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Abstract. Sea ice keels influence momentum transfer be-
tween the drifting ice cover and the upper ocean, yet their
effects remain difficult to represent in large-scale models.
When keels move relative to the stratified ocean, they can
generate internal waves that contribute an additional drag and
modify upper-ocean energetics. We examine the parameter
space governing ice keel-ocean interactions by reformulat-
ing an existing internal wave drag framework in terms of
four nondimensional parameters that quantify lee wave radi-
ation, flow nonlinearity, stratification strength, and the depth
of the keel relative to the mixed layer. Using output from a
pan-Arctic coupled sea ice—ocean model, we apply Gaussian
Mixture Modeling to these parameters to identify statistically
coherent regimes across the Arctic for annual, summer, and
winter conditions. The resulting regimes exhibit clear spatial
organization and pronounced seasonal variability. To inter-
pret their dynamical significance, we perform idealized nu-
merical simulations for representative parameter combina-
tions and analyze kinetic energy dissipation and propagation
of internal waves below the pycnocline. The simulations in-
dicate that deep and steep keels beneath perennial sea ice,
in particular in the summer when the mixed layer is shal-
low, enhance dissipation around and below the pycnocline.
Comparison with existing parameterizations further suggests
that regimes characterized by strong nonlinearity or shallow
mixed layers may be not well-represented. These results pro-
vide a framework for constraining physically relevant param-
eter regimes for ice keel drag and inform future model devel-
opment and observational studies of ice—ocean coupling.

1 Introduction

Sea ice keels, formed by rafting and overturning of pres-
sure ridges, extend several meters below the surface, repre-
senting a crucial yet under-explored aspect of Arctic ice dy-
namics. Their morphology reflects past mechanical forcing
— such as ice convergence and interactions with the ocean
and the atmosphere (Parmerter and Coon, 1972; Kharitonov
and Borodkin, 2020) — and exerts lasting influences on ocean
processes beneath the ice.

When ice is in free drift, i.e. internal stresses are negli-
gible, the total ice-ocean stress can be thought to comprise
of three main components: (1) the skin drag, (2) form drag,
and (3) internal wave (IW) drag (McPhee and Kantha, 1989;
Brenner et al., 2021). Skin drag is due to the small-scale
roughnesses of the sea ice, and form drag is due to ice keels
presenting as discrete obstacles to the flow. Both of these pro-
cesses play an important role within the turbulent ice-ocean
boundary layer (Shirasawa and Ingram, 1991). The transfer
of momentum from the moving sea ice to the ocean through
these drag forces is typically represented using a quadratic
drag law with parameterized drag coefficients. Skin and form
drags have been subject to parameterizations in terms of ice
keel geometry in many previous modeling (e.g., Lu et al.,
2011; Tsamados et al., 2014; Wang et al., 2025) and obser-
vational studies (e.g., Cole et al., 2017; Brenner et al., 2021;
Kawaguchi et al., 2024; Reifenberg et al., 2025). While there
are still many open questions in our understanding of these
stress terms, e.g., seasonal and spatial variability and mis-
match between geometry-based drag parameterizations and
direct measurements (Brenner et al., 2021), in this study, we
specifically focus on the IW drag.

When drifting over a stratified ocean, keels act as moving
topographic features that perturb density interfaces, generat-

Published by Copernicus Publications on behalf of the European Geosciences Union.



4722

ing IWs that radiate away from the ice—ocean boundary trans-
ferring additional momentum from the moving ice keels into
the ocean (Flocco et al., 2024). This downward momentum
flux by the radiating IWs modifies the force balance on the
ice, creating drag or resistance (McPhee and Kantha, 1989).
Theory of IW generation by moving an object, such as a ship
or ice, along the surface of a stratified ocean dates back to the
“dead water” effect (Ekman, 1904; Morison, 1986). Rough-
ness on the underside of the sea ice, i.e., ice keels, further
promotes IW generation. Reframing the problem to be in
the frame of reference of the moving ice keel (Rigby, 1974;
McPhee and Kantha, 1989; Pite et al., 1995), this mechanism
can be modeled akin to the flow-topography interaction.

In the classical flow-topography interaction problem, lee
waves, which is the category of IWs of interest here, are gen-
erated when a steady flow has to go over a topographic obsta-
cle, such as a seamount, in the presence of constant stratifica-
tion (Bretherton, 1969; Bell, 1975). Topography is typically
represented as horizontally periodic sinusoidal bumps. The
generated lee waves radiate upward away from the topogra-
phy and the problem can be characterized in terms of two
nondimensional parameters. These waves are freely propa-
gating (i.e., have a real vertical wavenumber) if their intrin-
sic frequency (which is the product of the wavenumber of
the topographic obstacle ky and the flow speed ug) is within
the IW frequency range between the local Coriolis frequency
f and buoyancy frequency Ny. This defines the first nondi-
mensional parameter of the problem, the lee wave radiation
parameter

uoko

X =Ny (D

which needs to be within the [NLO, 1] range in order for
lee waves to be freely propagating (Nikurashin and Ferrari,
2010b). Outside of this range, lee waves are evanescent and
their amplitude exponentially decreases away from the topo-
graphic obstacle, though they could be important for local-
ized mixing and energy dissipation (Legg, 2021). The height
of the topographic obstacle h is also important. The second
nondimensional parameter, topographic criticality
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measures the ratio between the potential energy of the strat-
ification that the flow has to overcome in order to go over
the obstacle and the kinetic energy of the flow (Nikurashin
and Ferrari, 2010b). It can be also thought of as the ratio of
obstacle height to the vertical wavenumber of the generated
lee wave (Mayer and Fringer, 2017). When J is small (e.g.,
J < 1), the mean flow has enough kinetic energy to carry
fluid parcels over the obstacle, such that lee waves are linear.
For larger J > 1, nonlinear processes, such as blocking of the
flow upstream of the obstacle, hydraulic jumps downstream
of the obstacle, and nonlinear interactions between gener-
ated waves become important (Winters and Armi, 2012;
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Mayer and Fringer, 2017). Therefore, in theoretical studies
of flow interaction with topographic obstacles, J is often a
measure of nonlinearity of the flow dynamics. Significant
modeling efforts have been dedicated to this problem (see
e.g., review articles: Garrett and Kunze (2007); Legg (2021);
e.g., theoretical and modeling studies: Nikurashin and Ferrari
(2010b); Klymak (2018); Perfect et al. (2020); Zemskova and
Grisouard (2021); Baker and Mashayek (2022).)

However, Arctic stratification deviates from the assump-
tions of this classical theory, typically featuring a shallow
mixed layer of cold and fresh water overlaying a sharp py-
cnocline that separates it from the stratified ocean interior.
This difference introduces two additional scales (mixed layer
depth and density jump across the pycnocline) leading to two
more nondimensional numbers that characterize the problem
in addition to x and J for the flow-topography interaction
model. McPhee and Kantha (1989) extended the framework
of flow interacting with a topographic feature to Arctic con-
ditions by introducing a parameterization for the IW drag co-
efficient Crw, which depends on keel geometry, keel speed
relative to the ocean currents’ speed, and the strength and
vertical position of the pycnocline. Depending on the mag-
nitude of these parameters, it is possible for a keel to disturb
the established stratification or penetrate the pycnocline di-
rectly, amplifying IW generation across both layers. Flocco
et al. (2024) applied this parameterization to demonstrate via
a coupled ice—ocean model that the resulting IW drag can re-
duce ice drift by up to 10 %, enhance sea ice thickness by as
much as 15 % in regions such as the Canadian Arctic, and
suppress bottom melt rates. However, their simulations also
show that the effects of the IW drag on sea ice thickness is
spatio-temporally dependent, as they found decrease in sea
ice thickness over some parts of the Arctic by including IW
drag.

Beyond IW generation, keels actively stir the upper ocean,
modulating stratification and mixed-layer depths through tur-
bulence and vortex shedding. Large-eddy simulations show
that keels can amplify vertical heat fluxes by factors of 3—-10
(Skyllingstad et al., 2003). One of the key control nondimen-
sional parameters governing this problem is Fr, = \/Z”O—Ow
(where ug is the keel speed relative to the ocean currents,
zo is the mixed layer depth, and Ab is the buoyancy jump
across the pycnocline), which compares keel speed to the in-
ternal wave phase speed. De Abreu et al. (2024) explored
Fr, =0.5—2.0 range, spanning subcritical (Fr, < 1, rela-
tively slow keel or relatively strong stratification) to super-
critical (Fr; > 1, relatively fast keel or relatively weak strat-
ification) regimes. They found that mixing strength and ver-
tical extent vary non-monotonically with Fr, and keel draft,
peaking under specific vortex-shedding conditions. Simi-
larly, Zhang et al. (2022) showed that under-ice flows around
floe edges and keels can generate IWs and trigger overturn-
ing. Together, these findings underscore the critical role of
sea ice morphology in regulating upper-ocean stratification
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and highlight the need for its accurate representation in cou-
pled climate models.

Despite their importance, accurately representing the im-
pact of sea ice keels in climate models is challenging due to
the broad parameter space involved, encompassing diverse
keel geometries, oceanic stratification conditions, and flow
characteristics. Observed keel horizontal extents — typically
up to tens of meters (Metzger et al., 2021) — are significantly
smaller than the horizontal grid resolution of current global
climate models (Selivanova et al., 2024), necessitating pa-
rameterization of the ice keel’s effects on the coupling be-
tween the sea ice and the underlying ocean flow, e.g., through
form and IW drag. Even the high-resolution global climate
models have horizontal grid spacing of about 0.25°, which
at 70° N corresponds to roughly 10km, that is two orders of
magnitude larger than typical keel dimensions. Modern cli-
mate models still exhibit large uncertainties regarding pro-
jections of the Arctic sea ice state (e.g., Notz and Commu-
nity, 2020; Rosenblum et al., 2021; Bouchat et al., 2022;
Hutter et al., 2022) and one of the main current recommen-
dations is to improve our understanding and parameteriza-
tion of sea ice physics rather than running climate models
at significantly higher resolution (Selivanova et al., 2024).
Existing theoretical frameworks, such as the parameteriza-
tion by McPhee and Kantha (1989) applied in Flocco et al.
(2024), rely primarily on two-dimensional idealizations, ne-
glecting critical three-dimensional effects like flow splitting
and blocking around an obstacle (Nikurashin et al., 2014)
and keel sheltering (Wang et al., 2025). Because of the sub-
stantial number of parameters involved in characterizing this
problem, previous numerical works were only able to con-
sider a limited set and value ranges of parameters (e.g., Zu
et al., 2021; Zhang et al., 2022; De Abreu et al., 2024; Wang
et al., 2025). Therefore, a key goal of this study is to deter-
mine the nondimensional parameters that are relevant to the
parameterization of IW drag and identify the ranges of values
of these parameters pertinent to climate model simulations in
order to efficiently constrain this space, guiding targeted nu-
merical simulations and laboratory experiments required to
improve existing parameterizations.

This problem needs to be studied taking into account sea-
sonal variability of the governing parameters in the Arctic,
especially the stratification. In the summer, the sea ice melt
creates a shallow halocline separate from the permanent pyc-
nocline, strengthening the upper ocean stratification (Brown
et al., 2020). This process can lead even to the absence of the
mixed layer near the sea ice keels (Randelhoff et al., 2017).
In contrast, in the winter, brine released from the refreez-
ing of sea ice promotes convection, deepening the mixed
layer (Brenner et al., 2021). Given that IW generation is de-
pendent upon ocean stratification, such seasonal variability
likely plays a role in the IW drag coefficient values. There-
fore, in this study, we perform our analysis using the data
averaged over the summer and winter months separately.
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Our study applies Gaussian Mixture Modeling (GMM) to
nondimensional parameters constructed from physical vari-
ables of the characteristics of the ice keels and the under-
lying ocean in the Arctic, aiming to identify mechanically
distinct regions that influence ice—ocean interactions. GMM
is an unsupervised clustering method that attempts to repre-
sent the data as a linear combination of K M-dimensional
Gaussian distributions (Reynolds, 2009). K is the number
of clusters that needs to be specified, and M is the num-
ber of input variables. Unlike other clustering algorithms,
such as k-means, that are deterministicc GMM is a proba-
bilistic approach to clustering. For each data point, it assigns
the probability of belonging to one of the K distributions;
hence, one can use these probabilities to assess the model
performance. GMM has previously been successfully used
in oceanographic problems involving complex, spatially vari-
able processes. For example, Jones and Ito (2019) employed
GMM to classify global regions based on ocean carbon bud-
get terms, and Ye and Zhou (2025) applied GMM to global
ocean temperature profiles. In this study, we apply GMM
to Arctic sea-ice and ocean flow data extracted from a cou-
pled sea-ice—ocean model output described in Flocco et al.
(2024). While there are inherent biases in and limitations to
using such model output, pan-Arctic observational datasets
of ice keel morphology and underlying ocean characteristics
are not currently available, though there are ongoing obser-
vational efforts in certain parts of the Arctic (Brenner et al.,
2021; Anhaus et al., 2025). Applying our analysis to a model
output allows us to examine a spatio-temporally coherent
dataset and obtain climatological and seasonal averages at
each grid point.

In this paper we present both the clustering analysis of the
Arctic sea ice-related nondimensional parameters and ideal-
ized numerical simulations for different nondimensional pa-
rameter regimes based on the clustering results. It is orga-
nized as follows. In Sect. 2, we present the idealized rep-
resentation of the ice keel-flow interaction and the back-
ground information for the internal wave drag parameteri-
zation by McPhee and Kantha (1989). In Sect. 3, we de-
scribe the four nondimensional parameters that characterize
ice keel-ocean interactions, the dataset that we use to calcu-
late these nondimensional parameters, and the GMM clus-
tering methodology. Section 4 outlines the set-up for numer-
ical simulations as well as the kinetic energy metrics used
to compare across the simulations. Results are divided into
two parts. In Sect. 5.1, we discuss our results for the clus-
ters based on time-averaged nondimensional parameter val-
ues, comparing across the different regimes guided by the
numerical simulation results. In Sect. 5.2, we describe the
spatial-temporal variability of the four nondimensional pa-
rameters and the effects of this variability on the parameter-
ized ice keel-induced internal wave drag Crw. We discuss
the implications of our results in Sect. 6.1 and limitations of
our approach in Sect. 6.2. Finally, in Sect. 7, we summarize
our findings, putting these results into the context of previ-
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ous studies and providing suggestions on future numerical
and observational work.

2 Internal wave drag parameterization and
nondimensional parameters

2.1 Problem formulation

Internal wave drag coefficient induced by moving ice keels,
Crw, provides a metric to quantify how sea ice interacts
with and impacts the stratified upper ocean. An existing
analytically-derived parameterization for Crw by McPhee
and Kantha (1989) considers a two-dimensional problem
with (x, z) representing horizontal and vertical directions, re-
spectively. A schematic view for this problem is shown in
Fig. 1. Keel geometry is set by its maximum depth /g and
horizontal spacing between keels L. This definition of hor-
izontal spacing follows previous theoretical works on flow
induced by rough topography (e.g., Bell, 1975), where L =
2n /ko for ko being the horizontal wavenumber of a sinu-
soidal topographic feature. McPhee and Kantha (1989) con-
siders sea ice underside roughness to be represented as in-
finitely many sinusoidal ice keels. Also, importantly, their
parameterizations are derived for small keel aspect ratios,
i.e., kohg < 1, and subsequently, small disturbances. Note
that the keel is depicted in Fig. 1 as a single Versoria shape
not a collection of continuous sinusoidal features, which will
be addressed in Sect. 4.

The forcing arises from the horizontal velocity of the drift-
ing ice relative to the underlying ocean current, with com-
ponents (i, v) = (Uice — Uocean, Vice — Vocean)- Combining the
two velocity components, we define relative forcing magni-
tude to be ug = v/u? + v? (see Fig. 1a). The vertical stratifi-
cation of the ocean is characterized as two layers: well-mixed
layer of depth zg with zero buoyancy frequency N = 0 sep-
arated by a sharp pycnocline with buoyancy jump Ab from
the lower weakly stratified layer with buoyancy frequency
Ny (see Fig. 1b).

McPhee and Kantha (1989) derives the IW drag coefficient
Crw by finding analytical expressions for horizontal velocity
u and vertical velocity w at the pycnocline and computing
the wave radiation Reynolds stress:

T = pit = pCrw uo*. 3)

Expressions for the velocities at the pycnocline # and w are
derived by matching wave solutions in the mixed layer and
the stratified interior at the interface. Ctw can then be ex-
pressed as the product of a drag coefficient for a fully strat-
ified water column, CpNw, and a damping factor I" that de-
pends on the buoyancy jump and mixed layer depth:

Crw =TI Cpaw. 4)

The damping factor I" accounts for the reduction of drag
due to finite mixed-layer depth. The formulations for Cpnxw
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and I' given in McPhee and Kantha (1989) and Flocco et al.
(2024) are written in terms of the six dimensional sea ice-
and ocean-related variables:

9™ (uo, No, ko, 20, Ab)
N§ ab \\ . )
=14+ u2k2 + m sinh (k()Z())
0} 0y

Ab -
- 5 sinh(Zkoz())) , (®))
koug

while the drag coefficient in a fully stratified (deep, non—
mixed-layer) ocean is

Clim (o, No, ko, ho) =

k()N()h% upko 2
1— . (6)

2 No
This formulation, implemented in a recent coupled ice—ocean
model (Flocco et al., 2024), reflects how variations in keel
geometry, current speed, stratification, and mixed layer depth
combine to regulate the efficiency of momentum transfer

from drifting ice keels into the ocean interior.
2.2 Nondimensionalization

Since these six dimensional quantities (ug, hg, ko, zo, Ab,
and Ny) span different units and scales, it is more effective
to describe the system in terms of four nondimensional ratios
that capture the relative importance of keel geometry, veloc-
ity forcing, and ocean stratification. These nondimensional
parameters reduce the number of free variables and provide
a compact framework to identify dynamical regimes.

The first two nondimensional parameters following the
classical flow-topography interaction theory are the lee wave
radiation parameter x defined in Eq. (1) and keel critical-
ity parameter J defined in Eq. (2). The combination of these
two nondimensional parameters is another nondimensional
parameter that measures keel steepness:

_ho hoko  xJ

L2 ow b ™

Greater ¢ corresponds steeper keel sides, i.e., to deeper
and/or less wide keels. However, as it is not independent of
the other nondimensional parameters, we will not explicitly
use it in our analysis.

The third parameter is the depth ratio 5, which quantifies
how far the keel protrudes below the mixed layer:

<0
= ®)
The larger 7 is, the smaller the keel is compared to the mixed
layer depth, and the larger the distance from the keel to the
pycnocline. This would potentially limit the keel’s ability to
generate disturbance at the pycnocline and radiate IWs into
the stratified interior.
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Figure 1. Schematic of sea ice keel moving relative to the ocean with (a) dimensions (width ¢ and maximum depth /() and speed of the
ice keel relative to the ocean (u(), and (b) vertical stratification of the underlying ocean (mixed layer depth z(, density jump across the

pycnocline Ab, and buoyancy frequency below the pycnocline Ny).

The final parameter is the Froude number that compares
kinetic energy of the forcing to the potential energy barrier
of the pycnocline and is related to the Richardson number Ri
in the McPhee and Kantha (1989) parameterization:

z_u%ko_ 1

Fr2= 2050 _ 9
"TAb " Ri ©)

Larger Fr (smaller Ri) corresponds to a weaker pycno-
cline and/or stronger forcing and has been previously found
to result in more unstable, supercritical flow conditions
(De Abreu et al., 2024).

We can then re-write the drag coefficient in the strati-
fied interior C3M, (Eq. 6) and the attenuation factor ['4im
(Eq. 5) using these four nondimensional parameters, which
will simplify our exploration and understanding of the pa-

rameter r egimes:

T B
C(x,J,n, Fr)= <1+ <P+W>Smh (xJn)

| —1
xJ? 5
CDNW(X,J)ZT 1 —x=. (11

3 Data and GMM Methodology

We use output from Flocco et al. (2024) based on the
ocean model NEMO (Nucleus for European Modelling of
the Ocean) version 3.6 (Storkey et al., 2018) coupled with
sea ice model CICE version 5.1 (Hunke et al., 2010). The
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model is atmospherically forced using NCEP-DOE-2 Re-
analyses data (Kanamitsu et al., 2002) over the 2000-2017
time period. The details of model set-up, implementation,
and validation are in Flocco et al. (2024), Storkey et al.
(2018), and Stroeve et al. (2018), which we summarize here.
Specifically, we use the reference run from their study, in
which the ice—ocean drag coefficient only includes form and
skin drag contributions calculated using the parameterization
from Tsamados et al. (2014) without the parameterized IW
drag. The model has 1° degree tripolar grid (approximately
40km grid resolution). It has 75 unevenly-spaced layers in
the vertical: 1 m spacing near the surface increasing to 2m
at 10 m depth and towards 200 m near the bottom, with 31
depth levels within the top 200 m aimed to resolved the near-
surface processes. The timestep is 2700s. Unresolved sub-
grid motions of the flow, i.e., the vertical mixing of tracers
and momentum, are parameterized using turbulent kinetic
energy (TKE) scheme (Storkey et al., 2018). The sea ice
model CICE accounts for the deformation of the sea ice cover
using an elastic anisotropic-plastic rheology model (Tsama-
dos et al., 2013) and for thermodynamical processes through
an energy-conserving thermodynamic model of sea ice (Bitz
and Lipscomb, 1999) and a melt pond model (Flocco et al.,
2010). The sea ice and ocean models are coupled through the
parameterized quadratic form drag (Tsamados et al., 2014).
The resulting dataset contains monthly-mean relevant sea
ice and ocean variables over the 18 year period. The model
output is, of course, merely an approximation of the real
ocean sea ice state, limited by modeling assumptions, e.g.,
resolution and parameterization of small-scale processes.
However, the goal of this study is to identify sea ice parame-
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ter regimes and parameter value ranges to ultimately improve
sea ice drag parameterizations in ocean models. Therefore, it
is adequate for this study to use an output from a sea ice-
ocean coupled model as a representative sample, but we dis-
cuss some implications of the modeling choices in the Flocco
et al. (2024) study for the parameter values in Sect. 6.2.

For each monthly time step and horizontal grid cell (at
given latitude and longitude) in the NEMOv3.6 and CI-
CEv5.1 model output from Flocco et al. (2024), we first com-
pute the four nondimensional parameters defined in Sect. 2.2
using the corresponding sea ice and ocean variables. Note
that the ocean velocity to compute uq is taken just below
the pycnocline. We then perform an initial filtering step
to remove all samples (i.e., individual time—grid coordinate
pairs) where the y falls outside the lee wave radiating range
0 < x < 1. For the total dataset, this excludes about 32 %
of the data points. In the summer months (June-August, de-
noted throughout text as JJA), approximately 17 % of data
points have x > 1, and in the winter months (December—
February, denoted throughout text as DJF), approximately
38 % of the data points have x > 1. In this regime, we would
expect no significant IW drag, so most of the drag on the
ice keels would be from form and skin drag. For each pa-
rameter, these filtered values are then averaged along the
time dimension at every spatial grid point. We examine three
separate time-averages: (1) annual-average, (2) average over
the summer months (JJA), and (3) average over the winter
months (DJF). Notably, our definition of the summer months,
while common, omits September, when the Arctic sea ice
extent and thickness are typically at their minimum, so we
could be omitting some shallow pycnoclines and small keel
depths from the summer analysis. The time-averaging col-
lapses the temporal variability into a single representative
statistic, producing one time-averaged value per parameter
for each horizontal grid cell across the model domain. To
further reduce the influence of extreme values, for each pa-
rameter, we remove spatial grid points whose value exceeded
the 95th percentile of that parameter’s distribution, thereby
reducing right-skewness and preventing a few extreme val-
ues from dominating the results. Filtering is applied in this
way to predominantly exclude values with extremely large
magnitudes. A grid cell was discarded if any of its param-
eter values fell outside its respective range. This two-stage
filtering process produces three sets (one for each averaging
period) of four time-averaged nondimensional parameters as
shown in Fig. 2. The effects of the seasonal differences of the
nondimensional parameters are discussed in Sect. 5.2.

GMM is an unsupervised clustering algorithm, similar to
K-means, which separates data points into K clusters in
M -dimensional space. Here, M = 4 because we have four
nondimensional variables. GMM was chosen because, unlike
the K-means algorithm, it accommodates elliptical cluster
shapes and provides probabilistic membership assignments,
allowing for uncertainty quantification in cluster classifica-
tion. The number of clusters K is not known a priori and
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has to be determined using the Bayesian Information Cri-
terion (BIC) as shown in Fig. 3. BIC score rewards higher
probability of a data point belonging to one of the clusters,
while punishing a large number of clusters. Therefore, one
can run a parameter sweep selecting the configuration that
minimized BIC across a tested range of the number of clus-
ters K. In this paper, we choose K = 6 because it is near the
BIC curve’s elbow point (Fig. 3) and offers a good balance
between model simplicity and interpretability, which dimin-
ishes with too many clusters (Jones and Ito, 2019).

For each time-averaging period (annual, summer, winter),
the GMM is fit to the entire dataset of nondimensional pa-
rameter values, treating each observation as an independent
sample in the four-dimensional parameter space. Cluster la-
bels are then assigned to each observation based on the max-
imum posterior probability as shown in Fig. 4, and the cor-
responding spatial patterns of these clusters are analyzed to
interpret the underlying physical regimes. We can also assess
the performance of the GMM algorithm by evaluating the
maximum posterior probability of the points assigned to each
cluster as shown in Fig. 5. Values of posterior probability
closer to unity indicate a high degree of confidence that the
point belongs to that cluster. Most of the points in all clusters
have large posterior probability values, and we find that al-
most all points within each cluster (more that 95 % of points)
have posterior probability of greater than 0.5. This suggests
that the clustering algorithm has distributed the samples with
a relatively high degree of confidence. However, some of the
larger clusters, e.g., clusters SO, S1, W0, and W1 (Fig. 5b,
¢, e, f), have patches with lower posterior probability, sug-
gesting that they could be broken into smaller clusters. We
will further discuss the implications of our choices for the
number of clusters and analysis of the clustering algorithm
performance in Sect. 6.2.

4 Numerical simulations

4.1 Set-up

In order to illustrate the differences in the dynamical regimes
for each cluster identified by the GMM, we perform nu-
merical simulations of the idealized problem shown in
Fig. 1. Similar to previous studies (e.g., Zhang et al., 2022;
De Abreu et al., 2024), our simulations are two-dimensional
in (x, z). Technically, the domain is two-and-a-half dimen-
sional with just one grid cell in the y-direction, and the ve-
locity in the y-direction can be non-zero but all derivatives
with respect to y are zero. Specifically, we solve the follow-
ing non-hydrostatic rotating Navier-Stokes equations with
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Figure 2. Spatial distribution of time-averaged four nondimensional parameters over the Arctic Ocean: (a—c) x defined in Eq. (1), (d—f) J
defined in Eq. (2), (g—i) n defined in Eq. (8), and (j-1) Fr defined in Eq. (9). Parameters are averaged over different time periods: (a, d, g, j)
annually, (b, e, h, k) summer months (JJA), and (c, f, i, 1) winter months (DJF). The post-processing of the variables is described in Sect. 3.
Note that colorbars vary across subplots and the magnitudes of J, n and Fr are shown on a logarithmic scale. Figure is made with Matplotlib
Basemap toolkit library (https://matplotlib.org/basemap/stable/, last access: 1 March 2026).
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Figure 3. Bayesian Information Criterion (BIC) scores for GMM fitted to the four-dimensional feature space composed of y, J, n, and Fr
averaged (a) annually, (b) over summer months (JJA), and (¢) over winter months (DJF). Models were fitted for cluster numbers ranging
from 1 to 19. Each model fitting was repeated 20 times with different random initializations to assess variability in BIC values; error bars
indicate 1 standard deviation.
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Figure 4. The spatial distribution of six statistically inferred regimes (K = 6), each represented by a unique color, over the Arctic Ocean
domain, derived from a GMM fitted to standardized time-averaged nondimensional parameter clusters across all spatial grid points. The
values are based on the values averaged over different time intervals: (a) annually, (b) over the summer months (JJA), and (c) over the winter
months (DJF). Clusters within each temporal averaging space are all ordered in the descending proportion of data points that belong to each
cluster (i.e., most data points belong to cluster 0). Figure is made with Matplotlib Basemap toolkit library (https://matplotlib.org/basemap/

stable/, last access: 1 March 2026).

the Boussinesq approximation:

P \Y

ouVu— fxu=—L 4oVt bk+ fupj, (12)
at 00

b

5, T Vb =KkV?b, (13)
V.u=0, 14

where u = (4, v, w) is the velocity in (x,y,z) directions,
p is pressure, b = —g(p — po)/po is buoyancy for density
p(x,z,t) and constant reference density pg, f = fj for lo-
cal Coriolis parameter f, j and k are unit vectors in y and
z directions, respectively, and v and « are kinematic viscos-
ity and diffusivity, respectively. For steady velocity forcing,
the term fug is added to the y-momentum equation anal-
ogous to the simulations by Klymak (2018) and Zemskova
and Grisouard (2021).

While the parameterization in McPhee and Kantha (1989)
was derived for a sinusoidal ice keel shape, in more re-
cent numerical studies (e.g., Skyllingstad et al., 2003; Zhang
etal., 2022; De Abreu et al., 2024), it has been more common
to model keel shape & (x) using a Versoria function

h002

T o2+ 4x2

h(x) 15)
with width o, which we also use in our numerical simula-
tions as shown in the schematic in Fig. 1. However, the CI-
CEv5.1 model output reports L rather than o and theoretical
nondimensional numbers are typically expressed in terms of
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ko (wavenumber of a sinusouidal keel), so we make the ap-
proximate connection that o = w/(2ko).

The equations are solved using Oceananigans.jl (Ramad-
han et al., 2020; Wagner et al., 2025) to take advantage of
the enhanced computational speeds by GPUs (Silvestri et al.,
2025). In its current implementation, an immersed boundary
grid to model an obstacle (e.g., bottom topography or an ice
keel) can only be specified along the bottom boundary. How-
ever, we can apply the property of the Boussinesq flows in
that the flow is symmetric when flipped vertically, assuming
that the buoyancy is also flipped in sign. That is, for example,
in the Boussinesq approximation, cool dense water sinking
and warm light water rising appear as vertically-flipped mir-
ror images. Therefore, we model a flipped version of Fig. 1
by imposing a Versoria-shaped (Eq. 15) immersed boundary
along the bottom of the domain and initializing the buoyancy
profile as

bo(2)
1 2 —H—-2720—2
=—(Ab—No (—H—zo—z)> I—tanh ——2==)), (16)
2 M

where H is the maximum depth of the domain and p is the
pycnocline width taken to be 0.5 m for all simulations. The
width p is taken to be a small finite value to represent a sharp
pycnocline yet to maintain numerical stability of the simu-
lations. However, it can also be varied after examining ob-
servational measurements of the stratification profiles in the
Arctic, thus creating a fifth nondimensional parameter.
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Figure 5. Posterior probability maps for each of the six clusters identified by the GMM, based on time-averaged standardized nondimensional
parameters (x, J, n, and Fr). The clusters are based on the values averaged over different time intervals: (left) annually “A”, (middle) summer
(JJA) “S”, and (right) winter (DJF) “W”. Each subplot shows the posterior confidence that a given spatial grid cell belongs to the respective
cluster. Clusters within each temporal averaging space are all ordered in the descending proportion of data points that belong to each cluster
and the proportion is shown in each subplot title.
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In order to avoid reflections off the top rigid-lid surface,
we implement an exponential sponge layer e~ /25 with § =
—H /20, which corresponds to the sponge layer being ap-
plied within approximately the top 20 m. Within the sponge
layer, the flow is relaxed with a damping rate of 1/(20A¢)
to the initial conditions: by(z) for buoyancy, uq for u, and
zero for w. In order to maintain numerical stability of the
simulations, we take values for v, «, and At similar to those
of De Abreu et al. (2024), namely, v =k = 103 m2s~! and
At =6x1073s. However, unlike De Abreu et al. (2024), we
do not apply sponge layers along the left and right bound-
aries, as these sponge layers were found to trigger artificial
disturbances that travel downstream generating flow insta-
bilities. Instead, we set the horizontal boundaries to be peri-
odic and run the simulations for 6 h, which we found to be
enough time for the flow to reach a quasi-steady state, but
not enough time for the instabilities re-entering the domain
through the periodic boundaries to reach the topographic ob-
stacle. Finally, we set f = 1.36 x 10~*s~! corresponding to
70° N, though rotation is not likely to significantly influence
the simulations as the total length of the simulation time is
less than one inertial period (= 12.8 h).

The domain for all numerical simulations is x €
[-Lx/2,L,/2] for Ly =1200m and z € [-H,0] with H
varying depending on the mixed layer depth for the simula-
tion (see Table 1). For all simulations, we set ug =0.1ms~!
and width of the Versoria-shaped obstacle (i.e., ice keel) as
in Eq. (15) to be 0 =40 m. Recall that kg = 7/20. We then
compute all other dimensional parameters using the nondi-
mensional parameter values as:

k kou? J
= 100 Ay =200 =X andzg= —nho. (1)

N - 1)
0 X Fr? ko

We perform nine numerical simulations: one for each of
the annually-averaged clusters AO—5 and additionally for two
summer clusters (SO and S2) and one winter cluster (W2).
The additional clusters are selected based on relatively large
predicted Crw from the parameterizations as will be shown
in Sect. 5.2. These additional clusters also allow us to inves-
tigate the parameter regime were the ice keel protrudes be-
low the mixed layer depth, i.e., n < 1 (hg > z0), or the keel
depth is close to the mixed layer depth, i.e., n ~ 1 (hg ~ 20),
which is not represented by the mean values of clusters A0-5.
The numerical simulations are set up taking the mean nondi-
mensional parameter values x, J, n, and Fr for each of the
GMM clusters. These values are summarized in Table 1 and
are further discussed in Sect. 5. The horizontal resolution is
the same for all simulations (N, = 4096 grid points), but the
vertical resolution varies to allow approximately the same
number of points within keel height £ as shown in Table 1.

4.2 Analysis metrics

To minimize the influence of the flow re-entering through
periodic boundary conditions on the interpretation of our re-
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Table 1. Mean values of each of the four nondimensional parame-
ters, simulation domain depth H, and vertical number of discretiza-
tion points N; for each of the numerical simulations performed in
this study (A0-5, SO, S2, W2) described in Sect. 4.. The extent of
each cluster is shown in Fig. 4. The nondimensional variables are
defined in text: x in Eq. (1), J in Eq. (2),  in Eq. (8), and Fr in
Eq. (9).

Cluster X J n Fr H (m) N;
number

A0 0.32 2.9 2.0 0.054 350 1024
Al 0.31 2.2 3.7 0.088 350 1024
A2 0.43 0.70 6.8 0.26 350 2048
A3 0.28 1.5 9.3 0.12 350 2048
A4 0.48 0.21 58 0.6 350 4096
A5 0.38 0.89 47 0.22 700 4096
SO 0.17 82 0.13 0.075 200 1024
S2 0.33 1.9 0.81 0.24 200 1024
W2 0.41 0.93 1.7 0.16 200 1024

sults, we limit the horizontal extent of the region of analysis
for numerical simulations to x € [—200, 200] m. All horizon-
tal averages and integrals are performed only within these
bounds. Also, in order to be consistent with the orientation
of ice keel being at the surface (rather than along the bottom
as in the numerical simulation set-up), all of the subsequent
equations and figures will be shown in terms of 7 = —H —z.

In order to compare the flow dynamics across the numer-
ical simulations with different parameter regimes, we com-
pute the fluctuating kinetic energy

Ex(x.?) =%<u/(x,2)2+w(x,2)2) (18)

and fluctuating kinetic energy dissipation

. aw'\? (o' \> [ow\® [ow)\’

where u/(x,Z) = u(x,Z) —ug is the velocity of fluctuations
defined as the deviation of horizontal velocity u from the
background ug. This is a common way to define pertur-
bations and compute fluctuating (or turbulent) kinetic en-
ergy budget terms in numerical simulations involving inter-
nal waves (e.g., Nikurashin and Ferrari, 2010b; Shakespeare
and McC. Hogg, 2018; De Abreu and Timmermans, 2026).
Note that in this definition of fluctuating kinetic energy bud-
get terms, we include both the internal waves and smaller
scale motions.

We then compute the area-averaged integrals of Ex and e
in three different vertical regions to understand the effects of
the different parameter regimes on the flow. The first region
denoted by subscript pyc is around the pycnocline, which we
define to be zop £ 10m, and the integral is notationally ex-
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pressed as

200 zo+10

1
.z dx. (20)

<'>pyc = -
APYC
—200 zp—10

The second region denoted by subscript above is above the
pycnocline, that is between the pycnocline and the ice keel,
i.e.,

200 —ho/3

1
.dZdx. 1)

Agbove
—200 zp+10

()above =

The upper bound is taken to be Z = —h¢/3 to exclude nu-
merical boundary layer effects due to the immersed grid. The
third region denoted by subscript below is below the pycno-
cline, i.e.,

1 200 zp—10
.dZdx. (22)
Abelow
—200 —H+50

<'>be10w =

The lower bound is taken to be z = —H + 50 m to exclude
the sponge layer. In Egs. (20)—(22), Apyc, Aabove, and Apelow
are areas of each respective region. We report values that are
time-averaged over the last hour of the simulation to account
for any small-scale temporal fluctuations.

We expect that most of the influence of the ice keel on the
flow will be confined within the mixed layer, i.e., above the
pycnocline. As we aim to quantify the relative influence of
the ice keel on the pycnocline and the stratified interior of
the ocean below the pycnocline, for each simulation we also
compute the ratios:

<EK)above <€K)above (EK)above (ﬂ()above
(Ex)below (€K )below (Ex)pyc 7 (€k)pyc

(23)

The smaller magnitudes of these ratios indicate greater ef-
fects of the keel on the energy propagation and dissipation
within the pycnocline region and below the pycnocline.

5 Results

5.1 Annual-mean cluster parameter regimes and flow
characteristics

We first focus on the GMM clusters identified based on the
annually-averaged data identifying their geographical extents
and discussing differences in flow characteristics below the
sea ice based on the illustrative numerical simulation results.
Figure 4a shows these six clusters within the Arctic region
identified by applying GMM to four time-averaged nondi-
mensional parameters. Each cluster reflects different oceano-
graphic and sea ice conditions as will be discussed below.

https://doi.org/10.5194/tc-20-4721-2026

These clusters exhibit coherent geographic patterns despite
latitude and longitude not being used as input variables for
the clustering.

Before discussing the nondimensional parameter regimes
for each of the clusters, we first put their geographical distri-
butions in perspective using the Arctic clusters derived by
Simon et al. (2025) based on the spatio-temporal patterns
of sea ice concentration (SIC) observations over the 1979—
2023 time period. This previous study categorized the Arctic
based on the seasonal SIC cycle into three categories: per-
manent sea ice cover (fully ice covered in winter and mini-
mum of 70 % SIC in the summer), full winter cover (mostly
ice-free in the summer), and partial winter cover (maximum
70 % SIC in the winter and ice-free in the summer). Cluster
A0, which is the largest cluster (Fig. 5a), occupies the central
Arctic basin. This cluster mostly corresponds to the region
in Simon et al. (2025) characterized by permanent sea ice
cover consistently throughout their time period of considera-
tion. Cluster Al (Fig. 5d) extends outward from Cluster AO.
Comparing its spatial extent with the analysis by Simon et al.
(2025), this region is still mostly within parts of the Arctic
that are permanently covered by sea ice but undergoing tem-
poral shifts in the seasonal SIC cycle. Clusters A2 (Fig. 5g)
and A3 (Fig. 5j) predominantly correspond to the full winter
sea ice cover regions (Simon et al., 2025), with A2 covering
mostly outer parts of the Eurasian basin of the central Arctic
and A3 occupying coastal regions. Finally, the smallest clus-
ters A4 and AS (Fig. 5m, p) occupy boundary regions falling
predominantly within the partial winter sea ice cover regions
identified by Simon et al. (2025).

Now that we have identified the geographic patterns of
each of the clusters, we will compare the nondimensional
parameter regimes associated with each cluster. The distri-
butions of each of the nondimensional parameters separated
by the GMM cluster are shown in the left column of Fig. 6.
In this subsection, we will focus on the mean values of the
nondimensional parameters for each cluster (Table 1) and
discuss the dynamics of the different parameter regimes sup-
ported by the numerical simulations results. Snapshots of
the flow fields for the numerical simulations are shown in
Figs. 7-8 and the energetics metrics are summarized in Ta-
bles 2-3.

Broadly speaking, the central Arctic clusters A0 and Al
that fall within the permanent sea ice cover regions are char-
acterized by relatively small values of depth ratio 1 (Fig. 6g)
and Froude number Fr (Fig. 6j) and large values of keel
criticality J (Fig. 6d). Large values of J and small values
of n indicate that keels in this region possess strong poten-
tial to overcome stratification and drive vertical mixing. In
the numerical simulations, we find large turbulent veloci-
ties (Fig. 7a, e) and dissipation rates (Fig. 7c, g), in partic-
ular above the pycnocline. Out of the six annual clusters,
we find the largest amount of kinetic energy and dissipation
rates in all parts of the domain (above, below, and within
the pycnocline) for these two clusters (Table 2). The strat-
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Figure 6. Distribution of nondimensional variables across six GMM clusters for different averaging periods: (a, d, g, j) annual, (b, e, h, k)
summer months (JJA), and (c, f, i, ) winter months (DJF). For each averaging period, the spatial distributions of the clusters are shown in
Fig. 4. Each subplot corresponds to a single parameter: (a—c) yx, (d—f) J, (g-i) 1, and (j-1) Fr. Individual boxes show the interquartile range,
median, and outliers for each cluster. Note that keel criticality parameter J (d—f) and depth ratio n (g-i) are plotted on a log scale to easily

compare across clusters and seasons.

Table 2. Area-averaged turbulent kinetic energy Ex and turbulent kinetic energy dissipation eg averaged over the last hour of each numerical
simulation. The regions of the simulation domain (within the pycnocline pyc, above the pycnocline above, and below the pycnoline below)

are defined in Egs. (20)-(22). The units for (Ek) terms are m2s~

the pycnocline are not computed because the mixed layer depth is too shallow (< 15 m).

2 and for (ek) terms are m?2 s~3. For simulations SO and S2, values above

Cluster < Eg>apove < EK>pyc < EK>below < €K>above < €K>pyc < €K>below

(1073) (1073) (1079) (10~%) (10~%) (10~%)
A0 420 55 0.59 110 47 9.7x 1072
Al 100 15 0.56 8.2 54  24x1072
A2 3.3 2.0 0.43 27 91x1072  7.7x1073
A3 35 40 7.2x1072 1.3 027 6.0x1073
A4 0.18 4.8x1073 1.0x 1073 0.68 88x107° 1.5x107°
AS 32 1.1x1072 2.6x107 0.18 1.0x1073 97x107°
SO - 330 380 - 27 8.2
S2 - 360 56 - 74 2.7
w2 220 130 25 79 55 0.14
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Figure 7. Snapshots from numerical simulations set with nondimensional parameters for GMM clusters (a—d) A0, (e-h) A1, and (i-1) A2:
(a, e) turbulent horizontal velocity u — u, (b, f) buoyancy perturbations, i.e., deviations from horizontally-averaged b(z), (c, g) log of kinetic
energy dissipation e, and (d, h) buoyancy deviation from initial conditions Ab = b(z) —bg(z). The thick black horizontal black lines in each
subplot indicate the pycnocline Z = zq and horizontal dotted lines delineate Z = zo &= 10 m. In (a)—(c), (e)—(g), and (i)—(k), dashed vertical
lines delineate the region x € [—200, 200] m, which is used for horizontal averages and integrals. All snapshots are for the last timestep (after

6 h) of simulation time.

ification in the vicinity of the pycnocline is also perturbed
with evidence of small-scale turbulent motions, and the de-
viation from the initial stratification Ab is the largest across
all simulations (Fig. 7b, d, f, h). However, the small Fr val-
ues reflect strong density stratification, which may suppress
sustained turbulence and limit mixing to localized, shear-
driven interfaces. We find energy propagation below the py-
cnocline into the stratified interior to be small (large values
of (Ex)above/ (EKbelow and (€K)above/ (€K )below in Table 3).
This suggests that the large value of density jump across the
pycnocline (small Fr) can inhibit the effect of the ice keel de-
spite the small value of 7 (so keel depth is the largest relative

https://doi.org/10.5194/tc-20-4721-2026

to mixed layer depth in comparison to other clusters). Com-
paring the two clusters, cluster Al has smaller J and larger n
than cluster A0. As a result, despite having larger value of Fr
and thus smaller potential energy barrier at the pycnocline,
the keel is less likely to reach or perturb the pycnocline, re-
ducing mechanical coupling compared with cluster A0, thus
smaller amount of kinetic energy and dissipation rates. How-
ever, because of a smaller density jump across the pycnocline
(larger Fr), the lee-wave signature below the pycnocline is
more coherent and the relative energy propagation below the
pycnocline is larger (smaller values of (EK)apove/{EK)below
and (€K) apove/ (€K ) below) cOompared to cluster AO.
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Figure 8. Same as Figure 7 but for (a—d) Cluster A3, (e-h) Cluster A4, and (i-d) Cluster AS. Note that the colorbar in (b), (f), (j) for the

buoyancy plots are different from those in Fig. 7.

Cluster A2 continues this trend moving away from the
Central Arctic Ocean towards parts of the Arctic that are
only fully ice-covered in the winter with smaller keel crit-
icality J and larger depth ratio n and Froude number Fr,
pointing to a weaker pycnocline and greater susceptibility
to intermittent IW activity below the pycnocline. It also has
larger values of lee wave radiation parameter x in compari-
son to the other Central Arctic Ocean clusters. The numeri-
cal simulations show overall smaller magnitude Ex and ek
and less turbulent motions around the pycnocline (Fig. 7i-1)
compared to central Arctic clusters AO—1 simulations, most
likely due to smaller J (reduced nonlinearity of the flow) and
larger n (small keel compared to mixed layer depth). How-
ever, because of larger Fr, wave energy propagation into

The Cryosphere, 20, 4721-4746, 2026

the stratified interior below the pycnocline is larger (smaller
(EK) above/ { EK ) below) 1N comparison to clusters AO—1.
Cluster A3 exhibits a blend of characteristics: keel crit-
icality J larger than that of A2 suggesting some nonlinear
flow motions, and intermediate stratification strength with
Fr smaller than that of A2 but larger than those of AO-1, and
depth ratio n larger in comparison to the central Arctic clus-
ters AO-2 and smaller in comparison to marginal ice clusters
A4-5. These conditions suggest lee wave generation and in-
termittent mixing, likely governed by the interplay between
moderate mechanical forcing and stratification. Indeed, we
find lee waves radiating below the pycnocline in the numer-
ical simulations for this regime (Fig. 7i-1). While Ex and
ek are smaller in magnitude in comparison with those for

clusters A0O-2, kinetic energy around the pycnocline (Ex)pyc
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Table 3. Ratios of kinetic energy metrics to estimate the relative ef-
fects of the ice keel on the pycnocline and stratified interior below
the pycnocline in each numerical simulation. Area-averaged turbu-
lent kinetic energy Ex and turbulent kinetic energy dissipation eg
averaged over the last hour of each numerical simulation. The re-
gions of the simulation domain (within the pycnocline pyc, above
the pycnocline above, and below the pycnoline below) are defined
in Egs. (20)-(22). SO and S2 are omitted because for those two sim-
ulations, values above the pycnocline are not computed because the
mixed layer depth is too shallow (< 15m).

E € Ve E above € above
Cluster {pfjsbese  {GHaboe <<1:]"<K>>§yc <<§K)>'§yc
A0 800 1500 7.7 2.4
Al 200 370 6.8 1.4
A2 8.3 370 1.7 30
A3 490 220 8.9 5.0
A4 180 4.5x10% 38 7.7x 103
A5 1.2x 104 19x104 280 180
W2 84 550 1.8 15

and above the pycnocline (EK),pove 1S relatively large (Ta-
ble 2). The dissipation within the pycnocline region is rela-
tively small (larger value of (€K )apove/ (€K)pyc) POssibly due
to smaller Froude number (or stronger pycnocline).

Clusters A4-5 represent boundary or transitional regimes
characterized by large values of n, i.e., a much deeper mixed
layer in comparison to the keel depth (Fig. 6g). Data points
within cluster A4 have more extreme or distinctive parame-
ter values (e.g., largest mean Fr and x and smallest mean
J) and the largest variability within the cluster. We find that
the ice keel has negligible effect on the flow for these param-
eter regimes (Fig. 8e-1). Both Ex and ex are smaller by at
least 2-3 orders of magnitude in the numerical simulations
for these clusters compared with the other clusters (Table 2)
as wave propagation is getting suppressed by the deep pyc-
nocline. The only notable exception is that (Ex) above the
pycnocline is larger cluster AS simulation than that of clus-
ter A4 simulation and comparable to that of cluster A2, most
likely due to a steeper keel (larger keel criticality J).

The numerical simulations presented here do not exhaus-
tively capture the variability in the dynamical regimes and are
primarily for illustrative purposes. However, through these
simulations, we can already observe how differences in the
nondimensional parameters change the flow characteristics,
IW generation, propagation, and dissipation. For example,
in general, we find that the amount of fluctuating KE and
KE dissipation increases with increasing J (steeper keels,
increased nonlinearity of the flow) and decreases with in-
creasing 7 (keel further away from the pycnocline) with more
complicated correlations with x and Fr, though these rela-
tionships will need to be investigated thoroughly with a more
comprehensive parameter sweep.
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5.2 Seasonal variability of nondimensional parameters
and internal wave drag estimates

While in the previous section we explored specific combi-
nations of parameter values associated with each cluster in
order to qualitatively assess their effects on the flow, in this
section, we consider the spatial and seasonal variability of
the nondimensional parameters in order to identify the ranges
of values that are relevant to the sea ice keels. We then ex-
plore how this variability translates to the variability of IW
drag values estimated from the McPhee and Kantha (1989)
parameterization in Eqgs. (10)—(11).

Seasonal differences between the summer- and winter-
averaged distributions of the nondimensional parameters are
shown in Fig. 2. Winter months are characterized by larger
values of lee wave radiation parameter x due to larger rel-
ative ice keel speeds ug, especially in the Eurasian basin
(Fig. S1b, c in the Supplement), and smaller buoyancy fre-
quency Ny in the stratified interior throughout most of the
Arctic (Fig. S1h, i). Smaller Ny and larger u( in the winter
than in the summer also yields smaller keel criticality val-
ues: over most of the Arctic, J < 1 in the winter and J > 1
in the summer (Fig. 2e, f). The seasonal differences in the
depth ratio n are mostly due to the differences in the mixed
layer depth z¢ (Fig. Sln, o) rather than the keep depth hg
(Fig. S1k, 1). From these estimates, we find n < 1 (mixed
layer depth shallower than the keel depth) for most of the
Arctic in the summer (Fig. 2h) and n > 1 (z9 > ho) in the
winter (Fig. 2i). Froude number Fr is larger during the win-
ter months in comparison to the summer (Fig. 2k, 1), with
particularly larger in the Eurasian Basin in the winter. This is
due to smaller buoyancy jump across the pycnocline Ab in
the winter (Fig. S1q, r) and larger relative keel speeds in the
winter (Fig. S1b, c). Interestingly, the seasonal differences
in the keel horizontal wavenumber ko (Fig. Sle, f) are not
strongly reflected in the seasonal differences of the nondi-
mensional parameters. Overall, kg is smaller in the winter,
which would make x and Fr smaller in the winter, but we
do not find that to be the case.

The spatial distribution of GMM clusters also high-
lights the seasonal differences in nondimensional parameters
(Figs. 4-5). For the annually-averaged data, the largest clus-
ter AO (40 % of data points, Fig. 5a) encompasses most of
the central Arctic. In contrast, for the summer- and winter-
averaged data, the central Arctic is more evenly and clearly
divided into the Amerasian (SO in Fig. 5b and WO in Fig. 5¢)
and Eurasian (S1 in Fig. 5h and W1 in Fig. 5f) basins. In both
basins, the values of x, 1, and Fr are overall smaller and the
values of J are larger in the summer than in the winter. The
nondimensional parameter ranges are different between these
clusters and the inter-cluster differences vary across seasons.
For example, in the winter months, we find larger values of
J, n, and Fr (Fig. 6f, i, 1) in the Eurasian basin than in the
Amerasian basin, but the opposite to be the case in the sum-
mer months.
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As captured by the IW drag parameterization in Egs. (10)—
(11) and observed based on the kinetic energy metrics in
Sect. 5.1, the effects of the nondimensional parameters on
these quantities is nonlinear. To explore whether IWs might
play an important role in certain parts of the Arctic, we plot
in Figure 9 the pair-wise distributions of nondimensional pa-
rameters x, J, n, and Fr calculated based on ice keel and
ocean variables averaged annually (first column from the
left), over the summer months (second column from the left),
and over the winter months (third column from the left).
Ultimately, we wish to perform numerical simulations with
parameter sweeps over these nondimensional parameters to
test parameterization schemes included in regional and large-
scale models, so it is important to limit the range of values
for such sweeps. The pairwise distributions help us iden-
tify combinations of parameter values that might not need
to be as thoroughly explored, e.g., combinations of (i) large
x and large J (Fig. 9a—c), (ii) large J and large n, and (iii)
large J and large Fr. Furthermore, the breakdown of the
pairwise distributions into the GMM clusters helps us iden-
tify combinations of nondimensional parameter values that,
while present in the Arctic, might be less ubiquitous. For ex-
ample, clusters A4, AS, and W4 show a high variability with
respect to values of n and Fr (Fig. 6g, i, j, 1), but each of
them contains less that 15 % of all the data points in the Arc-
tic (Fig. Sm, o, p). Therefore, even though the pairwise dis-
tribution shows values over the full range of n — Fr space
(Fig. 9u, w), we find that most of the points (possibly over
85 %) have smaller values of (< 10) and Fr (< 0.5).

These pairwise distributions are compared with the dis-
tribution of the IW drag values predicted from the McPhee
and Kantha (1989) parameterization Crw (Fig. 9, right col-
umn), where red (blue) colors indicate Crw values larger
(smaller) than the canonical form drag coefficient value of
Cp = 5.5 x 1073, For example, in the y — J space (Fig. 9a—
d), we find that most points in the Arctic for all time aver-
ages fall within the range of nondimensional parameter val-
ues that produce Crw > Cp. The joint distributions also il-
lustrate the temporal variability of the nondimensional pa-
rameter regimes. For example, Crw is large for large values
of J and small values of n (Fig. 9h, p). This pocket is not
well-populated with data in the annual and winter distribu-
tions (Fig. 9e, g, m, o) but become pronounced in summer
(Fig. 91, n), when the distributions shift toward larger J and
smaller 1, thereby intersecting the regions of large Crw val-
ues. In the J — Fr space (Fig. 9q-t), larger Crw are found
for Fr 2 0.5 and J < 3. While some points in the annual-
and winter-averaged fall within this space, many of the the
summer-averaged points have smaller F'r values, and subse-
quently smaller predicted Cryw.

While subplots in the right column of Fig. 9 shows the
dependence of Crw for pairwise distributions of the nondi-
mensional parameters, it still does not capture the full vari-
ability in the four-dimensional space. We now plot the dis-
tribution of values of Crw for each cluster (annual, summer,
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and winter clusters) computed using Eqs. (4) and (10)—(11)
based on the distribution of all four nondimensional num-
bers for each cluster (Fig. 10a—c). For the clusters using the
annually-averaged values, unsurprisingly, clusters A4-5 with
larger 7 (i.e., smaller ice keel depth relative to the mixed layer
depth) have smaller Crw, which is consistent with the ener-
getics metrics discussed in Sect. 5.1. The parameterization
also predicts clusters AO-1 to also have smaller IW drag,
possibly because of smaller values of Froude number Fr
(£ 0.1), despite having relatively large keel criticality J and
small depth ratio n values (Fig. 6d, g, j). When considering
seasonally-averaged data, we find the parameterization pre-
dicts larger values of Cpw in some parts of the Arctic in com-
parison to the Crw estimated based on the annually-averaged
data. For instance, some of the marginal ice clusters (S2—4,
W2-3) and even Central Arctic Ocean clusters (summer Am-
erasian basin SO and winter Eurasian basin W1) have Crw
values larger than those for any of the annual clusters.

Now that we have explored the spatio-temporal variability
of the nondimensional parameters and the subsequent vari-
ability in the predicted values of the IW drag, we put these
findings into a broader context in the next section.

6 Discussion
6.1 Implications

In this study, we perform GMM clustering over four nondi-
mensional parameters (lee wave radiation parameter x, keel
criticality J, depth ratio n, and Froude number Fr) to iden-
tify parts of the Artic that have similar distirbutions of
these parameters. Our clustering is performed both on the
annually-averaged data and data averaged over the summer
and winter months separately to deduce any seasonal pat-
terns. We find that GMM clustering generally performs well
to separate the spatial patterns of perennial multi-year ice
(AO-1, SO-1, and WO0-1) and of seasonal first-year ice zones
(A2-5, S2-5, W2-5) identified based on maps from Serreze
and Meier (2019) and Simon et al. (2025). The seasonal clus-
ters also spatially separate the Eurasian (S1, W1) and the
Amerasian (S0, WO0) basins for both seasons. This agrees
with the current understanding of the noticeable differences
between the two basins, for example, in terms of the seasonal
stratification (Brown et al., 2020). Our estimates of KE dissi-
pation rates from the idealized numerical simulations and the
estimates of Crw from the current parameterization both in-
dicate a differences between the regions of perennial sea ice
and seasonal sea ice. This can be important as the proportion
of perennial sea ice in the Arctic has been decreasing in the
past three decades (Serreze and Meier, 2019).

One of the significant contributions this study is identi-
fying parts of the Arctic that potentially have elevated val-
ues of IW drag — but are these values large enough? We
can estimate the relative importance of the IW drag by com-
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Figure 9. (left three columns) Pairwise ellipse plots showing the cluster-mean values and associated variability across six GMM-identified
regimes (columns from left to right: Annual, Summer (JJA), Winter (DJF)). Each colored ellipse is centered at the cluster mean for the
variable pair shown and spans two standard deviations along each axis, capturing the internal spread of that cluster. (right column) internal
wave drag Crw induced by the ice keel calculated from the parameterization expression over the joint pairwise parameter range. The values
of Crw are plotted on a logarithmic scale and the white values (center of the colorbar) corresponds to the canonical ice-ocean drag coefficient
value of Cp = 5.5 x 1073 (log(Cp) = —2.26). Subplots on each row correspond to the following pairs: (a-d) x—J, (b=h) x—n, (i-1) x—Fr,
(m-p) J-n, (q-t) J-Fr, and (u-x) n—Fr. Note that the grey shaded region in (p) represents undefined values in the parameterization due to

the large values of J and 7.

paring the Crw values from parameterizations with skin Cg
and ice-ocean drag coefficients Cj, estimated from observa-
tions (Fig. 10a—c). We take the skin drag coefficient value of
Cs =7 x 107* from the measurements under unridged sum-
mer ice by Reifenberg et al. (2025). The range of values
for Cj, is estimated from various observational studies: 1.3—

https://doi.org/10.5194/tc-20-4721-2026

12.3 x 1073 (Beaufort Sea, annual cycle by Brenner et al.,
2021), 4-6 x 1073 (Amudsen and Nansen Basins, summer
by Fer et al., 2022), 1-10 x 1073 (Canada Basin, annual cy-
cle by Cole et al., 2017), and 1-10 x 1073 (average value
of 3.4 x 1073, Nansen Basin in July by Randelhoff et al.,
2014). However, notably, Kawaguchi et al. (2024) measured
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Figure 10. Distribution of internal wave drag Crw induced by the ice keel calculated from the parameterization expression for each of the
clusters based on data averaged: (a, d) annually, (b, e) over the summer months (JJA), and (c, f) over the winter months (DJF). Panels
(a)—(c) show the values of Crw, with grey shaded region representing the range of ice-ocean drag coefficients Cj, and skin drag coefficient
Cg estimated from observations. Panels (d)—(f) show the ratio between the parameterized values of Crw for each cluster and the canonical
ice-ocean drag coefficient value of Cp = 5.5 x 1073, Note that in (a)—(c), in order to better see the differences across clusters with larger
internal wave drag, the y—axis is cropped; so values for some clusters that fall below log(Crw) = —10 and are too small to be shown. Also,
note that in (d)—(f), the vertical y-axis is broken into two intervals [0, 0.2] and [0.2, 10] in order to show the distributions for clusters with

both small and large values (e.g., cluster W3).

that Cj, can be as large as 0.13 at times. We also make com-
parisons to the canonical ice-ocean drag coefficient value of
Cp = 5.5 x 1073, which is approximately in the middle the
Cio range (Fig. 10d—f). When the IW drag estimates are made
with the annually-averaged data, we find that the Crw values
are typically smaller than the measured C and Cj, values and
mostly less than 10 % of Cp. In the regions of perennial sea
ice (e.g., SO-1, WO-1), Crw is still smaller in comparison
to the form and skin drag coefficients; we find that at most
only 50 % of the points in those clusters have IW drag coef-
ficient values larger than Cp (Fig. 10d—f). However, in some
marginal ice zones (e.g., S2-3, W2), Crw can be 10 %-20 %
on average (or even larger for some points) of Cp. The Crw
values for cluster W3 (along Greenland and in the Chukchi
Sea) can be as large as or exceeding Cp. Combined, these
clusters contain about a third of all data points that we ex-
amined over the Arctic for each season (cf. Fig. 5). So, even
though the IW drag may be relatively not as important in the
pack ice regions in the Central Arctic Ocean, it could be im-
portant in the marginal zones, especially in the winter.

It is important to note that the values for the IW drag co-
efficient Crw presented here are calculated using the param-
eterization by McPhee and Kantha (1989). This parameteri-
zation was developed for a two-dimensional model assuming
small keel height &, i.e., small topographic criticality param-
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eter J for a fixed stratification Ng and relative keel speed ug.
A study by Johnston et al. (2026) recently assessed the pa-
rameterizations of form drag for flow over seamounts. They
found that the disagreement between numerical simulations
and the two-dimensional parameterization also derived for
small mount heights (Bell, 1975) increased as J increased.
Specifically, they found that the parameterization underes-
timated the form drag more in comparison to the numeri-
cal simulations for larger values of J: at J = 1, the param-
eterized drag was only about one third of the value calcu-
lated from the simulations. Their results suggest that the cur-
rent parameterization for Crw by McPhee and Kantha (1989)
might also be underestimating the drag at larger values of
J. In this study, we find many points in across the Arctic
with J 2 1: 67 % of all grid points in the annual average,
91 % during the summer months, and 7 % during the winter
months. Our findings indicate that this supercritical regime
J 2 1 might be an important parameter regime, especially
during the summer, but it is not well-represented by the cur-
rent parameterization and needs to be re-evaluated through
future numerical studies.

Another assumption made in the McPhee and Kantha
(1989) model of ice keel-flow interaction is that the pycn-
ocline lies below the ice keel, meaning that the depth ratio
n is greater than unity. However, in the summer, the canon-
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ical mixed layer can be absent in parts of the Arctic, such
that even the near-surface ocean layers are stratified (Randel-
hoff et al., 2017). We also find that approximate 67 % of data
points in the summer months (and 1.9 % for the annual and
8.4 % for the winter data) have the depth ratio n < 1. For the
idealized numerical simulations conducted to assess the pa-
rameterization of Crw, the absence of the mixed layer does
not pose a problem, as it would be just the limiting case of
setting the nondimensional parameter 7 to zero (as the mixed
layer depth zp = 0). In on our preliminary numerical simula-
tions (clusters SO, S2, W2) with the mixed layer depth less
than or about the keel depth (n < 1), we find kinetic energy
and dissipation rates to be larger by at least an order of mag-
nitude in comparison to the other parameter value combina-
tions examined in the numerical simulations here (Table 2).
In particular, in cases with n < 1 considered here (SO and
S2), we find an energetic flow field with many small-scale
motions that are possibly enhancing the energy cascade and
dissipation (Fig. 11a—c, e—g). Overall, we would expect that
smaller n would enhance the IW generation and the IW drag
as the ice keel would be in a more direct contact with the
stratified layer, potentially without the buffer of the mixed
layer. Therefore, the parameter regime of such smaller 1 val-
ues might not be well-captured in the current IW drag param-
eterization and needs to be further explored through numeri-
cal simulations.

With recent GPU-acceleration of computational fluid dy-
namics numerical codes (e.g., Oceananigans.jl), Johnston
et al. (2026) conducted a large numerical simulation sweep to
test the existing parameterizations for the drag due to steady
and tidal flows interacting with topographic obstacles along
the ocean floor (i.e., seamounts). However, that problem
has a different set of nondimensional parameters compared
to the sea ice-flow interaction problem. Namely, additional
nondimensional parameters to characterize the ratio between
mixed layer depth and keel depth (1) and the ratio of the ki-
netic energy of the flow relative to the potential energy due to
the buoyancy jump across the pycnocline (Fr) are relevant in
the upper Arctic Ocean stratification, whereas constant strati-
fication is assumed near the ocean bottom. Therefore, there is
a need for similar studies with a consistent numerical set-up
to test the existing sea ice drag parameterizations. Previous
modeling efforts typically have only considered the variabil-
ity of one or two of the relevant nondimensional parameters
and only certain parameter regimes, e.g., only relatively deep
ice keels (n = 0.25-2 in Zhang et al. (2022) and De Abreu
et al. (2024)) or in contrast, homogeneous fluid (n — oo in
Zu et al. (2021) and Wang et al. (2025)). We find 5 to be in
the range of [0, 140] and concentrated in the € [2, 4] range
in the annually-averaged and winter-averaged data and in the
n € [0, 1.5] range for the summer-averaged data. From our
preliminary numerical simulations, we also find that the ki-
netic energy metrics might be enhanced for mid-range val-
ues of n ~ 5 depending the values of other nondimensional
parameters. In the absence of well-distributed observational
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data of Arctic ice keel and near-surface ocean flow charac-
teristics, our results provide a good starting point to con-
sider for parameter sweeps in future numerical studies. Our
results also suggest that certain joint ranges of parameter val-
ues might not need to be investigated in detail (e.g., large x
and large J combinations).

We can also compare the kinetic energy metrics from
our numerical simulations with observations. Many observa-
tional studies estimate internal wave dissipation rates in the
Arctic to be within the 1071°-107" m? s 3 range (Scheifele
et al., 2018; Kawaguchi et al., 2019; Fine and Cole, 2022;
Fer et al., 2022). These values are smaller than observa-
tional measurements of up to 1078 m? s—3 in the upper parts
in other global ocean regions (Waterhouse et al., 2014). In
our idealized numerical simulations, we find the dissipation
rates below the pycnocline to be generally on the order of
1079 m? s~3, which is within the range of observed values
(Fig. 12b). However, larger values of € have been found close
to the sea ice, in particular when the mixed layer is thin (Fer
et al., 2022; Reifenberg et al., 2025). We also find larger val-
ues of kinetic energy dissipation within the pycnocline re-
gion and above the pycnocline in the case of numerical sim-
ulations with smaller 1 (shallower pycnocline) (e.g., simula-
tions AQ, SO, S2, and W2 in Fig. 12d, e). These results sug-
gest that depending on the sea ice and flow characteristics,
there could be a spatio-temporal variability in the dissipation
and subsequently diapycnal mixing rates in the Arctic. Note
that our estimates of the dissipation rates from the numerical
simulations include energy loss from all motions that are de-
viations from the background flow (predominantly the gen-
erated IWs) and the model viscosity is larger than the molec-
ular viscosity of sea water. Although some previous studies
have made comparison of flow energetics and in particular
dissipation rates with observations (e.g., Nikurashin and Fer-
rari, 2010a; De Abreu and Timmermans, 2026), any direct
comparisons with observational values should be cautious.

Using our numerical simulation results, we evaluate how
well the Crw parameterization captures the variability in KE
metrics. In the region below the pycnocline (Fig. 12c, f), pa-
rameterized Crw values generally capture the trend in the or-
ders of magnitudes of both Ex and ek well, though it might
overestimate the KE and dissipation rates for large Fr (weak
pycnocline, A4) and underestimate them for small n (shallow
mixed layer, SO). Parameterized Crw values are not as well
correlated with Ex and ek above the pycnocline (Fig. 12a, d)
and around the pycnocline (Fig. 12b, e), which might be ex-
pected as the parameterization was primarily developed for
IW energy flux below the pycnocline into the stratified in-
terior. Of course, there are many real-ocean processes that
are missing in our idealized numerical simulations as will be
discussed in Sect. 6.2, and in this study we only analyze nine
specific cases. Therefore, we caution against overinterpret-
ing the numerical values and trends of ek in our numerical
simulations without a more thorough parameter sweep.
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Figure 11. Snapshots from numerical simulations set with nondimensional parameters for GMM clusters SO (a—d),_ S2 (e=h), and W2 (i-]):
(a, e) turbulent horizontal velocity u —u, (b, f) buoyancy perturbations, i.e., deviations from horizontally-averaged b(z), (¢, g) log of kinetic

energy dissipation €k, and (d, h) buoyancy deviation from initial condi

tions Ab = b(z) — by (z). The thick black horizontal black lines in

each subplot indicate the pycnocline zZ = z( and horizontal dotted lines delineate Z = zg &= 10 m. In (a)—(c), (e)—(g), dashed vertical lines
delineate the region x € [—200, 200] m, which is used for horizontal averages and integrals. All snapshots are for the last timestep (after 6 h)

of simulation time.

Finally, when discussing the role of ice keels in the Arctic,
it is important to consider climatological changes and shifts
in sea ice dynamical regimes. One potential change is sea
ice smoothing. Measured from aircraft, above-sea surface ice
ridges have significantly decreased in height and ridge den-
sity over the last 30 years. This loss is especially prominent
in parts of the Arctic that are experiencing loss of multi-year
ice like the Beaufort Sea and the Last Ice Area (Krumpen
et al., 2025). Smoother ice leads to reduction of atmospheric
surface drag coefficient on ice ridges. While this is not direct
evidence for changes in the under-sea surface keel height and
density, it is plausible that there is some correlation between
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the above- and under-sea surface ice properties. This implies
that understanding the effects of ice keels on ocean mix-
ing is important, as these effects could be reduced if the ice
ridges become smoother. A large portion of these areas that
Krumpen et al. (2025) found to have sea ice ridge smooth-
ing are within Cluster AO (and seasonally SO and WO0) in our
dataset. This cluster is characterized by relatively large J and
small 5 that enhance kinetic energy dissipation. Therefore,
smoothing of the ice keels (a reduction in /¢, so a reduction
in J and n) can substantially change the ice-ocean dynamics
in this region.
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Figure 12. KE metrics (a—c) KE Ex and (d—f) KE dissipation ek calculated from numerical simulations plotted against IW drag Crw
estimated from the McPhee and Kantha (1989) parameterization. KE metrics are area-averaged over different regions of the simulation
domain: (a, d) above the pycnocline above, (b, e) within the pycnocline pyc, and (c, f) below the pycnoline below) as defined in Egs. (20)—
(22). Each scatter symbol corresponds to a different simulation as denoted in the legend (annual clusters AO-5, summer clusters SO and S2,
and winter cluster W2). Nondimensional parameters for these simulations are shown in Table 1 and raw values of (Ek) and (eg) can be

found in Table 2.

Arctic stratification has also changed in the last several
decades. For example, through analysis of water column ob-
servations, Polyakov et al. (2018) found changes in both the
pycnocline depth, approximated as the mixed-layer depth zg
in this study, and the change in buoyancy across the pycno-
cline (Ab in this study). Specifically, they found a pan-Arctic
increase in zg, possibly due to surface-layer freshening or
deepening of the mixed-layer due to intensification of wind-
driven mixing (Polyakov et al., 2020). Combined with poten-
tially smaller ¢ from sea-ice smoothing, this would result in
an increase in 1 and less ice keel-induced turbulent dissipa-
tion and mixing and reduced IW drag in the upper ocean.
Polyakov et al. (2018) also found an increase in Ab in the
Amerasian Basin (Cluster A0 and seasonally SO and WO0),
which would correspond to a decrease in Fr. Based on our
numerical simulations, this decrease in Fr would reduce KE
and dissipation rates. However, the relationship between the
IW drag and Fr, at least in the current parameterization, is
nonlinear (Fig. 9(right)), so further analysis is needed to as-
sess the ocean’s response to these changes.

6.2 Limitations

One of the main limitations of this study is that we use
data from another model (Flocco et al., 2024) to estimate
the distribution of dimensional and nondimensional param-
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eters across the Arctic. While this is unavoidable as there are
still no comprehensive pan-Arctic datasets for all the vari-
ables that we would need, we need to discuss how the dif-
ferences in the values of the underlying dimensional param-
eters between the model output and the real ocean can affect
our findings. For example, Flocco et al. (2024) showed that
their model in general overestimates the sea ice drift speed
over most of the Arctic and across seasons in comparison
to the observational data from the National Snow and Ice
Data Center Polar Pathfinder dataset. This is consistent with
climate models typically overestimating sea ice drift (Wang
et al., 2023). From Flocco et al. (2024), the overestimation
of the sea ice drift by the model is largest during the win-
ter in the marginal sea ice areas. These regions are part of
our clusters W2 and W3 (Fig. 5i, 1) that have relatively large
Crw predicted by the parameterization (Fig. 10c, f). For clus-
ter W3, this is in part because of the larger Froude number
Fr (Fig. 6f) that is proportional to the relative sea ice speed
ug. Therefore, an overestimate of the ice drift by the model
could, in turn, overestimate the IW drag Crw.

In Sect. 6.1, we noted the relative importance of the regime
with smaller depth ratio n values. However, as noted in
Flocco et al. (2024), the pycnocline or mixed layer depths
shallower than 10 m cannot be accurately quantified in the
NEMO model, hence, they are not present in our clustering
results. This means that in addition to the ranges of values of
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n presented in this study, smaller values of  — 0 would have
to be considered when conducting numerical simulations to
evaluate the parameterization of the IW drag. Accurate val-
ues of ice keel depths hg are also necessary for estimating
the depth ratio 7, so we also compare the distribution of ice
keel depths ho with observed values. Figure S2 shows the
distribution of &¢ from the entire Flocco et al. (2024) model
output (not just our filtered data within the lee wave radi-
ation regime) with the distribution from a large keel dataset
by Metzger et al. (2021). The distributions are in overall good
agreement, especially if we consider ~( < 9 m as one bin, as
data for hp < 6 m was not presented in Metzger et al. (2021).
Notably, other observational studies (e.g., Cole et al., 2017;
Brenner et al., 2021) have found such smaller keel depths
(ho < 6 m). These comparisons suggest that the distribution
of the hg values used in this study is in a reasonable agree-
ment with the observations.

Other limitations of the study stem from the choices made
in our numerical simulations that resulted in us not consid-
ering certain physical processes. One such limitation in the
numerical set-up of this study is that we neglect the skin and
form drag (i.e., the turbulent ice-ocean boundary layer) by
imposing free-slip boundary conditions along the ice keel
boundary. While we chose to implement this approach in or-
der to separate the effects of IWs and because our results
would change due to our subjective choices of the drag coef-
ficients, in the real Arctic Ocean, all three of the drag com-
ponents would have an effect on the ice keel speeds. Because
the shape of the keel in our simulations and the conceptual
model is not allowed to change, we neglect the effect of
turbulent heat fluxes that can melt the sea ice. This process
can be complicated. For example, Skyllingstad et al. (2003)
found that while ice keels enhance turbulence, their effects
on melting can depend on blocking of the flow and trapping
of fresh water. This can alter the shape of the ice keel, though
we do not expect it to take effect on the short timescales of
our simulations. The choice of shape to represent the ice keel
also plays an important role. A recent study examining sub-
marine sonar data (Eilers and Bradley, 2026) found that keels
can have different shapes, e.g., triangular shapes, cusp shapes
like Versoria used in this study, and trapezoidal shapes that
have a flatter bottom. Their study also found that the keel
shape is dependent upon the keel depth and processes that
the keel undergoes throughout its lifecycle, e.g., it may form
in a pointier shape but flatten along the bottom due to accel-
erated bottom melt in the summer. Such differences in keel
shapes can affect IW generation and drag.

In this study, we also assume that the wind has already
transferred momentum to the ice keel to move it, and hence
neglect modelling the atmosphere-ice stress. This is a com-
mon assumption for an idealized process study (e.g., Zu
et al., 2021; De Abreu et al., 2024; Wang et al., 2026) such
as the current one aimed to isolate the dynamics of internal
wave generation by the ice keels, However, in the ocean, mo-
mentum transfer within the atmosphere-ocean-ice coupled
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system can be simultaneous and is a more complicated pro-
cess (Brenner et al., 2021). Another nondimensional param-
eter, the Nansen number, which measures the ratio between
the atmosphere-ice and ice-ocean drag coefficients scaled by
the ratio of air and sea water densities, can be useful to char-
acterize this coupling. Better-constrained Nansen number,
possibly through further observational campaigns of mea-
suring atmosphere-ice and ice-ocean drag coefficients (e.g.,
Brenner et al., 2021; Fer et al., 2022; Kawaguchi et al., 2024;
Reifenberg et al., 2025), would be important for more accu-
rately capturing the three-way coupling in climate models.
The two-dimensional set-up of this model also neglects
certain physical mechanisms, e.g., three-dimensional turbu-
lence and three-dimensional effects due to flow splitting
around the keel (Nikurashin et al., 2014). Because we only
model a single keel, we neglect ice keel sheltering effects
from upstream keels, which have been found to affect the
dynamics of the flow and skin drag parameterizations in pre-
vious modelling studies (Wang et al., 2025). The parameteri-
zation in McPhee and Kantha (1989) also omits the effects of
rotation, so we also consider motions on time scales shorter
than the inertial period in our numerical simulations. The
effect of rotation is two-fold. First, it can shrink the range
of lee wave radiation from 0 < x < 1 (non-rotating case) to

Ni < x < 1 (rotating case). However, in our dataset we find
0

that less than 0.2 % of points have x < Ni’ so perhaps this
0

is not a substantial limitation. However, in the presence of
rotation, near-inertial waves are generated on the timescales
of 2 /f (order of 11-17h). Near-inertial waves that can in-
teract with lee waves to enhance dissipation (Nikurashin and
Ferrari, 2010b; Zemskova and Grisouard, 2021), which is not
considered here or in the McPhee and Kantha (1989) param-
eterization. This effect of the rotation via the near-inertial
wave generation can be examined further in subsequent nu-
merical studies running the simulations for longer periods of
time.

Finally, in this study, we made a particular choice of six
GMM clusters based on the statistical information from the
BIC score and by considering the interpretability of our re-
sults. For the purpose of the discussion here, we focus on
the summer-averaged data, though similar conclusions can
be made for winter clusters. Based the BIC curve (Fig. 3),
we should have chosen a larger number of clusters (K =~ 10
clusters) in order to improve the GMM’s ability to cap-
ture the variability in the data. Having more clusters would
have allowed us have better-constrained clusters, i.e., re-
duce the standard deviation of the nondimensional variable
ranges within each cluster and the overlap between clusters
(Figs. 6, 9). However, this would have been too many clus-
ters to interpret in terms of physical regimes. On the op-
posite end of the spectrum, we can also divide the Arctic
broadly into three regimes similarly to our discussion of the
results in Sect. 5.1: (1) the central Arctic with perennial ice,
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(2) marginal ice regions with larger n (smaller keel depth,
deeper pycnocline) and without substantial IW generation,
and (3) marginal ice regions with intermediate » that sup-
port IW generation. However, such broad characterization
would return a wide range of nondimensional parameter val-
ues for the central Arctic, which is perhaps not an insightful
result. In order to examine the tradeoff between the accu-
racy of representing the statistical distribution of the nondi-
mensional parameters (i.e., large K) and ease of interpreta-
tion (i.e., small K), we show the spatial distribution of GMM
clusters for K =4, 5, and 7 in Fig. S3 for comparison with
K =6 in Fig. 4b. Too few clusters (e.g., K =4-5) leaves
the entire central Arctic region as a single cluster. However,
for K =7, the GMM algorithm returns a relatively consis-
tently clustered centered Arctic, separating the Amerasian
and Eurasian basins, and the outer eastern Eurasian seas. In-
creasing the number of clusters K in this range (6-7) seems
to predominantly break marginal regions into even smaller
clusters. Based on this analysis, we choose K = 6 to strike an
overall balance, though recognizing that this choice is some-
what subjective.

7 Conclusions

In our study, we combined upper ocean stratification pa-
rameters and keel characteristics, such as depth, spacing,
and relative speed from the sea ice-ocean coupled NEMO-
CICE model output (Flocco et al., 2024) into four nondimen-
sional parameters to identify ranges of values and parameter
regimes of ice keel-ocean interactions. Specifically, we ex-
amined these parameters within the theoretical framework of
McPhee and Kantha (1989) with a steadily moving ice keel
along the surface of a two-layer upper ocean, such that an up-
per mixed layer is separated from the weakly stratified lower
layer by a sharp pycnocline. These nondimensional parame-
ters captured (1) lee wave propagation potential in the strat-
ified layer (x), (2) nonlinearity of the waves (J), (3) mixed
layer depth relative to the keel depth (1), and (4) the strength
of the pycnocline relative to the flow shear (Fr).

Applying the GMM unsupervised clustering algorithm to
these four nondimensional parameters allowed us to un-
cover statistically coherent clusters that potentially corre-
spond to distinct dynamic environments. The GMM fit used
only nondimensional parameter values at each grid point (no
geographic predictors), so the geographic coherence in our
results reflects underlying mechanics rather than explicit lo-
cation features. Constructing the clusters using seasonally-
averaged data revealed temporal differences in the nondi-
mensional parameter regimes and highlighted the differences
between the Amerasian and Eurasian basins. Both based on
the IW drag values predicted by the McPhee and Kantha
(1989) parameterization and from our estimates of fluctu-
ating KE dissipation rates, we found that near-land bound-
ary regions with only seasonal sea ice cover were likely to
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have less impact of the moving ice keels on the ocean flow
and internal wave generation due to relatively not steep ice
keel sides and relatively shallow keel depths compared to the
mixed layer depth. In the parts of the Central Arctic Ocean
characterized by perennial sea ice we found larger kinetic en-
ergy magnitude, dissipation rates, and IW drag values due to
steeper and deeper ice keels (larger values of J and smaller
n).

The results of this study also revealed the ranges of values
for these four nondimensional parameters across the Arctic,
which can be used in future numerical studies of the inter-
actions between the sea ice and the upper ocean. A proto-
type for such simulations is presented in this study. Numeri-
cal simulations are a powerful tool to study a particular phe-
nomenon and perform controlled parameter sweeps. How-
ever, in order to groundtruth the parameterizations derived
from numerical simulations, observational measurements are
necessary. In particular, we would need simultaneous mea-
surements for the values of the input dimensional variables
(ug, ko, ho, zo, Ab, No) and the values that we would like to
parameterize, e.g., IW drag and KE dissipation. As we find
significant spatial and seasonal variability, especially differ-
ences between perennial and seasonal ice, long-term obser-
vational measurements in different parts of the Arctic would
be helpful to validate the parameterizations.

Code and data availability. The code for the Oceanani-
gans numerical simulations is available on  GitHub
(https://doi.org/10.5281/zenodo.17428925, Zemskova, 2025, repos-
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