whose resolutions are
too coarse to represent the mesoscale are necessarily lacking this variability. In addition to being variable, the
ocean mesoscale also induces variability on larger scales that can be resolved on a coarse grid, but coarse OGCMs
often lack this variability too. This leads to reduced variability in air‐sea heat fluxes (e.g., Agarwal et al., 2023;
Bishop et al., 2017). In the context of ensemble forecasting and data assimilation this can lead to under‐dispersed
ensembles.

Stochastic parameterization is a common approach to increasing variability in weather and climate models
(Berner et al., 2017; Leutbecher et al., 2017). Two approaches from this community are sufficiently general to
apply to OGCMs with minimal modifications: Stochastically Perturbed Parameterization Tendencies (SPPT) and
Stochastically Perturbed Parameters (SPP). SPPT multiplies one or more parameterization tendencies by a
random field, while SPP multiplies one or more parameters within a parameterization by a random field. The
distribution of the random field is often centered on one, with no (or small) probability of changing sign, and with
tunable spatial and temporal correlations. SPPT and SPP have been used in the OGCM context by P. D. Wil-
liams (2012); Andrejczuk et al. (2016), and Juricke et al. (2017). Grooms and Kleiber (2019) took a data‐driven
approach to SPP for the GM parameterization and found that it was not possible to construct a random field for use
with SPP that would come close to matching the diagnosed mesoscale‐eddy tracer tendency.

Rather than simply perturb existing parameterizations, other authors have taken an ab initio approach to devel-
oping stochastic parameterizations for unresolved processes. For example, Grooms (2016) developed a non‐
Gaussian stochastic GM parameterization that replaces (rather than perturbs) the deterministic GM parameteri-
zation of buoyancy flux with a stochastic model. Brankart (2013) developed a stochastic parameterization
modeling the impact of unresolved temperature and salinity perturbations on the resolved density field. P.
Williams et al. (2016) added a stochastic source to the temperature tendency of their model to achieve an effect on
the resolved density field similar to the effect of the Brankart parameterization. A different stochastic parame-
terization of the effect of unresolved temperature fluctuations on resolved density was developed by Stanley
et al. (2020) and tested by Kenigson et al. (2022) and Agarwal et al. (2023).

Kinetic energy backscatter parameterizations are another means of increasing variability in a low‐resolution
model (Berner et al., 2009). In the context of coarse OGCMs, backscattering energy from unresolved scales is
not merely convenient, it is physically relevant: Loose, Bachman, et al. (2023) diagnosed the transfer of energy
across scales in an idealized high‐resolution ocean model and found, inter alia, that the mesoscale transfers kinetic
energy back to scales larger than the mesoscale, that is, scales that could be resolved on a coarse OGCM grid.
Several backscatter schemes have been developed in the context of OGCMs (e.g., Bachman, 2019; Bagaeva
et al., 2024; Grooms, 2023; Jansen, Held, et al., 2015; Juricke, Danilov, Koldunov, Oliver, Sein, et al., 2020;
Juricke, Danilov, Koldunov, Oliver, & Sidorenko, 2020; Zanna & Bolton, 2020). Many of these are aimed at
eddy‐permitting resolutions and use deterministic schemes that amplify existing variability; as a result, they may
not be well suited to coarse OGCMs that completely fail to represent mesoscale eddies.

A stochastic backscatter scheme for OGCMs was developed by Storto and Andriopoulos (2021), who adapted the
atmospheric Stochastic Kinetic Energy Backscatter (SKEB) scheme from Berner et al. (2009) to an ocean
modeling context. They developed their scheme in the context of a high‐resolution (1.6 km) regional ocean
model, and its suitability for coarse OGCMs remains unexplored. O’Kane et al. (2023) implemented a stochastic
backscatter parameterization in a 1° configuration of the ACCESS‐OM2 model by multiplying the resolved
lateral momentum fluxes by a random field. Their use of a multiplicative random field is akin to SPP and SPPT,
but in this case the perturbations are not applied to a parameterization tendency (SPPT) or to a parameter within a
parameterization (SPP); rather, the resolved momentum flux is perturbed to model the momentum transport by
unresolved mesoscale eddies.

Here, we develop a stochastic kinetic energy backscatter parameterization for coarse OGCMs inspired by the
GM+ E closure of Bachman (2019) and the SKEB scheme of Berner et al. (2009). The SKEB scheme sets the rate
of kinetic energy backscatter to some fraction of the dissipation rates affected by lateral viscosity and other
parameterizations. The GM + E scheme makes a similar choice, but one more appropriate to the OGCM context:
the backscatter rate is set proportional to the rate of potential energy dissipation affected by the GM parame-
terization. The original GM+ E scheme affects this backscatter through a negative viscosity. However, a negative
Laplacian viscosity coefficient can cause problems if it is not tamed at small scales by a biharmonic viscosity (cf.
Grooms, 2023; Jansen, Held, et al., 2015). Rather than add a biharmonic viscosity, the original GM + E scheme
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separates the backscatter so that it acts only on the barotropic component of the velocity field (i.e., the depth‐
averaged part), while the baroclinic velocity still feels a positive (i.e., dissipative) viscosity. The stochastic
GM + E scheme developed here retains the decision to let the backscatter rate be proportional to the rate of
potential energy dissipation affected by the GM parameterization, but accomplishes the backscatter through a
stochastic approach similar to the SKEB scheme.

The stochastic GM + E parameterization is presented in Section 2. The model configuration and experimental
design are presented in Section 3, and the results are presented in Section 4. A concluding discussion is offered in
Section 5.

2. Velocity Increment Structure
The stochastic GM + E closure can be thought of as adding a stochastic forcing term to the momentum equations
of the ocean model representing the divergence of stresses associated with the unresolved mesoscale, but prac-
tically it is implemented by adding an increment Δu to the (lateral) velocity field between model time steps. This
section details the nature of these increments. The velocity increments are defined by

Δu = − Mtaper(x,y)∂yψ(x,y, z, t), (1a)

Δv = Mtaper(x,y)∂xψ(x,y, z, t). (1b)

In the above equations Mtaper is a nondimensional taper function that smoothly tapers the velocity increment to
zero near coastlines, and ψ is a random field with dimensions of length squared over time. The construction
implies that, except near the coasts, the velocity increments are nondivergent, which limits the generation of
internal waves.

The construction of the streamfunction ψ is detailed below. It is not constant along the lateral boundaries, which
means that without the taper function Mtaper the stochastic velocity increment would have a nonzero component
into solid boundaries. This could be arbitrarily set to zero on the boundaries, but then it would induce a strong
divergence (and, therefore, a large vertical velocity) in grid cells adjacent to the boundaries. The taper function is
imposed to avoid this; still, the presence of the taper does induce some weak divergence near the boundaries.

The streamfunction ψ is constructed as the product of a depth‐independent amplitude A, a vertical profile ϕ, and a
random field χ

ψ(x,y, z, t) = A(x,y, t)ϕ(x,y, z, t)χ(x,y, t). (2)

The random field χ has dimensions of length, the vertical structure ϕ is nondimensional, and the amplitude A has
dimensions of length over time. The zonal velocity increment from this construction has the form

Δu = − Mtaper [Aϕ∂yχ + Aχ∂yϕ + ϕχ∂yA]. (3)

The idea is that A should control the amplitude of the backscatter while ϕ should control its distribution across
depth. For this to be accurate, A and ϕmust vary over lateral length scales that are much longer than χ so that the
last two terms in Equation 3 are small compared to the first one. We consider each of Mtaper, χ, A, and ϕ in the
subsections below.

2.1. Increment Taper

The taper function Mtaper is constructed by the following steps.

1. The taper is set to one in wet grid cells and to zero on land.
2. The taper is set to zero in all cells that are adjacent to cells that are already zero. This step is performed twice.
3. The taper is smoothed by the application of a nine‐point moving average filter with stencil

Journal of Advances in Modeling Earth Systems 10.1029/2024MS004560

GROOMS ET AL. 3 of 25

 19422466, 2025, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024M

S004560, W
iley O

nline L
ibrary on [27/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



1
16

⎡
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1 2 1

2 4 2

1 2 1

⎤

⎥
⎥
⎥
⎥
⎦
. (4)

This step is performed twice. After each pass of the filter, the taper is again set to zero on land.

This construction creates a transition layer that is four grid points wide over which the stochastic velocity in-
crements are tapered to zero. The width of the transition layer can be tuned by changing the number of times that
steps 2 and 3 are repeated. Future work may explore the use of separate taper functions for the two components of
velocity, since this would enable the increment normal to the boundary to be tapered separately from the
increment parallel to the boundary.

2.2. Random Field

The random field χ(x,y, t) is constructed so that if ϕ and A did not vary horizontally, then, away from the
boundaries, the mean kinetic energy of the velocity increments would be A2ϕ2. (Here and throughout, the term
“kinetic energy” is used as a shorthand for kinetic energy per unit mass.) Following Berner et al. (2009) we
construct χ using triangularly truncated spherical harmonics. Abusing notation by switching temporarily from
Cartesian coordinates x,y to spherical coordinates θ,φ, we have

χ(θ,φ, t) =∑
N

n=0
∑
n

m=− n
χ̂mn (t)Y

m
n (θ,φ). (5)

Here m and n denote nondimensional zonal and total wavenumbers, respectively; N is a cut‐off wavenumber; Ym
n

are L2‐orthogonal basis functions on the sphere; and χ̂mn (t) are spherical harmonic coefficients each of which is an
Ornstein‐Uhlenbeck process. At the discrete level, the coefficients χ̂mn (t) are independent Gaussian autoregressive
processes of order one (AR1):

χ̂mn (t + Δt) = ϕχ̂mn (t) + gn
̅̅̅̅̅̅̅̅̅̅̅̅̅

1 − ϕ2
√

ϵmn (t) (6)

where ϕ = e− Δt/τ, Δt is the time step, τ is the decorrelation time (here 6 hr), and ϵmn (t) are independent and
identically distributed standard Gaussians. The mean of each coefficient is zero. The coefficients are initialized
independently of ϵmn (t)with variance g2n , which ensures that their variance remains g2n for all time. The structure of
the variances g2n controls the spatial structure of the velocity increments, as described below. The random field is
evaluated on a Gaussian grid and then bilinearly interpolated to the OGCM grid. Future work may replace the
AR1 process, which is a discretization of a continuous but non‐differentiable Ornstein‐Uhlenbeck process by an
autoregressive model that discretizes a stochastic process with one or more continuous derivatives, following
Grooms (2016).

2.2.1. Kinetic Energy Forcing Spectrum

To obtain the one‐dimensional kinetic energy spectrum, first apply the negative Laplacian to Equation 5, which
produces a factor of − n(n + 1)/R2 where R is the radius of the Earth. Next multiply by the sum Equation 5 and
take the expected value; the fact that the coefficients χ̂mn are all independent leads to an expression of the form

E[χ(− ∇2χ)] =
1
R2

∑
N

n=0
∑
n

m=− n
n(n + 1)Var[χ̂mn (t)]

⃒
⃒Ym

n (θ,φ)
⃒
⃒2. (7)

Here and throughout, the ∇ notation indicates derivatives taken with respect to the horizontal coordinates only.
Next integrate over the surface of the sphere, using integration by parts on the left and unit L2 norm of the
spherical harmonics on the right, which produces
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E[|∇χ|2] =
1
R2

∑
N

n=0
∑
n

m=− n
n(n + 1)Var[χ̂mn (t)]. (8)

The spatial structure of the noise is set by the variances g2n of the coefficients χ̂
m
n (t).

We can interpret the velocity increments as resulting from the divergence of stresses resulting from unresolved
mesoscales. A simple prima faciemodel is that the subgrid stresses are uncorrelated on the scales resolved by the
OGCM, so that their two‐dimensional spectrum is flat (Schumann, 1995). The one‐dimensional spectrum of the
stresses (averaged over zonal wavenumbers m in this case) is then proportional to the total wavenumber n. Since
the velocity increment spectrum is proportional to the spectrum of the divergence of the subgrid stresses, the
velocity increment spectrum would then be proportional to n3. Practically speaking, it is inadvisable to back-
scatter directly into the model's dissipation range, so the spectrum should be modified toward zero at the smallest
scales resolvable on the grid (cf. Grooms et al., 2015b).

With this in mind, the variances of the coefficients χ̂mn (t) are here chosen to be a Gaussian function of total
wavenumber n only,

g2n = Var[χ̂mn (t)]∝ e−
L2stoch
16R2

n(n+1)
. (9)

The proportionality constant in Equation 9 is independent of n, m, and t, and serves to normalize the random field
so that, ifϕ = M = 1 and if Awere constant, the expected value of the local kinetic energy density of the velocity
increments would be equal to A2 uniformly in time and space (cf. Equation 5 in Berner et al., 2009). Inserting
Equation 9 into Equation 8 and noting that the summand is independent of m yields the following expression for
the kinetic energy spectrum of the increments

E[|∇χ|2]∝ ∑
N

n=0
n(n + 1)(2n + 1)e−

L2stoch
16R2

n(n+1)
. (10)

The length scale L stoch in Equation 9 controls the wavenumber of the peak of the kinetic energy injection
spectrum. Specifically, for L stoch ≪R, the peak of the kinetic energy injection spectrum is at dimensional
wavelength

λmax ∼
π
̅̅̅
6

√ L stoch. (11)

The KE forcing spectrum is plotted in Figure 1 for three different values of L stoch = 120, 240, and 480 km, as
used in the simulations described below. The truncation levelN in the plot is set to 258, as used in the simulations,
which corresponds to a wavelength of 156 km. Consistent with the heuristic argument above, the KE forcing
spectrum used here is proportional to n3 over a wide range of scales, rising to a peak as indicated above, after
which it drops rapidly at smaller scales.

Naturally the length scale of the forcing L stoch should be set to a value larger than the grid scale of the model. In
fact, since L stoch is a wavelength, it should be set larger than the smallest wavelength locally representable on the
grid, which is twice the grid scale. Furthermore, since the dynamics of length scales close to the grid scale are not
well‐resolved and are typically dominated by explicit and numerical dissipation, one might want to avoid forcing
directly in the model's dissipation range by letting L stoch be two or three times larger than the minimum grid
wavelength, that is, one might set L stoch ≥ 4Δxwhere Δx is the model grid spacing. On the other hand, one cannot
set L stoch too large because, as noted in the discussion of Equation 3, there needs to be a scale separation between
χ and A and ϕ.

2.3. Amplitude

Provided that A and ϕ vary slowly compared to χ in the lateral directions, and away from boundaries, the mean
kinetic energy of the velocity increments is A2ϕ2. Ignoring any correlations between the velocity at the end of a
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time step and the increment added after the end of the time step, the mean rate at which the stochastic increments
increase the kinetic energy of the flow is

A2ϕ2

Δt
(12)

where Δt is the length of the time step. The error incurred by ignoring correlations between the velocity at the end
of a time step and the increment added after the end of the time step is addressed in Appendix A. This
approximation—ignoring correlations between the velocity and the velocity increments—is supported by the use
of a very short decorrelation time τ for the increments, here τ is 6 hours. The distribution of the increments across
depth is discussed in the next subsection; in this subsection we consider the depth‐averaged amplitude, and as-
sume that the depth average of ϕ2 is one

1
H
∫

0

− H
ϕ2(z)dz = 1. (13)

We want the depth‐averaged mean rate of kinetic energy injection by the stochastic increments to be proportional
to the depth‐averaged rate of potential energy loss associated with the GM parameterization. Denote this latter rate
by WGM, and let it be called the “GM work rate” for brevity. Recall that we are normalizing it to be the rate of
potential energy loss per unit mass consistent with our convention for kinetic energy. The details of this loss rate
are strongly dependent on the details of the GM parameterization being used—the magnitude of the GM coef-
ficient κ, its vertical structure, the vertical coordinate being used by the model, etc—so we refrain from providing

Figure 1. The kinetic energy spectra that the velocity increments would have if both A and ϕwere constant, for three different
values Lstoch = 120, 240, and 480 km. The spectra are normalized to reach a unit maximum, and are therefore
nondimensional. The dashed line is proportional to n3. The spectra are truncated at N = 258, as used in the simulations, which
corresponds to a wavelength of 156 km.
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a formula for WGM. Assuming instead that WGM is already available within the model, we achieve the desired
relationship between the GM work rate and stochastic backscatter by setting

A = [cΔtWGM]
1/2 (14)

where c ∈ [0,1] determines the fraction of the GM work that is backscattered as kinetic energy.

Recall, though, that the mean rate of kinetic energy injection by the stochastic increments is approximately equal
to A2/Δt only if A and ϕ vary slowly compared to χ in the lateral directions. The GMwork rate can vary on a scale
that is not much larger than the grid scale of the model, which means that A can also vary on short length scales.
This does not leave much room for χ to vary on a length scale much shorter than A, yet still be resolvable on the
grid. To alleviate this problem we apply a spatial filter to WGM before using it to determine the amplitude A:

A = [cΔt W̄GM]
1/2

(15)

The overbar denotes Nsmooth = 8 passes of a nine‐point moving average filter whose weights are proportional to
the grid cell areas.

The number of smoothing passes is tunable. Though computationally inexpensive, smoothing can incur high
communication costs in some settings. Nevertheless, the number of smoothing passes should not be set too low: if
the amplitude A varies on a length scale that is not much larger than the length scale of χ, then not only will the
amplitude of the backscatter not be proportional to A, but also the length scale at which the energy is injected will
not be primarily controlled by the scale Lstoch of χ.

The left column of Figure 2 shows the amplitude A from three simulations using Lstoch = 120, 240, and 480 km.
(The experimental configuration is described in more detail in Section 3.) Backscatter is active wherever the GM

Figure 2. Left column: Backscatter amplitude A. Right column: Difference between the diagnosed amplitude of the stochastic
velocity increments

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Δu2 + Δv2

√
and the backscatter amplitude A. L120, L240, and L480 results are shown in the upper,

middle, and lower panels, respectively. (m s− 1).
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parameterization removes potential energy from the resolved flow: primarily in the Southern Ocean, but also in
boundary currents and their extensions in the northern hemisphere. The right column shows the difference be-
tween the mean amplitude of the stochastic velocity increments diagnosed online during the model run and the
intended amplitude A. These differences arise because of discretization errors, because of tapering, and because
the amplitude A and vertical structure ϕ are not exactly independent of the horizontal coordinates. The first thing
that stands out are the regions near the coasts where blue colors indicate that the design amplitude is larger than
the actual amplitude. These blue regions show where the taper function Mtaper is active. There is not a blue halo
around the entire lateral boundary because backscatter is not active everywhere.

The upper right panel shows that when Lstoch = 120 km the actual amplitude of the stochastic increments matches
the intended amplitude Awell everywhere except near boundaries. At Lstoch = 240 km some discrepancies appear
in the Southern Ocean where the actual backscatter is larger than designed. At Lstoch = 480 km the actual
backscatter is larger than designed over much of the Southern Ocean as well as in the North Atlantic and parts of
the Arctic Ocean. This illustrates that the design and actual backscatter rates can be different when the length scale
of the random pattern encroaches on the length scale of the amplitude A.

We suggest the following conservative heuristic for choosingNsmooth. Let Δx be the smallest grid size in the region
of the model where the stochastic parameterization is active. The smoother attenuates wavenumber k inWGM by a
factor of [(1 + 2 cos(kΔx))/3]Nsmooth . We want there to be very little energy in W̄GM at the length scales where the
stochastic forcing is active, so we set k = 2π/λmax = 2

̅̅̅
6

√
/Lstoch and choose Nsmooth so that the attenuation factor

is appropriately small. For Lstoch = 240 km and Δx = 40 km (a value relevant at 60°S in our model) the
attenuation factor is 0.15 with Nsmooth = 8. For Lstoch = 480 km and Δx = 40 km the attenuation factor is 0.64
with Nsmooth = 8.

2.4. Vertical Structure

The scales resolved by coarse OGCMs are close to quasigeostrophic or planetary‐geostrophic balance (Grooms
et al., 2011, 2012). The stochastic velocity increments added to the background velocity are not balanced: though
laterally incompressible, any vertical shear is not in thermal‐wind balance with a corresponding lateral buoyancy
gradient. Adding imbalanced velocity increments leads to a geostrophic adjustment process where inertio‐gravity
waves are radiated, and where some of the increments' kinetic energy is converted to potential energy. Since the
resolved flow is mostly balanced, with little wave energy, we would like to avoid having the stochastic increments
generate significant internal wave energy.

One way to avoid this would be to let the velocity increments be depth‐independent, that is, barotropic. Barotropic
increments would not radiate internal waves, nor would there be any conversion of kinetic to potential energy
during the adjustment process. A significant downside of barotropic increments is that they would induce flow
near the bottom, where flows are typically weak, and would radiate waves through topographic interactions. We
therefore seek a vertical structure with no flow at the bottom, which also minimizes the radiation of internal
waves.

Consider a local patch of ocean where

N2(z) = −
g∂zρ
ρ

(16)

is approximately independent of time and horizontal location (where g is the gravitational acceleration and ρ is
potential density), and assume that the amplitude A and vertical structure ϕ of the velocity increment are also
approximately constant over this patch of ocean. According to the classical theory of geostrophic adjustment, the
potential vorticity of the adjusted state is the same as that of the initial condition (Blumen, 1972), where the initial
condition in this case is the velocity increment. The quasigeostrophic potential vorticity of the increment is simply
its vorticity

q = Aϕ(z)∇2χ (17)
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where ∇2 = ∂2x + ∂2y and both A and ϕ are assumed to vary only slowly in the lateral directions. The adjusted
state will have a quasigeostrophic streamfunction Ψ that is related to the potential vorticity q by

∇2Ψ + ∂z (
f 2

N2∂zΨ) = q (18)

where f is the local Coriolis parameter. Since q = 0 at the bottom of the ocean, it is natural to expand both it and Ψ
with respect to a basis of eigenfunctions pn(z) satisfying

∂z (
f 2

N2∂zpn) = − k2n pn for z ∈ (− H, 0) (19a)

pn(− H) = 0, ∂zpn
⃒
⃒
z=0 = 0. (19b)

The eigenfunctions pn are known as surface modes, and the eigenvalues − k2n related to so‐called surface defor-
mation radii λn by λn = 1/ kn (de La Lama et al., 2016; Lacasce, 2017). The use of the term “mode” here should
not be misconstrued to suggest that these vertical structures are necessarily related to normal modes of the
linearized governing equations (for a discussion of quasigeostrophic normal modes see Yassin & Griffies, 2022);
rather, they are simply a convenient basis. By similar arguments to those advanced by Rocha et al. (2016, Ap-
pendix A) for the classical baroclinic mode basis, an expansion in surface modes can be shown to converge
absolutely and uniformly for any continuously differentiable function on z ∈ [− H, 0] with zero bottom boundary
condition.

The expansions of q and Ψ are

q =∑
∞

n=1
q̂n(x,y)pn(z), and Ψ =∑

∞

n=1
Ψ̂n(x,y)pn(z). (20)

The vertical structure of q is determined entirely by the ϕ(z), so we have

ϕ(z) =∑
∞

n=1
ϕ̂npn(z), and (21)

q̂n = Aϕ̂n∇2χ. (22)

The expansion coefficients are related by

∇2Ψ̂n − k2nΨ̂n = q̂n = Aϕ̂n∇2χ. (23)

Assuming that the eigenfunctions are normalized so that

1
H
∫

0

− H
pn(z)

2dz = 1, (24)

the depth‐averaged kinetic energy of the state after geostrophic adjustment is

1
2
∑
∞

n=1
|∇Ψ̂n|

2 (25)

and the depth‐averaged quasigeostrophic available potential energy of the adjusted state is
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1
2
∑
∞

n=1
k2nΨ̂

2
n. (26)

To assess how much energy will be radiated away as internal waves requires one more assumption, that

∇2χ ≈ −
4π2

L2stoch
χ, (27)

which is reasonably accurate given that the kinetic energy forcing spectrum from Section 2.2 is peaked near
wavenumber 2πL− 1stoch. This assumption implies that

Ψ̂n =
4π2A

4π2 + L2stoch k
2
n
χ. (28)

The depth‐averaged kinetic energy of the adjusted state is therefore

2π2

L2stoch
(

4π2A
4π2 + L2stochk

2
n
)

2

χ2. (29)

For the sake of argument, suppose that we choose to let ϕ(z) = pn(z) for some mode number n. The depth‐
averaged kinetic energy in the initial state, that is, the velocity increment, is

2π2A2

L2stoch
χ2. (30)

The ratio of the depth‐averaged total energy in the adjusted state to the depth‐averaged kinetic energy in the
velocity increment is

Adjusted Energy
Increment KE

= (
4π2

4π2 + L2stochk
2
n
)

2

. (31)

Since kn increases with n, we can see that higher mode structures end up radiating more of their energy away as
waves, so to minimize the radiation of wave energy we choose

ϕ(z) = p1(z). (32)

The surface deformation radius λ1 = 1/ k1 is similar to the baroclinic deformation radius over much of the globe
(LaCasce & Groeskamp, 2020, Figure 8). Outside the tropics it is smaller than the typical grid scale of a coarse
OGCM, and given the requirement from Section 2.2 that Lstoch be at least a factor of 4 larger than the grid scale,
the analysis predicts that a significant amount of the kinetic energy from the stochastic increments to propagate as
large‐scale internal waves. In contrast, a parameterization that backscatters potential energy, like that of
Grooms (2016), would generate less internal wave energy, but would still induce variability in the balanced flow.
It bears noting that this analysis is based on linearization around a state of rest with no lateral density gradients,
assumptions that are not met in the global ocean, so the predictions about the amount of energy radiated as internal
waves are at best qualitatively accurate.

3. Experimental Configuration
3.1. Model Configuration

The stochastic GM+ E backscatter parameterization described in Section 2 has been implemented in the Modular
Ocean Model version 6 (MOM6) ocean model (Adcroft et al., 2019). Its effects are explored here in the CESM2
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framework (Danabasoglu et al., 2020) with active ocean and sea‐ice components. The horizontal grid has a
nominal 2/3° spacing with meridional refinement to 1/4° in an equatorial band. At 66°S the grid size is
approximately 30 km. It rises rapidly toward the equator to approximately 40 km at 57°S and 57 km at 40°S. At
35°S the grid size is approximately 60 km. The vertical coordinate is z∗, with a vertical grid of 65 levels with
thicknesses from 2.5 m at the surface to 250 m depth. Except as noted below, the configuration follows that of
Marques et al. (2023).

Unlike Marques et al. (2023) we use zero Laplacian viscosity, and we use a biharmonic “2D‐Leith” viscosity
following Grooms (2023), but without the backscatter scheme developed by Grooms (2023). The nondimensional
Leith coefficient ϒ is set to 81/6. Mixed‐layer restratification by submesoscale baroclinic instability is parame-
terized following Bodner et al. (2023).

The Redi tracer diffusivity is parameterized using the approach of Marshall et al. (2012):

κKHTR = αe
1
H
∫

0

− H

N(z)
M2(z)

dz (33)

where α = 0.09, e is the unresolved mesoscale eddy kinetic energy (detailed below), N2 is defined by Equa-
tion 16, and

M2(z) = −
g|∇ρ|
ρ

. (34)

The GM and Redi coefficients match at the surface, but the GM coefficient decays with depth following the
profile of the first surface mode: the GM coefficient is κKHTH(z) = (p1(z)/ p1(0))κKHTR.

The unresolved mesoscale eddy kinetic energy e is parameterized using the prognostic formulation of Jansen
et al. (2019), their Equation 12. The lateral diffusivity of e is set to 75% of the rate for tracers κ KHTR, following the
findings of Grooms (2017). Where Marques et al. (2023) did not use the rate at which the biharmonic viscosity
removes resolved kinetic energy as a source term for e, we use 30% of this rate as a source for e. The coefficient cb
from Equation 12 of Jansen, Adcroft, et al. (2015) that appears in the formulation of the rate of loss of e to bottom
friction is increased from 25 to 100, which has the effect of reducing the amount of e lost to bottom friction.

The physics and other settings used in the MOM6 configuration of CESM are constantly being improved. This
description here only applies to the specific version of MOM6 that was used for the experiments in this paper.

3.2. Experimental Design

The simulations are forced using repeated cycles of the JRA55‐do v1.4 data set (Tsujino et al., 2018). One forcing
cycle covers the years 1958 through 2018 for a total of 61 years. We spun up a control experiment without
stochastic forcing for one full JRA cycle of 61 years, initializing from rest and using temperature and salinity
fields from the 2018 World Ocean Atlas. Five stochastic experiments were initialized from the end of the 61 st

year of the control experiment. The control experiment and these five stochastic experiments were then run for
another full JRA cycle, that is, 61 more years. Unless otherwise stated, the results presented in the next section
have been averaged over the last 50 years of the simulations.

The primary tunable parameter in the stochastic GM+ E backscatter scheme is the fraction c of the GMwork rate
that is backscattered as kinetic energy. Lacking a flow‐aware and scale‐aware theory for c, we resort to sensitivity
testing by considering three values of c: 0.25, 0.5, and 0.75. Varying this parameter in this model is complicated
by the use of the prognostic equation for subgrid‐scale eddy kinetic energy: to maintain energetic consistency, the
fraction of the GM work that appears as a source term in the e budget is set to 1 − c.

Figure 3 shows the change in the time‐mean mesoscale eddy kinetic energy e between the run with c = 0.25
(labeled c25) and a run with c = 0.5 (upper left) and between the run with c = 0.75 (labeled c75) and a run with
c = 0.5 (upper right); the run with c = 0.5 uses Lstoch = 240 km and is thus labeled L240. The amount of
parameterized mesoscale eddy kinetic energy e increases slightly with increasing c. With lower values of c the
amount of GM work that appears as a source term in the e budget increases, so one might expect e to be larger at
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lower c values. Indeed, at c = 0.5 the mean rate at which GM removes energy from the resolved flow is 0.0011W
m− 2; at c = 0.25 this value decreases by 6.5% and at c = 0.75 this value increases by 6.5%. When accounting for
the factor of 1 − c that multiplies the GM work rate in the budget for e, the amount by which GM work forces e
decreases as c increases. This is offset by the fact that 30% of the rate at which the biharmonic viscosity removes
resolved kinetic energy is added as a source term for e. In the L240 simulation the biharmonic lateral viscosity
removes resolved kinetic energy at an average rate of 0.0019 W m− 2; 30% of this is added as a forcing to e. At
c = 0.25 there is less backscatter and therefore also less kinetic energy dissipation, so the biharmonic work rate
decreases by 17%; at c = 0.75 there is more backscatter, so the biharmonic work rate increases by 19%. This is
enough to offset the reduced input to e from GM work, with the effect that e increases slightly with increasing c.
There are local deviations from this behavior in the Southern Ocean. We presume that increasing the backscatter
fraction from 0.25 through 0.75 leads to increased variability in the resolved currents that advect e, which spreads
it out more and accounts for the local changes in e in the south Pacific and Indian oceans.

The lower panels of Figure 3 show the changes in backscatter amplitude A as c changes. Despite the changes in e
shown in the upper panels, the actual backscatter rate changes as expected with c: decreasing c from 0.5 to 0.25
leads to a decrease in A (lower left), while increasing c from 0.5 to 0.75 leads to an increase in A (lower right).

The second important tunable parameter in the scheme is the length scale L stoch of the stochastic forcing. As
described in Section 2.2, this value should be sufficiently large compared to the grid scale, yet not too large.
Figure 2 shows that the backscatter is strongest in the Southern Ocean, as well as at mid and high latitudes in the
northern hemisphere. At these latitudes, the grid spacing lies in the range of approximately 40–60 km. We
therefore test three length scales for the backscatter: Lstoch = 120, 240, and 480 km. The smallest is near the
minimum recommendation Lstoch ≥ 4Δx in mid and high latitudes, while the largest is encroaching on the scale
over which the backscatter amplitude varies. These three simulations are denoted L120, L240, and L480, and all
use c = 0.5, that is, they backscatter 50% of the GM work rate into kinetic energy. The simulations using
c = 0.25 and c = 0.75 both use Lstoch = 240 km and are denoted c25 and c75, respectively. The spherical
harmonic truncation level N is set to 258, which corresponds to a wavelength of 156 km, which is close to the grid
wavelength of 120 km in midlatitudes.

4. Results
We begin this section by showing how the parameterization affects the mean state and bulk diagnostics. Since the
configuration of CESM‐MOM6 used here is merely a snapshot within an ongoing development process where
biases in the mean state are continually changing, we do not show biases with respect to observations; we instead

Figure 3. Top: Differences in time‐mean MEKE e (m2 s− 2) for runs with Lstoch = 240 km: c = 0.25 minus c = 0.5 (left);
c = 0.75 minus c = 0.5 (right). Bottom: Differences in time‐mean amplitude A (m s− 1) for runs with Lstoch = 240 km:
c = 0.25 minus c = 0.5 (left); c = 0.75 minus c = 0.5 (right).
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only show how the parameterization changes the mean state compared to the control run. We then move on to
showing how the parameterization affects the model variability. In the context of variability, we compare the
control and stochastic simulations to observational products to demonstrate that the parameterization improves
variability. We focus on results at c = 0.5; where results at c = 0.25 and c = 0.75 are not shown, the conclusions
are qualitatively similar, but different in amplitude.

The stochastic parameterization adds computational cost, primarily associated with evolving the stochastic
spherical harmonic coefficients, and evaluating the random pattern on the model grid. The control simulation
achieves a throughput of 25.5 simulated years per day, while the L240 simulation achieves only 22 simulated
years per day. All the stochastic similations have similar throughput since they all share the same number of
smoothing passes Nsmooth = 8 and spherical harmonic truncation level N = 258 in Equation 5. The addition of
stochastic backscatter thus reduces throughput by about 14%.

4.1. Mean State and Bulk Diagnostics

The upper panel of Figure 4 shows the global kinetic energy over time. The addition of stochastic backscatter at
the beginning of year 62 rapidly increases the kinetic energy by about 3 PJ (on the order of 15%) for all values of
Lstoch at c = 0.5. The increase is smaller for c = 0.25 and larger for c = 0.75.

The middle panel of Figure 4 shows time series of the volume transport through Drake Passage. The addition of
stochastic backscatter reduces the total transport by about 10 Sv for c = 0.5 and c = 0.75, with a slightly smaller
reduction for c = 0.25 and minimal sensitivity to Lstoch. Drake Passage transport can take several JRA55 cycles to
equilibrate, so these results may not be representative of the equilibrated state of the models. Drake Passage
transport could be adjusted by tuning of the α parameter that controls the strength of the GM coefficient.

The lower panel of Figure 4 shows the change in global mean potential temperature over time. The drift is small—
on the order of 1/8°C over the first JRA cycle—and the addition of stochastic backscatter tends to reduce the drift.
The effect is smaller with weaker backscatter c = 0.25 and increases as the backscatter coefficient increases to
c = 0.5 and 0.75. Since the forcing comes from a reanalysis product that includes a secular drift in temperature,
one does not expect the global mean ocean potential temperature to remain constant over the forcing cycle.

Figure 5 shows the global temperature drift as a function of depth for the control run (left) and for the L240 run
(right). The first 61 years are the same in both panels, and indicate an increase in temperature in the upper
kilometer of the ocean. This drift continues during the second forcing cycle in the control run, but partially re-
verses in the L240 run. Notably, the impact of the stochastic forcing on the drift is opposite to the effect of
diapycnal mixing, including spurious diapycnal mixing associated with discretization errors, which mixes warm
water downwards. Although all simulations are warming at the end of the second forcing cycle, both Figures 4 and
5 show that the effect of our backscatter on ocean heat uptake is the opposite to the effect of the stochastic
backscatter scheme of O’Kane et al. (2023), who saw an increase in ocean heat uptake.

The upper left panel of Figure 6 shows the difference between the mean SST in the L240 and control runs. In the
northern Pacific the stochastic parameterization reduces the mean SST gradient across the Kuroshio extension. In
the northern Atlantic the center of the subpolar gyre is warmed while there is both warming and cooling in the
vicinity of the North Atlantic Current. In the Southern Ocean the SST gradient across the subtropical front is
reduced. These SST changes are all consistent with increased heat transport across fronts. The warming in the
center of the north Atlantic subpolar gyre opposes a persistent bias common to many OGCMs (Bryan et al., 2007;
Moreno‐Chamarro et al., 2022; Smith et al., 2000).

The upper right panel of Figure 6 shows the difference between the mean SSH in the L240 and control runs. Here
and throughout, SSH does not include thermosteric effects. In the northern Atlantic and Pacific the gradient across
the SSH front between the subtropical and subpolar gyres is reduced slightly. In the Southern Ocean the SSH
gradient across the Antarctic Circumpolar Current is also somewhat reduced, which is consistent with the
reduction in Drake Passage transport shown in Figure 4. The changes in mean SST and SSH in the L120 and L480
runs are qualitatively consistent with the changes shown for L240 in Figure 6 (not shown).

The lower panel of Figure 6 shows the difference between the winter mean mixed layer depths in the L240 and
control runs, where mixed layer depth is defined by the Sigma T criterion with Δρ = 0.03 kgm− 3. In the Southern
Ocean the addition of stochastic backscatter leads to a southward shift of the deep mixing band in the Indian and

Journal of Advances in Modeling Earth Systems 10.1029/2024MS004560

GROOMS ET AL. 13 of 25

 19422466, 2025, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024M

S004560, W
iley O

nline L
ibrary on [27/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Figure 4. Top: Time series of total kinetic energy (PJ). Middle: Time series of volume transport through Drake Passage (Sv).
Bottom: Time series of volume‐mean potential temperature (°C). The JRA atmospheric forcing cycle repeats starting in year
61, which is also when the stochastic simulations branch from the control run.
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Pacific sectors. This deepening is consistent with the change in SST in the same region shown in the upper left
panel. It also leads to a deepening of the mixed layers in the center of the Labrador sea; other differences are not
significant.

Figure 7 summarizes the changes in sea ice area. The top left panel shows the northern hemisphere total sea ice
area inMarch for each year of the simulation. The stochastic backscatter has negligible impact on total sea ice area
in the northern hemisphere. The top right panel shows the total sea ice area in the southern hemisphere in
September for each year of the simulation. Southern hemisphere sea ice area is reduced by the stochastic
parameterization by one to one‐half million square kilometers. Observational estimates place the total sea ice area
in the southern hemisphere at 13 to 15 million square kilometers, and both simulations are near the CMIP6 multi‐
model mean (Roach et al., 2020). The lower panels of Figure 7 show the September mean sea ice concentration for
the control simulation (left) and the change in the L240 simulation (right). Sea ice concentration in L240 is
reduced almost uniformly around its outer edge, which is consistent with the increase in SST shown in Figure 6.

4.2. Variability

Figure 8 shows daily mean surface speed on July 1 of the last year of the simulations for the control run and the
three stochastic runs with c = 0.5. The figure shows a subset of the South Atlantic, Southern Ocean, andWeddell

Figure 5. Global mean potential temperature as a function of depth and time for the control run (left) and L240 (right). The
two panels are the same for the first 61‐year forcing cycle, the end of which is indicated by a vertical line. The plots only
differ in the second forcing cycle, that is, to the right of the vertical line.

Figure 6. Upper left: Mean SST in L240 minus mean SST in the control run (°C). Upper right: Mean SSH in L240 minus
mean SSH in the control run (m). Bottom: Winter mean mixed layer depth, L240 minus control (m).
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Sea bounded by − 70°E, 0°E, − 65°N, and − 35°N, since the differences would not be as clearly visible on a global
plot. Since the simulations shared a common initial condition more than 60 years prior, there is no reason that they
should be similar in detail; rather, the figure serves to illustrate qualitative differences between the simulations.
L120 has the smallest‐scale stochastic forcing, and it shows: the upper right panel of Figure 8 has significantly

Figure 7. Top left: March‐mean total sea ice area in the northern hemisphere for the control run (black) and L240 (gray). Top
right: September‐mean total sea ice area in the southern hemisphere for the control run (black) and L240 (gray). Lower left:
September‐mean sea ice concentration for the control run (nondimensional). Lower right: Difference in September‐mean sea
ice concentration between the L240 and control runs (nondimensional).

Figure 8. Daily mean sea surface speed
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
u2 + v2

√
on July 1 of the last year of the simulations in the region bounded by

− 70°E, 0°E, − 65°N, and − 35°N. Upper left: Control; upper right: L120; lower left: L240; lower right: L480. (m s− 1).
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more spatial variability than the other three panels. The length scales are fine enough, in fact, that they are
beginning to border on being too small: some of the features in the surface speed are bordering on being not well
resolved on the grid. In contrast, L240 has more spatial variability than the control run, but is much smoother than
L120. Meanwhile L480 does not appear to be very different than the control. Together with Figure 2 this re-
inforces the idea that the length scale Lstoch of the stochastic forcing should be larger than the grid scale, but not too
large.

4.2.1. SST Variance

Figure 9 compares the SST variability between the simulations and observations. In each case the linear trend and
seasonal cycle were removed from monthly mean data before computing the standard deviations. The top left
panel shows the standard deviation of the temporal variability of SST in the OISSTv2 observational product using
years 1982 through 2018 (Reynolds et al., 2002). The center left panel shows the standard deviation from the
control run minus the standard deviation from the observational product. The control run has too little variability
over most of the globe, except in the center of the subpolar gyre in the North Atlantic and in the Ross andWeddell
seas. The right column of panels in the figure shows the standard deviation from the stochastic runs minus the
standard deviation from the control run. Thus, if the colors on the right panels are opposite to those of the center‐
left panel, then the stochastic backscatter reduces the bias. Note that the color scale on the bias in the control run is
larger than the color scales in the right panel by nearly a factor of two. Statistical significance at the p = 0.05 level
was computed using an F test (Section 2.4.2, DelSole & Tippett, 2022) for the panels in the right column, and
failure to reject the null hypothesis that the standard deviations are the same is indicated by stippling.

Figure 9. Top left: Standard deviation (std) of the temporal variability of SST (°C) from the OISSTv2 observational product
(Reynolds et al., 2002). Center left: SST std in the control run minus the observational value. Right column: SST std in the
stochastic runs minus the control run. The color scale for the right column is in the lower center of the image. In all cases the
standard deviations are computed from monthly mean data with the trend and seasonal cycle removed. The stippled area in
the right column denotes regions where the changes are not significant at the 95% confidence level. Differences between
OISSTv2 and the control run are statistically significant everywhere that they are visibly nonzero.
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Focusing on the right column, note that the addition of backscatter increases SST variability in broadly the same
areas where the control run was deficient. The increases in SST standard deviations are large: up to 0.8°C in places
like the Agulhas return current. Nevertheless, the increase in variability is not sufficient to completely remove the
variability deficit in the control run compared to observations. There are other processes besides kinetic energy
backscatter that contribute to SST variability that are missing from the model; stochastic parameterizations of
these other processes are needed to bring the variability up to a realistic level (e.g., Agarwal et al., 2023; Kenigson
et al., 2022).

The increase in SST variability is much weaker in the L120 simulation than in the other two stochastic simu-
lations. Although Figure 4 shows that L120 does succeed in raising the KE, the increased KE is evidently not as
effective at generating SST variations as the simulations with larger‐scale backscatter. In L240 and L480 the SST
variability is improved significantly, especially in places where the control run had the largest deficit: the Kur-
oshio and its extension, the North Atlantic Current west of Grand Banks, the South Atlantic Current, and generally
along the path of the Antarctic Circumpolar Current. In a coupled climate simulation this increased SST vari-
ability could have rectifying effects on, for example, midlatitude storm dynamics. Although the effect of the
stochastic backscatter on SST variability is broadly positive, it does not always align precisely with the biases in
the control run. This could be due to the effect of smoothing the backscatter amplitude, or also to biases in the
mean location of the currents.

The addition of stochastic backscatter does not increase the SST variance everywhere. For example, east of Japan
and at the Brazil‐Malvinas confluence the addition of stochastic backscatter decreases SST variability in places
where the control run had too much. In both locations the control run has a dipole pattern with too much variability
poleward and too little equatorward, and the stochastic simulations mitigate this error. This may be due to a
change in the mean position of the current in the stochastic runs.

4.2.2. SSH Variance

Figure 10 compares the SSH variability between the simulations and observations. In each case, the trend and
seasonal cycle were removed from monthly mean data before computing the standard deviations. The top left
panel shows the standard deviation of the temporal variability of SSH in the AVISO gridded observational
product using years 1993 through 2018. The center left panel shows the standard deviation from the control run
minus the standard deviation from the observational product. The control run has too little variability over much
of the globe, especially along the paths of the Kuroshio extension, the North Atlantic Current, the Agulhas Return
Current, and the Argentine Basin. The right column of panels shows the standard deviation from the stochastic
runs minus the standard deviation from the control run. Thus, if the colors on the right panels are opposite to those
of the center‐left panel, then the stochastic backscatter reduces the bias. Note that the color scale on the bias in the
control run is larger than the color scales in the right panel by more than a factor of two. Statistical significance at
the p = 0.05 level was computed using an F test for the panels in the right column, and failure to reject the null
hypothesis that the standard deviations are the same is indicated by stippling.

Focusing on the right column, note that the addition of backscatter increases SSH variability wherever the
backscatter is active (cf. Figure 2). The increases in SSH standard deviations are larger in the southern hemisphere
than in the northern hemisphere, which is consistent with the fact that the backscatter amplitude is larger in the
Southern Ocean than elsewhere (Figure 2). Although the control run's deficits of SSH variability in the North
Atlantic and North Pacific are reduced by the addition of stochastic backscatter, a significant deficit still remains.
As with SST variability, there are other processes besides kinetic energy backscatter that contribute to SSH
variability that are missing from the model; stochastic parameterizations of these other processes are needed to
bring the variability up to a realistic level. Also like the SST variability, while the effect of the stochastic
backscatter on SSH variability is broadly positive, it does not always align precisely with the biases in the control
run. This could be due to the effect of smoothing the backscatter amplitude, or also to biases in the mean location
of the currents.

The increase in SSH variability is much weaker in the L120 simulation than in the other two stochastic simu-
lations, especially in the northern hemisphere. This could be related to the fact that smaller‐scale features tend to
have a smaller‐amplitude footprint in SSH.

Journal of Advances in Modeling Earth Systems 10.1029/2024MS004560

GROOMS ET AL. 18 of 25

 19422466, 2025, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024M

S004560, W
iley O

nline L
ibrary on [27/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



4.2.3. Frequency Content

The stochastic increments decorrelate rapidly, with an e‐folding scale of 6 hr. The SST and SSH variability results
shown above are from monthly mean data, and it is of interest to examine the frequency content of the variability
induced by the stochastic forcing, in particular to assess whether the stochastic forcing is introducing too much
fast variability. To that end we begin by examining the power spectrum of the daily mean SST variability at a
point in Drake Passage where the stochastic forcing significantly increases the SST variance, namely at
− 59.2693°N, − 68.6667°E. Figure 11 shows the power spectral density of daily mean SST from the control run
(blue) and L240 (red), together with the 95% confidence interval of the same quantity from the OISSTv2
observational product (shaded gray). For periods less than about a week the control and L240 runs behave
similarly, while the L240 run has greater power at periods from about a week to sub‐decadal, excepting at a period
of one year where the seasonal cycle dominates both models. Clearly the SST variability induced by the fast
stochastic forcing is not primarily at short time scales. The figure also shows that at seasonal and shorter time
scales (periods less than about 100 days) both the control run and L240 have significantly less variability than the
observational product. This could be due, at least in part, to the fact that the observational product contains a
greater range of spatial scales than the models. On seasonal and longer time scales the addition of stochastic
forcing moves the model behavior up into, or even near the top of the 95% confidence interval from the obser-
vational product.

As discussed in Section 2.4, some of the kinetic energy in the stochastic increments is expected to radiate as
internal waves. It is difficult to measure this directly in the model, especially since the MOM6 model currently

Figure 10. Top left: Standard deviation (std) of the temporal variability of SSH (m) from the AVISO gridded observational
product. Center left: SSH std in the control run minus the observational value. Right column: SSH std in the stochastic runs
minus the control run. The color scale for the right column is in the lower center of the image. In all cases the standard
deviations are computed from monthly mean data with the trend and seasonal cycle removed. The stippled area in the right
column denotes regions where the changes are not significant at the 95% confidence level. Differences between AVISO and
the control run are statistically significant everywhere that they are visibly nonzero.
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lacks a vertical velocity diagnostic. As an indirect proxy we measure the temperature variance on sub‐daily
timescales. The sub‐daily variance over a single day is computed by subtracting the daily mean temperature,
squared, from the daily mean of the squared temperature; this quantity is then averaged across days. Figure 12
plots the temporal standard deviation of temperature on sub‐daily time scales averaged over Southern Ocean
latitudes south of 30°S. The left panel plots sub‐daily temperature standard deviation as a function of depth for the
control run and L240, while the right panel plots the ratio of the L240 and control run results as a function of
depth. The addition of stochastic backscatter clearly does increase sub‐daily temperature variability, though the
increase is relatively small—on the order of 0.01°C, which amounts to an increase between 10% and 35%,
depending on depth. The lack of an observational point of reference means that it is not clear if this increase is an
improvement or not, but the change does not seem excessive.

5. Conclusions
We have developed a new stochastic kinetic energy backscatter scheme for OGCMs at non‐eddying resolutions.
The amplitude of the backscatter is proportional to the rate at which the GM parameterization removes potential
energy from the resolved scales, following the GM + E parameterization of Bachman (2019). Unlike the original

Figure 11. Power spectra of daily mean SST from the control run (blue) and L240 (red) at − 59.2693°N, − 68.6667°E in Drake
Passage. The gray band shows the 95% confidence interval of the same quantity estimated from the OISSTv2 observational
product.

Figure 12. Left: Standard deviation of temperature on sub‐daily time scales as a function of depth averaged over latitudes
south of 30°S for the control run (blue) and L240 (red). The sub‐daily variance is first computed at each location; this is then
averaged laterally south of 30°S; the plot shows the square root of the result. Right: The ratio of the two plots in the left panel,
showing that L240 has an increase in sub‐daily temperature variability in the range of 10%–35%, depending on depth.
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GM + E scheme, the backscatter is implemented here by adding stochastic increments to the lateral velocity field
at the end of each time step. These lateral velocity increments are laterally incompressible, have a vertical
structure proportional to the first surface mode (sometimes also called the “equivalent barotropic” mode),
decorrelate rapidly in time, and have a tunable characteristic horizontal scale Lstoch.

The algorithm was implemented in the MOM6 ocean model and tested in a global forced ocean‐ice configuration
of CESM on a grid with a nominal resolution of 2/3°. The parameterization has a limited effect on the model
mean state, including relatively small changes to the meridional overturning circulation and a slight reduction in
the zonal transport of the Antarctic Circumpolar Current. The parameterization has a profoundly positive impact
on the model variability. Kinetic energy increases, as does variability of SST and SSH. The increases in SST and
SSH variability are largely aligned with the regions where the control run had the largest deficit of variability
compared to observations: in western boundary current extensions and along the Antarctic Circumpolar Current.
The remaining deficit of variability in the parameterized model compared to observations is presumably due, at
least in part, to processes other than the mesoscale eddy backscatter being parameterized here. This study has used
a configuration of MOM6 that represents a snapshot in an ongoing process of developing MOM6 for use in
CESM. Once that process is finalized it will be of interest to revisit the effects of this parameterization with more
attention to its effect on biases of the mean state, and to compare it to alternative backscatter schemes.

The results are sensitive to the characteristic horizontal length scale Lstoch of the velocity increments. In our
configuration setting Lstoch to 240 km performed better than 120 km or 480 km. The value Lstoch = 240 km is four
to six times larger than the model's grid size in mid latitudes, a ballpark value that may prove useful in tuning the
parameterization for other models and other grids.

This parameterization may prove useful in the context of ensemble data assimilation. Ensemble data assimilation
requires a realistic level of model variability. If the model has too little variability then it tends to ignore the
information content in observations, and ensemble inflation methods—which are more or less ad hoc—are
required to correct an under‐dispersed ensemble. As found by Grooms et al. (2015a) and Ha et al. (2015), it is
generally better to correct model error by adding a stochastic parameterization than to merely account for model
error by inflating an ensemble. Improvements in ensemble data assimilation enabled by the parameterization
developed here may lead to improved reanalyses and to improved initialized predictions, including, for example,
predictions of marine heat waves (Li & Donner, 2023). Similarly, the increase in ocean‐intrinsic variability
associated with this parameterization may lead to improved atmospheric variability in coupled climate models.

One area for further improvement of this parameterization is the development of a flow‐aware and scale‐aware
theory for the fraction c of the GM work rate that should be backscattered as kinetic energy. Indeed, some
theoretical support for letting the backscatter rate be proportional to the GMwork rate would be valuable, as there
is little theoretical support for this, or for the competing approach of letting a negative‐viscosity backscatter
coefficient depend on unresolved mesoscale energy (Jansen et al., 2019). The stochastic GM + E scheme could
easily be turned into a stochastic GL + E scheme for use with the Greatbatch and Lamb (1990) vertical‐viscosity
parameterization of mesoscale eddy effects; the GL parameterization has recently been reviewed by Loose,
Marques, et al. (2023). Another direction for future development is to adapt this scheme to eddying resolutions. In
both that context and the context of OGCMs at coarser resolutions, it will be of interest to compare stochastic
GM + E to backscatter schemes that combine GM with a negative‐viscosity backscatter (Grooms, 2023; Jansen
et al., 2019; Yankovsky et al., 2024). Another direction for eddying resolutions is to tie the rate of stochastic
backscatter to the rate of viscous dissipation of kinetic energy in the vein of Storto and Andriopoulos (2021) or of
enstrophy following Grooms (2023). Future research may also consider using Gaussian‐product noise rather than
Gaussian noise, since it would better represent the distribution of Reynolds stresses (Grooms, 2016). Gaussian‐
product noise could have a significant impact on the extreme event probabilities of the resolved dynamics
(Barham & Grooms, 2019).

Appendix A: White Noise Heuristics
Let ũ and ṽ denote the zonal and meridional components of velocity at the end of a time step but before the
stochastic increments have been added. The velocity after adding the stochastic increments is

u = ũ + Δu, (A1a)
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v = ṽ + Δv. (A1b)

The mean rate of kinetic energy injection is the average of the difference between the kinetic energy before and
after the stochastic increment is added, divided by the size of the time step

Mean Rate =
1
2Δt

E[(u)2 + (v)2 − (ũ)2 − (ṽ)2] (A2)

where E denotes the expectation with respect to the distribution from which the stochastic velocity increments are
sampled. Straightforward simplification yields the expression

Mean Rate =
1
Δt
E[ũΔu + ṽΔv] +

1
2Δt

E[(Δu)2 + (Δv)2]. (A3)

If the stochastic increments were not correlated in time, that is, if they were “white” in time or Brownian, then the
cross terms would vanish and the mean rate of energy injection would depend only on the velocity increments
themselves, and not on the velocity to which the increments are added. Although the velocity increments are
drawn from a distribution that doesn't explicitly depend on the velocity (ũ, ṽ), the mean of the product of the
velocity and the increments is not necessarily zero. When the increments are correlated in time, the velocity (ũ, ṽ)
is correlated with the past stochastic increments, which are correlated with the current increments. Berner
et al. (2009) use time‐correlated increments, and therefore alter the magnitude of their backscatter to account for
this correlation via heuristics discussed in their appendix. In Section 2.3 we set the amplitude of the stochastic
forcing as if the mean rate of kinetic energy injection were a function only of the increments. This appendix
provides heuristics in support of that approximation.

Consider a system of differential equations forced by a stochastic noise S with nonzero decorrelation time τ

dx
dt
= f(x, t) + G(x, t)

dS
dt
. (A4)

In many cases it can be shown that the solution of the system can be approximated by the solution of a stochastic
differential equation (SDE) with Gaussian white noise forcing (i.e., Brownian increments), provided that the
decorrelation time τ of the noise forcing is sufficiently small compared to the natural time scale of the unforced
system. Theorems providing specific conditions under which this holds are called Wong‐Zakai theorems (e.g.,
Pavliotis (2014) Section 5.1). that is, we may heuristically expect that solutions of the time‐correlated stochastic
differential equation may be approximated by solutions of

dx = f (x, t)dt +G(x, t) ◦ dW (A5)

whereW is a vector of independentWiener processes. We have chosen to use a short decorrelation time of 6 hr for
the stochastic velocity increments specifically for this reason: so that we can control the mean rate of kinetic
energy input by approximating the noise as white in time.

Wong‐Zakai theorems usually conclude that the white‐noise stochastic differential equation that approximates the
system with non‐white noise should be interpreted in the Stratonovich rather than the Ito sense. This is indicated
by the use of the ◦ notation in Equation A5. Under the Ito interpretation, the mean rate of kinetic energy injection
is simply the mean kinetic energy of the increments divided by the time step size, which is the approximation used
in this paper. The mean rate of kinetic energy injection that one would expect from the Stratonovich white‐noise
SDE is not, in general, the same as one would expect from the same SDE under the Ito interpretation though,
because of the noise‐induced drift effect in Stratonovich SDEs (cf. Jacobs, 2010). The Stratonovich SDE
Equation A5 is equivalent to the following Ito SDE system, written in component form

dxi = (fi(x, t) +
1
2
∑
j
∑
k
Gkj(x, t)

∂Gij(x, t)
∂xk

) dt +∑
j
Gij(x, t)dWj. (A6)
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The noise‐induced drift that appears in the Ito version of the equation can in principle have an effect on the rate of
change of kinetic energy, in addition to the effect of the white noise term.

Fortunately, in our case the noise‐induced drift has no effect on the rate of change of kinetic energy. To be precise,
let I be the set indices such that xi is a component of velocity on the grid. The fact that the backscatter amplitude
does not depend on the resolved velocity can be formalized in mathematical notation as

∂Gij

∂xk
= 0 for i,k∈I. (A7)

Similarly, the fact that the backscatter only appears in the velocity tendency can be formalized in mathematical
notation as

Gkj = 0 for k ∉ I (A8)

where k∉I indicates that xk is not a component of velocity on the grid. Together these conspire to imply that

Gkj(x, t)
∂Gij(x, t)

∂xk
= 0 for i ∈ I (A9)

because either k ∈ I, in which case the second factor is zero, or k∉I, in which case the first factor is zero. We
conclude that while the noise‐induced drift may appear in the tracer equations, it does not appear in the velocity
equations, and therefore has no direct impact on the rate of change of kinetic energy. In the SKEBS scheme of
Berner et al. (2009) the backscatter amplitude does depend on the resolved velocity, so there is a noise‐induced
drift effect on the kinetic energy tendency, and their appendix effectively attempts to account for this drift.

Data Availability Statement
The World Ocean Atlas 2018 temperature and salinity data (WOA18 Locarnini et al., 2018; Zweng et al., 2019)
used to initialize the control simulation are available for download from the officialWOA18website https://www.
ncei.noaa.gov/access/world‐ocean‐atlas‐2018/. NOAA OI SST V2 High Resolution Data set (Reynolds
et al., 2002) data provided by the NOAA PSL, Boulder, Colorado, USA, from their website at https://psl.noaa.
gov. SSH ((CMEMS), 2024) data provided by the E.U. Copernicus Marine Service Information https://doi.org/
10.48670/moi‐00148. MOM6 code, CESM case files, and diagnostic notebooks have been made publicly
available (Grooms, 2025). The model output is available on the Derecho computer at /glade/campaign/cesm/
development/omwg/projects/MOM6/.
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