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ABSTRACT: The nonlinearities controlling sea ice thermodynamics integrate forcing from the ocean and atmosphere in
surprising ways, rendering it difficult to understand the processes affecting sea ice response to climate change. In this study,
a simple ice thickness model is forced by realistic stochastic atmospheric and oceanic heat fluxes. Ensemble experiments
show that the nonlinearities in the system rectify the added zero-mean noise on weather time scales leading to a change in
the mean sea ice state. Most notably, there is a thinning in summer when sea ice is already at its minimum. The sea ice sys-
tem integrates high-frequency forcing to influence longer time scales, thus changing not only the mean state but also the in-
terannual-to-decadal variability of sea ice. Adding a trend to the forcing variables yields estimates of the dominant drivers
of the current and future ice loss in the Arctic, with a prevalent role of ice—ocean heat flux over surface heat fluxes. This
study reveals sea ice as a fundamental climate component, absorbing the energy into its mean state and transforming
weather fluctuations with time scales of days to weeks into internal variability on time scales of months to decades.

SIGNIFICANCE STATEMENT: Understanding how sea ice responds to changes in the Arctic climate is crucial to
predict its future. Using a simple model, ice thickness is shown to react in unexpected ways to small changes in atmo-
spheric and oceanic conditions. Sea ice absorbs parts of those changes to modify its average thickness and transforms
short-term weather fluctuations (lasting days to weeks) into longer-term changes in ice thickness (lasting months to dec-
ades). When it comes to Arctic warming, trends in the atmosphere and ocean have different impacts on the ice melt.
The ocean plays a bigger role in determining when a seasonally ice-free Arctic will occur. This study emphasizes that

sea ice is a key part of the climate system.
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1. Introduction

The rapid changes of the Arctic environment in the context
of accelerating anthropogenic climate change have led to the
proclamation of “The New Arctic Ocean” (Weingartner et al.
2022). The Arctic is warming at 4 times the rate of the global
average (Rantanen et al. 2022), September sea ice extent has
declined by 12.7% per decade over 1979-2021, and ice more
than 4 years old has virtually disappeared (Meier and Stroeve
2022), with consequences on biogeochemical cycling (e.g.,
Lannuzel et al. 2020; DeGrandpre et al. 2020; Duke et al.
2023), ecosystems (e.g., Arrigo and van Dijken 2011; Boetius
et al. 2013; Ardyna and Arrigo 2020), and Indigenous peoples
(Cunsolo Willox et al. 2013a,b; Middleton et al. 2020a,b).

The main source of uncertainty for estimating the trend of
declining sea ice extent is the internal variability of sea ice
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(Swart et al. 2015; Holland and Hunke 2022). Internal vari-
ability, the variation of the mean and other statistical mo-
ments of a system under constant or periodic external forcing,
is intrinsic to the system and can typically arise from feed-
backs that destabilize the system (e.g., [PCC 2021). Numerous
feedback mechanisms occur in the ice system that can gener-
ate such internal variability (Goosse et al. 2018). The positive
albedo feedback is related to the change in albedo, the pro-
portion of shortwave radiation reflected back into the atmo-
sphere (Meehl and Washington 1990). Snow and cold ice
have a high albedo, while melt ponds have a low albedo, in-
creasing the proportion of shortwave radiation absorbed by
the ice, leading to more melt and further lowering the albedo
(Perovich and Polashenski 2012; Light et al. 2022). Another
important feedback mechanism regulating the ice variability
is the negative, stabilizing ice growth—thickness feedback, re-
lated to the thermodynamics of sea ice: a thin layer of ice con-
ducts heat more efficiently, leading to stronger cooling at the
ice—ocean interface if the atmosphere is cold enough, and
more basal ice formation (Bitz and Roe 2004). This feedback
is tied to the mean state of the ice (defined as the annual
mean sea ice volume north of 80°N) and, along with the al-
bedo feedback, is critical to assess sea ice changes and to re-
duce ice thickness biases in numerical simulations (Massonnet
et al. 2018).

An approach to understanding internal climate variability
was provided by Hasselmann (1976), using stochastic climate
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models. It was demonstrated that the stochastic, rapidly fluc-
tuating white noise of atmospheric weather is integrated by
the climate system components into slowly varying red noise
of climate variability. This theoretical framework was success-
fully applied to a variety of systems and time scales to explain
changes in sea surface temperature on times scales of months
to years (Frankignoul and Hasselmann 1977), as well as the
dynamics of Arctic and Antarctic sea ice cover (Lemke et al.
1980), the Atlantic Ocean subseasonal-to-seasonal (Renkl
et al. 2024) and multidecadal variability (Liu et al. 2023). It
was deemed influential enough to be worthy of the 2021 Nobel
Prize, awarded to Klaus Hasselmann. The concept has been
expanded to double integrations, meaning systems where one
variable is integrated as a forcing to a second variable, which
is then further integrated as a forcing to a third variable, to ex-
plain variations on even longer time scales (e.g., Kilpatrick
et al. 2011; Di Lorenzo and Ohman 2013). The sea ice climate
component sits at the interface between the atmosphere and
the ocean and is therefore subject to heat flux forcing at its up-
per and lower boundaries. Following the stochastic climate
framework, the atmospheric forcing can be treated as a near
white weather noise, while the oceanic forcing is a more
slowly evolving red noise. How will sea ice thickness respond
to both forcings, merging different time scales? Under what
circumstances will the rapid atmospheric stochastic noise
dominate relative to the slower oceanic stochastic noise? It is
also unknown when and how both stochastic forcings will act
together, and how the rapidly evolving Arctic could impact
the internal variability of the sea ice system.

The response to variability in the forcing of nonlinear climate
systems is of significant interest in the context of climate change.
Nonlinear systems can accumulate small, high-frequency varia-
tions, transferring the energy into a mean-state change. This
process is called a rectification (as taken from the electrical
rectifier). For example, seasonal sea ice cover can lead to an
increased annual oceanic carbon uptake by preventing out-
gassing in winter while allowing uptake when biological or
chemical processes lower surface CO, partial pressure, mecha-
nisms coined the “rectification” hypothesis (Yager et al. 1995)
and the sea ice carbon pump (Rysgaard et al. 2011; Richaud
et al. 2023). Increased variance can also lead the system to
cross bifurcation points, the thresholds necessary to jump from
one equilibrium state into the next (e.g., Lenton et al. 2008;
Wagner and Eisenman 2015; Ditlevsen and Ditlevsen 2023).
The sea ice extent, with the rapid ice loss events of 2007 and
2012 in the Arctic, and more recently in 2017, 2022, and 2023
around Antarctica, is exhibiting this increased variability, lead-
ing to discussions about the potential for a tipping point re-
lated to ice processes (Serreze and Francis 2006; Holland et al.
2006; Eisenman and Wettlaufer 2009). Several studies have in-
vestigated stochastic equations of a simple enthalpy model
combining ice and upper ocean to study the stability of the ice
system and the influence of statistical noise on the system
(Flato and Brown 1996; Moon and Wettlaufer 2011, 2013,
2017; Wagner and Eisenman 2015), but without including the
influence of a variable ice-ocean heat flux. Other studies in-
cluding a variable oceanic heat source have highlighted that an
increase in ocean heat transport into the Arctic can trigger
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abrupt sea ice retreats (Holland et al. 2006; Merryfield et al.
2008).

In this study, we use a simple sea ice model to investigate
the nonlinear responses of sea ice thickness to stochastic forc-
ing, including impacts on its mean state, variability, and
trends. In particular, the role of the ice—ocean heat flux, often
neglected in stand-alone ice models, needs better understand-
ing. We examine how a change in the variability or the trend
of atmospheric and ice—ocean heat fluxes consistent with an-
thropogenic climate change could impact ice thickness in the
Arctic Ocean. A description of the sea ice model is first pro-
vided, including the expected nonlinearities of the system
(section 2a). The stochastic forcing, capturing weather time-
scale fluctuations, is idealized but realistic, using parameters
constrained by reanalysis data for the atmospheric forcing and
model outputs and in situ observations for the oceanic forcing
(section 2b). The model inputs are generated using statistical
methods (section 2¢). The introduction of stochastic noise in the
forcing leads to a nonlinear response, impacting the mean state
of sea ice toward lower values and inducing a low-frequency
variability (section 3a). While the model is particularly sensitive
to atmospheric noise in its nonlinear response, the increasing
trend of the ice—ocean heat flux dictates the fate of summer ice
(section 3b). Finally, we discuss the limitations of this study and
the implications of the results for the variability and future of
the Arctic sea ice cover, including a proposed inverse energy
cascade perspective for ice thickness (section 4).

2. Model and methods

The evolution of ice models has been mostly guided by the
perspective of quantitatively reliable climate models aimed
at demonstrating predictive skill. In this study, we focus on
a process-oriented thermodynamic understanding. We rely
on the simple, zero-layer ice model derived by Semtner
(1976), as it provides a qualitatively satisfying simulation of
ice thickness. We discuss the limitations of this simple model
in the discussion section.

a. Sea ice model

The model is based on heat flux balances at the surface and
bottom of a slab of ice of thickness H; (m, with i standing for
ice), with surface temperature (at the ice—atmosphere interface)
T, and bottom temperature (ice-ocean interface) 7, (K; see
Fig. 1). We assume that there is no snow on top of the ice.
Within this single slab of ice, the temperature gradient is as-
sumed to be linear. The vertical heat conduction inside the ice
is then,

aT i
ci 7ki£:7ki SH_ ’ (€]

with the heat conductivity k; (W m~' K™') considered cons-
tant (see Table 1 for symbols and standard values of the main
parameters used in this study). The vertical axis z is positive
upward, with its origin fixed at the ice—atmosphere interface
(Fig. 1). Following this convention, the heat flux F,; is also
positive upward.
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FIG. 1. Schematic of the ice model variables and forcing. The Fy,,
is the downward shortwave radiation, aFy,, is the fraction of incident
shortwave radiation reflected upward (with « the surface albedo),
Fy is the downward longwave radiation, o7¢ is the upward long-
wave radiation emitted by the ice (following the Stefan-Boltzmann
law), Fy, is the latent heat flux due to sublimation and deposition,
Fy, is the atmospheric sensible heat flux, F,; is the vertical heat con-
duction inside the ice, and F,, is the oceanic sensible heat flux. The
T, is the atmospheric temperature, 7 is the ice surface temperature,
and T, is the ice bottom temperature. The H; is the ice thickness,
and k; is the heat conductivity in the ice. See text and Table 1 for
more details.

A heat balance is imposed for the bottom interface. The in-
coming sensible heat flux F,, (W m™2 positive upward) be-
tween the ice and the ocean is partially balanced by the heat
conduction. The remaining heat can only be dissipated by a
latent heat flux, leading to ice growth or melt:

dH,
id_ll = Fc,i - Fw’ (2)
bot

where L; is the constant latent heat capacity (J m™>) and
dH /dt|, is the ice growth rate (m s™!) at the bottom (z = H;).
If T, < T, the heat conduction exports heat from the bottom to
the surface, leading to ice growth if the heat conduction is larger
than the ice—ocean heat flux. On the other hand, if 7y > T, the
heat conduction is negative, leading to ice melt; ice melt at the
bottom also occurs if the ice—ocean heat flux F,, is larger than
the conductive heat flux F,, regardless of the surface temperature.
Another heat balance is used at the ice—atmosphere inter-
face, but with an important difference: at the surface, ice can-
not grow since there is no water to freeze. If the surface
temperature T is below the melting point (273.15 K = 0°C),
the conductive heat flux F,; is entirely balanced by the net at-
mospheric heat fluxes F, (W m™2, positive downward, in con-

trast to the other heat fluxes) so that

F +F =0. ®)

If 7§ reaches the melting point, it cannot go higher, and the ex-
cess heat is then converted into a latent heat flux of melting. The
ice growth rate at the surface (z = 0) can then be written as

if T, <273.15 K

dH,| {0,
surf 7Fs - Fc‘p if TS =273.15K

L,
Ldt

“4)
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The total ice growth rate is given by the sum of the growth
rates at the surface and the bottom. Both heat balance (2) and
(4) can then be combined to give

T, T,
dH,  dH, dH, Lo i
P/ R k=gt = Ry T, <27315K
! T lourt "ot |—F, —F,, if T, =273.15 K
®)

In this formulation, H; is the model variable, F,, and F; are
forcing variables, L; and k; are model parameters, and 7, and
T, are model diagnostic variables. The bottom temperature
Ty, is considered to be constant at the freezing point of seawater
(following Maykut and Untersteiner 1971; Semtner 1976).

The net surface heat flux F; includes longwave (thermal)
and shortwave (solar) radiation, and sensible and latent heat
fluxes (Fig. 1). The net longwave radiation can then be written
as F, — oT?, with F,, representing the downward longwave
radiation emitted by the atmosphere and —o7?¢ representing
the upward radiation emitted by the ice surface following the
Stefan—Boltzmann law (Maykut and Untersteiner 1971). The net
shortwave radiation takes into account that a fraction is reflected
due to the albedo « of the ice and is therefore (1 — a)F at the
top of the ice. The ice albedo depends on a number of parame-
ters. We take a simple approach by assuming the albedo to vary
between two states to reflect the increased presence of melt
ponds and bare ice when the surface temperature reaches the
melting point (Perovich and Polashenski 2012):

o, ifT <27315K
a= )
a,,

if T, =273.15K’
with o; > «,,, (see Table 1). The latent heat flux at the surface
Fi, only includes the latent heat due to sublimation (evapora-
tion of ice) and deposition (condensation of water vapor)
since the melting of sea ice is already included in (5). Finally
the sensible heat flux at the ice surface Fy, is parameterized as

(6)

Fsh = pacp‘acshde(Ta - Tv) = f;h(de)(Ta - Tv)’ (7)

with fin(Uwa) = paCpacsnUwa Te€presenting a transfer function
of the wind speed U,,4 at 10 m, p, representing the air density,
Cp.q TEPresenting the air specific heat capacity, ¢y, representing
a transfer coefficient, and 7, representing the atmospheric
temperature at 2 m. The net surface heat flux can then be
written as

Es' = (1 - a)st + Flw - O-Tf +fsh(de)(Ta - Ts) + Flh'
®)

For the case when the surface temperature is below melt-
ing, (3) and (8) provide a fourth-order polynomial for 7:

T

s

ki
fsh(de) + ﬁ

i

0Tj+

7|~

1

k. T,
_ [(1 Wy, + By + Uy T, + By + 51T
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TABLE 1. Model parameters. When the parameters vary between ice states, the three values are indicated for the seasonal (72°N),
thin perennial (75°N), and thick perennial (85°N) ice states.

Standard value Rap.ge.
(sensitivity
Symbol Brief description 72°N 75°N 85°N Units experiments) Source
Model variables
H; Ice thickness (prognostic variable) m
Ty Sea ice surface temperature K (or °C)
Forcing variables
Fy, Downward longwave (thermal) radiation W m 2 ERAS
Fo Downward shortwave (solar) radiation W m 2 ERA5
Fa Atmospheric sensible heat flux [(7)] W m 2 ERAS
Fin Atmospheric latent heat flux W m 2 ERAS
F, Ice—ocean sensible heat flux W m 2 NAPA model and
ITPs
T, Atmospheric temperature at 2 m K ERAS
Forcing parameters
Pu Atmospheric density 1.22 kg m~? Goosse (1998)
Cpa Atmospheric specific heat capacity 1005 Jkg 'K™! Goosse (1998)
Csh Ice—atmosphere sensible heat transfer 1.75 X 1073 — Goosse (1998)
coefficient
Uywa Atmospheric wind speed at 10 m 6.2 5.8 5.8 ms”! ERAS
o Stefan—-Boltzmann constant 567 x 1078 Wm2K™* Maykut (1986)
Thermodynamic model parameters
o Solid ice albedo (when T, < T;,,) 0.8 — 0.4-0.8 Perovich and
Polashenski (2012)
o, Melt albedo (when T = T,,) 0.5 — 0.1-0.7 Perovich and
Polashenski (2012)
ki Sea ice heat conductivity 2.3 Wm2K™! 2.0-32 Weeks and Hibler
(2010)
L; Sea ice specific latent heat of fusion 300 x 10° Jm™3 150-335 Semtner (1976)
(x10%)
Ty Ice temperature at ice—ocean interface 271.40 (—1.75) K (°C)
T Melting point of sea ice 273.15 (0) K (°C)
Statistical model parameters
P1w AR(1) longwave parameter (time scale) 0.7 (3.3) — (days) ERA5
Psw AR(1) shortwave parameter (time scale) 0.6 (2.5) — (days) ERAS
O AR(1) temperature parameter (time scale) 0.85 (6.6) — (days) ERAS
oL AR(2) Fy parameter 1 (time scale) 0.75 (4) — (days) NAPA model
e AR(2) Fyy parameter 2 (time scale) 0.55 (25) — (days) NAPA model
P12 Cross correlation, FAR®S, and FER“ 0.64 0.73 0.73 — ERAS
P13 Cross correlation, FAR®S, and FlRes —0.64 —0.64 —-0.59 — ERAS
P23 Cross correlation, F%Res, and Fi\VIVReS -0.22 —-0.33 -0.27 — ERAS

which has only one physical root. It can then be solved to calcu-
late Ty and close (5). If the solution is above the melting point,
T, is constrained to 273.15 K and used to close (8) and (5).

The model is solved numerically using the Python lan-
guage.! We inject discrete-time stochasticity in the forcing via
multivariate autoregressive models (see section 2c below), in-
terpolated on the model time step, then calculate the surface
temperature via (9) and finally solve (5). The model is inte-
grated with a solver based on an implicit Runge-Kutta
scheme, of order 5(4), implemented in the SciPy Python li-
brary. The time step is variable to optimize convergence time
and accuracy, but it is set to not exceed 8 h. The model results

! The code is publicly available, see Data Availability statement.
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are insensitive to the maximum time step or to the numerical
scheme implemented (not shown).

A few results can already be anticipated by analyzing the
equations of this model. The conditional expression of (5) has
mathematical consequences. If the surface temperature is at
the melting point, the ice thickness follows a first-order linear
differential equation of the form dH,/dt = Fy(t), with Fy(t)
representing a forcing term independent of H,;. If the surface
temperature is below the melting point, then the ice thickness
follows a nonlinear differential equation of the form dH,/dt =
F,(t)(1/H,) + F,(t), with F;(¢) and F,(¢) forcing terms. While
F5(1) is independent of H;, Fy(¢) is a function of T which de-
pends on H;. Moreover, the switch from one state to the other
depends on T, which is once again dependent on H;. This
model is therefore partially nonlinear with H; on various
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Decomposition of Atmospheric Forcing from ERAS5, Thin Perennial Ice State
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FIG. 2. Decomposition of ERAS (a) downward longwave and (b) shortwave radiations and (c) atmospheric temperatures from 1979 to
2021 (insets show 2021) into (d)—(f) trends (with day-of-year slopes in inset), (g)-(i) seasonal cycle (solid line) and standard deviation
(dashed blue line), and in (j)—(1) normalized residuals (insets) with the associated autocorrelation function. The normalized residuals of
shortwave radiation [inset in (k)] still exhibit some seasonality due to the polar night. This decomposition is here illustrated for the thin pe-
rennial ice state (75°N, 210°E).

levels. The conditional expression acts as a rectifier for the at-  residuals are stationary and can be modeled as a simple sto-
mospheric forcing, including it directly into the melting rate  chastic process. The trend, climatology, and weather noise pa-
when the surface temperature is at the melting point, but dis- rameters can then be altered to simulate a wide range of past,
carding it during the growing phase; the opposite is also true  present, and future Arctic conditions, and ensemble runs with
for the conductive heat flux inside the ice. This is likely to  different stochastic realizations of the noise provide statistical
lead to transfer of any variability into the mean ice state, as  robustness to the results. The fifth major global reanalysis pro-
described earlier (section 1). duced by ECMWF (ERAS; Hersbach et al. 2020) product was

Our model formulation, with the two-state albedo [(6)] and used to decompose atmospheric forcing (Fig. 2). Three repre-
the inverse dependence on H; in the heat conduction [(1)], allows  sentative grid cells have been extracted at longitude 210° and
for two well-known mechanisms to exist: the positive albedo three latitudes covering the Beaufort Gyre. Those latitudes
feedback and the ice growth—thickness feedback. It is not trivial ~ were chosen to provide different representative ice conditions:
to anticipate how those nonlinearities will integrate atmospheric ~ seasonal (72°N), perennial with thin summer ice (75°N), and
and oceanic forcing, in particular if they contain a stochastic — perennial with thick summer ice (85°N). While the incoming
component. downward longwave and shortwave radiation Fy, and F, at
the surface are directly taken from ERAS (Figs. 2a,b), the sen-
sible heat flux depends on ice conditions and needs to be cal-

The model is forced using simulated but realistic forcing. To  culated via (7), using wind speed Uyq and atmospheric
elucidate the sensitivity of sea ice to different components of temperature 7, (Fig. 2c). We use constant wind speeds calcu-
the meteorological and oceanographic conditions, the forcing lated as the annual average from ERAS (Table 1), as they are
is decomposed into three components: the trend, the climatol-  relatively constant through time in the Arctic (Spreen et al.
ogy, and the short time-scale noise (also called weather noise).  2011; Vavrus and Alkama 2022), and sensitivity experiments
The general approach is to define the trend and climatology found the thermodynamic model to be insensitive to wind
empirically from data in such a way that the remaining speed variations (not shown). The model was also found to

b. Forcing data
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not be very sensitive to latent heat flux variability (not shown)
so this component is imposed as a climatology, estimated from
ERAS5 data.

A smoothed trend is calculated for each day of the year to
account for the strong seasonality of the forcing variables
(Figs. 2d-f; for technical details, see supplemental information
S1 in the online supplemental material; for decomposition of
the other latitudes, see Figs. S4 and S5). Once the trend is re-
moved, a smoothed climatology representing the seasonal cycle
is determined (Figs. 2g—i, solid line). The remaining residuals
still exhibit a strong seasonally varying variance and are there-
fore not stationary. Seasonally varying standard deviations
Oiw, O7. and oy, are calculated and used to normalize the re-
siduals (Figs. 2g—i, dashed line). The autocorrelation functions
of the normalized residuals show a relatively rapid decay and
little other structure (Figs. 2j-1). It can therefore be fit with an
autoregressive (AR) model of order 1 (see below and Table 1
for values). This can be used to generate stochastic residuals.

The ice-ocean sensible heat flux F,, is difficult to constrain
due to the limited availability of observations. Most of the
previous studies using stand-alone models tend to apply a
constant ice-ocean heat flux, often 2 W m™2 (e.g., Maykut
and Untersteiner 1971; Semtner 1976; Wagner and Eisenman
2015). Yet, F,, exhibits a strong seasonality and trend. To
evaluate realistic parameters for F,,, we use ice-tethered pro-
filer (ITP) observations (Toole et al. 2011), as well as a re-
gional ice-ocean numerical model covering the Arctic (Zhang
et al. 2020; see SI for more details on the model). By combin-
ing both sources and comparing them to the available scien-
tific literature (Maykut and McPhee 1995; Krishfield and
Perovich 2005; McPhee 2008), a reasonable estimate of the
climatology and variance can be determined (supplemental
information S1). The seasonal cycle of the modeled ice—ocean
heat flux shows a stable, small heat flux in winter, with values
around 2 W m™2 from October to May, and a significant in-
crease to a peak of around 30 W m™~? in mid-August (Fig. S1),
consistent with ITP temperatures and with the same literature
noted above. Superimposed on the seasonal cycle, large varia-
tions occur, especially in summer, with values up to 100 W m 2,
once again consistent with the previously provided scientific lit-
erature. Once the climatology is removed, the residuals exhibit
a large seasonally varying standard deviation Of - These follow
the same temporal pattern as the climatology with values going
from 1 W m ™2 in winter to above 10 W m™2 in the peak of sum-
mer. The autocorrelation function of the normalized residuals
shows some oscillations on top of the decay (Fig. S1). An autor-
egressive model of order 2 is therefore deemed more appropri-
ate to simulate the normalized residuals.

c. Statistical methods

To properly simulate the weather noise residuals as sto-
chastic noise to be added to the climatology and trend, the
statistical properties of the normalized residuals and any links
between the forcing variables have to be captured. For exam-
ple, cloudy low pressure systems can be expected to reduce
shortwave radiation while increasing longwave radiation due
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to the moisture content. Thus, weather-band variability for
these two variables is not independent.

Let us thus consider the forcing X to be multivariate, specif-
ically a n X 1 vector, with n representing the number of forc-
ing variables. We model the state of X at time ¢ as depending
on its previous state, while still incorporating some random-
ness. This can be represented by an autoregressive process of
order p [AR(p)]:

P
X, =2®X . +W
i=1

(10)

t

where ®; is an n X n matrix containing the AR model param-
eters and W is a multivariate Gaussian white noise process
with mean zero and covariance matrix Xy. We assume the
off-diagonal elements of ®; to be zero, so that the state of a
variable at time 7 depends only on its own previous state. The
model parameters ®; can be estimated using the autocorrela-
tion function of the previously mentioned normalized resid-
uals (Yule 1927; Walker 1931).

Using a multivariate AR(1) process to model our three
(n = 3) coupled forcing terms (normalized residuals of
longwave radiation, atmospheric temperature, and short-
wave radiation), this becomes

NRe: NRes
Flw es (/)lw 0 0 Flw e% W1
X, =|FR | =] 0 op O | FR| +w,],
ngRcs . 0 0 (psw FSI\VIVRCS 1 W3 .
(11)
with the covariance matrix of the noise given by
T py pis
Sy = o T S (12)
Py Py 1

where oy is the standard deviation of the noise, p1; = py; is
the cross correlation between FAR®s and FFR®S, and so on.
Covariance between the three forcing variables arises through
correlations in the noise forcing W, and not through the pa-
rameter matrix ®. The normalized residuals for the ice—ocean
heat flux are generated using an AR(2) model resulting in two
parameters ¢ and ¢ and are assumed to be independent
from the surface forciné. The values for all the fitted AR pa-
rameters and the cross correlations can be found in Table 1.

Once the normalized residuals have been generated for all
forcing variables, they can be scaled by multiplying them by
the previously calculated seasonally varying standard devia-
tions oy, o7 Tsws and O s then added to the climatology (or
multiplied in the case of shortwave radiation). The resulting
stochastically generated forcing variables can be used to force
the model and to investigate the impact of changing variabil-
ity by modifying the AR parameters ¢ or scaling the standard
deviations o. If ¢’s are positive (as is the case here, Table 1),
the AR process acts as a low-pass filter of the white noise w
and therefore yields a red noise process, with power spectral
density decreasing with frequency.
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FIG. 3. Typical model run. (left) Difference in ice thickness due to the introduction of zero-mean stochastic noise in the model for the
(a) seasonal, (b) thin perennial, and (c) thick perennial ice states. (right) An illustration of the seasonal cycle in two arbitrarily chosen
years, for the climatological baseline (black solid line) and the stochastic run (red solid line); and (left) the difference between both lines
for the whole model run; the time series means are also provided (excluding first 4 years; dashed lines). The forcing for the thin perennial
case is also provided: (d) Atmospheric temperature 7, is provided as input (light blue) and simulated surface ice temperature 7 (dark blue);
the light-shaded area indicates the excess heat used to melt ice. (¢) Heat fluxes are provided as input, including the climatological latent heat

flux.

3. Results

The model is run with three different climatological baselines,
representative of different ice states and latitudes: a seasonal ice
cover (72°N), a thin perennial ice (75°N), and a thick perennial
ice (85°N). The choice of two perennial ice states is motivated
by the nonlinearities of the system since we expect the response
of the model to depend on its mean state (Massonnet et al.
2018). The model parameter values were chosen to match other
studies, after sensitivity experiments provided similar results to
the existing scientific literature (see section S2 in the online sup-
plemental material). The simulated ice thickness for each of the
climatological baselines is realistic, with the ice varying between
0.0 and 2.1 m for the seasonal ice cover (Fig. 3a, right panel),
from 0.3 to 2.3 m in the thin perennial ice (Fig. 3b) and from
0.6 to 2.5 m in the thick perennial ice conditions (Fig. 3c). Two
interesting main features can already be observed when compar-
ing the runs with stochasticity (red lines) to the climatological
baselines (black lines): 1) the ice thickness anomalies (calculated
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as the difference between both simulations) exhibit some slow, in-
terannual variability, with a time scale of the order of 7-10 years,
and 2) the ice thickness anomalies are nearly always negative, es-
pecially for its minimum in the perennial states. These features
are investigated in detail in section 3a. The ice surface tempera-
ture (Fig. 3d for thin perennial case) follows closely the atmo-
spheric temperature. In summer, the solving of the surface heat
balance can lead to a nonphysical ice surface temperature exceed-
ing the melting point (Fig. 3d, light shaded area). The associated
excess heat is converted into melting latent heat in the model; the
latter internally caps the surface temperature to the melting point.

a. Sensitivity to forcing noise

The model is used to investigate the impact of short time-
scale stochastic forcing on ice thickness mean state and variabil-
ity. The magnitude of the forcing is scaled by a factor ranging
from 0 to 1.5 and then multiplied by the (seasonally varying)
standard deviation of each forcing variable. The resulting noise
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FIG. 4. Nonlinear response of sea ice to stochastic noise. Metrics of ice thickness relative to the climatological baseline (without stochas-
tic noise) for (left) seasonal, (center) thin perennial, and (right) thick perennial sea ice states. (top) Minimum ice thickness, (middle) sea-
sonal amplitude, and (bottom) length of the melt season are calculated for each year of the run after removal of the first 4 spinup years.
The metrics from the climatological baseline are then subtracted to obtain anomalies and are finally averaged over the 36 years of the run.
The scaling of the variance from 0.0 to 1.5 with 0.5 increments is on the x axis for ice—ocean heat flux F,, (repeated every four grid cells)
and for atmospheric temperature 7, (each increment includes four runs; for F,,) and on the y axis for shortwave radiation Fy, (repeated
every four grid cells) and for longwave radiation Fy, (each increment includes four runs; for Fyy). Red squares indicate the run with all

variance scaling equal to 1. Hashed grid cells indicate runs for which more than half of the years are ice-free in summer.

has a nonstationary (seasonal) variance, but its mean is still
zero. It is then added to the climatology to partially reconstruct
realistic meteorological and oceanographic conditions at the
selected locations. A range of metrics is calculated, including
mean ice thickness, amplitude of the seasonal cycle, the day of
year of melt onset (identified as the date at which ice thickness
reaches its maximum value), and the length of the melting season
(calculated as the number of days between the maximum and
the minimum ice thicknesses). We run the model for 40 years
and discard the first 4 years as spinup, as this is the time neces-
sary for the seasonal cycle to reach a steady state. We then ex-
tract the metrics of interest for each of the remaining 36 years.
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We calculate anomalies by subtracting the metrics of the climato-
logical baseline (no stochastic noise) and average them across all
years.

The most striking feature found is the decrease in ice thick-
ness when any zero-mean noise is added, in particular to long-
wave radiation and atmospheric temperature, for perennial ice
states (Figs. 4b,c; see also Fig. 3). The change in the mean ice
thickness is driven by a lower ice minimum, while the maximum
shows little or no change, resulting in an increased amplitude of
the seasonal cycle. The stochastic noise leads to a stronger ice
melt and a lower minimum, while the ice growth-thickness
feedback brings the thickness maximum back to its climatological

1:44 PM UTC



1 SEPTEMBER 2025

Time Series

Seasonal Ice State

RICHAUD ET AL.

4581

Periodograms

Period
5yrs 1yr 3mdmo 1wk
1 1 1 1 1

100

0.01

-0.44a) —— Deseasoned time series

0.0001

Thin Perennial Ice State

—— Low-pass filter (1 year)
T

10
0.1

0.001
0.00001

Ice Thickness Anomalies [m]

|Cross-Spectum| [days]

==+ Ocean 0.001

f) === Atmos.

Run Year

1/1000 110
Frequency [days™']

32 36 40

FIG. 5. Deseasonalized ice thickness variability. Modeled ice thickness, once the climatology has been removed, for
(a) seasonal, (c) thin perennial, and (e) thick perennial ice states. Here, the climatology is not the same as the climato-
logical baseline: We compute the climatology for the run itself by removing the first 4 spinup years and then using the
same climatology calculation as for the ice-ocean heat flux (section 2b). A low-pass filter using a 1-yr bandwidth is
also shown (orange line). Periodograms of the deseasonalized, normalized ice thickness (gray), oceanic (blue),
and atmospheric forcing (red) are also shown for (b) seasonal, (d) thin perennial, and (f) thick perennial ice states.

baseline, except in the case of thick perennial ice where the
thickness remains below the climatological baseline (Fig. 3c).
The change in the minimum is of the order of 0.3 m for thick
perennial ice, around 40% of its climatological minimum. In
the case of thin perennial ice, the stochastic forcing is enough
to lead to summer ice-free conditions in most years, shortening
the melt season by 15 days (the timing of the maximum is not
significantly changed; not shown). In the seasonal ice state,
there is no significant difference apart from the added noise.
The response of the model is therefore nonlinear: a zero-mean
noise leads to a change in the mean state of the ice. It is note-
worthy that in all ice states, the impact of the scaling of the
noise is mostly linear: more variance means more departure
from the climatological mean.

Another feature evident when looking at the time series of
the stochastically forced model, using the default standard de-
viation (scaling of 1.0, i.e., representative of realistic forcing
variability), is the emergence of a slow, interannual variabil-
ity, with a periodicity of 7-10 years, particularly notable when
removing the climatology for each individual run (Fig. 5). The
model integration of the rapidly fluctuating surface and bot-
tom heat fluxes leads to a strong internal variability. This is in
line with the theory of stochastic climate models which
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integrate the white weather noise into a red oceanic noise re-
sponse, concentrating the variance at the lower frequencies
(Frankignoul and Hasselmann 1977). While the seasonal ice
state resets every summer, exhibiting limited interannual vari-
ability (Fig. 5a), the perennial ice states allow for year-to-year
memory (Figs. Sc,e).

To investigate the frequency domain response of the ice
model to the stochastic forcing, periodograms are estimated
for the stationary model output, after removing the climatol-
ogy and normalizing the anomalies. The power spectrum is
then computed (Figs. 5b,d,f). The decay of power with increas-
ing frequency confirms the abovementioned integration of the
rapid fluctuations of the atmospheric and oceanic noises (red
and blue spectra) into a slowly varying red noise and is remi-
niscent of the stochastic climate models (e.g., Kilpatrick et al.
2011, their Fig. 8). Contrary to the assumed white weather
noise used in Hasselmann (1976), our ERAS-based atmo-
spheric and oceanic spectra are flat (white noise) for periods lon-
ger than 1 month but are red noise with a small slope for higher
frequencies. The cutoff from white to red noise for ice thickness
is around the annual period and is less clear since the spectrum
still exhibits features for lower frequencies. The peaks in the pe-
rennial states at frequencies lower than 1 yr ' confirm the
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FIG. 6. Impact of forcing trends on ice thickness metrics, for model ensemble run using 30 members (line: ensemble mean; shade: one
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forcings. (g)—(1) As in (a)—(c) and (d)—(f), but for annual minimum ice thickness. For the bottom trend, the minimum (winter) and maxi-

mum (summer) values are provided in the legend.

presence of the interannual variability, though the normalization
tends to obscure this. The exact locations of those peaks depend
on the realization of the stochastic forcing and therefore on the
model run (not shown). Those results are supported by the anal-
ysis of a gain function (Fig. S6). A derivation of the model ad-
justment time scales similar to Thorndike (1992) shows that ice
thickness has a quadratic impact on the response time of ice to
atmospheric changes (see also SI, section S3). For perennial ice,
the memory of the system ranges from months to several
years, highlighting how the system can generate low-frequency
interannual-to-decadal variability.

b. Sensitivity to forcing trends

We have shown that increased variability of the heat fluxes
can have impacts on the mean ice thickness. A better under-
standing of the impact of heat flux trends, both atmospheric
and oceanic, is also important to frame the previous results.

We add linear trends of varying magnitudes to the stochastic
forcing and run an ensemble of simulations to average out sto-
chastic noise-dependent results (Fig. 6). For the atmospheric
forcing, we use the trends extracted from the ERAS data over
the 1979-2021 period (Figs. 2d—f) and scale those trends by a fac-
tor between 0.0 (no trend) and 2.0 (twice the ERAS5-calculated
trend). For the oceanic heat flux trend, we expect a trend stron-
ger in summer than in winter (see section 1) and therefore scale
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the trend by the seasonal cycle of the ice—ocean heat flux. We
use a range of values centered around the winter trend reported
by Zhong et al. (2022) (a 0.9 W m™? increase over a 12-yr pe-
riod), ranging from 0.25 W m™2 decade ' (resulting in a summer
peak value of 8.5 W m™? decade™!) to 1.5 W m™? decade !
(summer peak value of 50.7 W m™~2 decade ™ !). The model is first
run 4 years without trend for spinup, then run for 26 years with
trends.

Unsurprisingly, the trends lead to a decrease in maximum
and minimum ice thickness, except in the seasonal ice state
where the minimum is already at zero (Fig. 6). The slope of
the ice thickness anomaly decreases in magnitude with time,
leading to a deceleration of ice thinning, despite the linearly
increasing trend in the forcing. This is most apparent for the
maximum ice thickness in the thick perennial state (Fig. 6¢c)
and can be explained by the ice growth-thickness feedback: a
thinner ice can recover faster during the freezing season. This
is yet another consequence of the nonlinearities of the system.
Another feature is the stronger impact of the ice-ocean heat
flux trend compared to the atmospheric trends for the mini-
mum thickness (Figs. 6g—i). Both perennial ice states turn to
seasonal ones within 20 years when applying an ice-ocean
heat flux trend, except for the smallest trend (Figs. 6h,i). In par-
ticular, even for the thick perennial ice state, winter trends equal
to or above 0.75 W m ™2 decade ™" (254 W m™2 decade ™! at the
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peak of summer) lead to ice-free summers for all members of
the ensembles (shaded areas indicate the ensemble standard de-
viation). For the maximum ice thickness, the atmospheric heat
flux seems to have more impact than the ice—ocean heat flux.
This can be understood when looking at the actual slopes of the
atmospheric trends which are overall positive in winter (during
the ice growing season) but close to zero or even negative for the
shortwave radiation in summer (Figs. 2d-f). It therefore makes
sense that the ice—ocean heat flux drives the summer minimum
ice thickness, while the atmospheric trend dominates the winter
maximum thickness. The impacts of trends are also stronger for
the ice minimum than for the maximum. For example, a realistic
atmospheric trend (factor of 1.0) leads to an ensemble mean de-
crease over the 30 years of 0.1 m for the maximum thickness,
and a loss of 0.2 m for the minimum thickness, in the thick peren-
nial state. The ice—ocean heat flux trends also lead to a stronger
response of the minimum thickness compared to the maximum,
with a loss of 0.5 m in the minimum, compared to 0.15 m for the
maximum. Note that the ensemble spread is also higher for the
minimum. While the ice system is nonlinear as demonstrated
throughout the study, the superposition of both trends still leads
to a mostly linear superposition of the results. Oceanic trends
have a stronger impact on minimum ice thickness and a stronger
influence on when ice-free summers will happen, while atmo-
spheric trends have a slightly stronger impact on maximum ice
thickness decline (Fig. S7).

4. Discussion

We have used a zero-layer ice thickness model to investigate
the response of sea ice thickness to stochastic heat flux forcing.
This model is quite simple: it balances heat fluxes at the
atmosphere—ice and ocean-ice interfaces through vertical heat
diffusion to estimate ice growth and melt at the surface and
bottom. It captures the albedo positive feedback and the ice
growth—thickness feedback, two of the most important pro-
cesses that control ice melt and growth. The real strength of
such a simple model is its direct link between processes, results,
and interpretation. This allows for a robust process-oriented un-
derstanding of the behavior of the model, despite the relative
complexity of the nonlinear processes involved. Another signifi-
cant advantage is the relatively low computational cost of the
model, allowing for model ensemble simulations over decades,
necessary for the stochastic context used here.

Nonetheless, the predictive skill of the model remains an im-
portant question, as a number of simplifications are used: the
model assumes no heat capacity (the temperature gradient
within the ice is linear), no brine pockets or channels potentially
altering the conductivity or the latent heat vertically or tempo-
rally (Vancoppenolle et al. 2009; Worster and Rees Jones 2015),
no snow layer insulating the ice (although the formulation ac-
counts for the snow albedo), no penetration of solar radiation,
and no dynamics or rheology of the ice (e.g., Hibler 1979). We
focus here on qualitative behavior and restrain from quantita-
tively validating the model, though initial studies using the zero-
layer model have shown a good agreement with more complex
thermodynamical ice models (Semtner 1976). As in those earlier
studies, our model does not account for rheology nor ice
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dynamics. This is deemed acceptable in most cases, as sea ice dy-
namics explain at most 20% of sea ice loss (Le Guern-Lepage
and Tremblay 2023). In regions where dynamics are relevant,
such as Fram Strait and the East Greenland Current, caution
should be used when applying our results, not only because the
dynamics are not included in our model but also because ther-
modynamics might be significantly affected. For example, advec-
tion of ice toward warmer waters could induce an oceanic heat
flux variability outside the range explored in this study. None-
theless, sea ice is primarily controlled by thermodynamics,
through its high albedo and insulation properties. We account
for both, albeit in a simple form. The model results are not
strongly sensitive to a more complex formulation of the albedo
parameterization (not shown), i.e., one which includes a tem-
perature threshold below the melting point at which albedo
begins to decrease (e.g., Lindsay and Rothrock 1993) and a
linear change in albedo above this threshold. Sea ice is a com-
plex, multiphase medium, whose thermal properties vary
spatially and temporally, but simpler models that do not incor-
porate those variations, such as the one used here, still show
an overall good agreement with observations (e.g., Maykut
and Untersteiner 1971; Semtner 1976; Thorndike 1992). The
use of a single ice layer is also at odds with the typical multi-
layer models used in many of the most recent ice models. Yet,
the model results are not strongly sensitive to internal heat
capacity in the ice, which we represented by the addition of
an extra ice layer. The rectifying effect (Fig. S8) and the internal
variability generation (not shown) are still clearly visible in the
results from the model with internal heat capacity. Interest-
ingly, the rectifying effect is slightly more pronounced in this
model (Fig. S8). This is due to the introduction of a piecewise
linear temperature profile, resulting in an overall less variable
conductive ice flux within the ice, leading to a stronger integra-
tion of the fast weather fluctuations into the mean state. The
introduction of a snow layer would likely result in a stronger
though similar effect due to the lower thermal conductivity of
snow. The results presented in this study, based on the zero-layer
model, are therefore likely conservative, and stronger nonlinear
behavior is to be expected for more complex models. Finally, by
comparing general circulation models from the CMIPS ensemble
and including their own version of a Semtner (1976) zero-layer
model, Massonnet et al. (2018) found that the complexity of ice
models is not correlated with their skill in simulating mean ice
state, freezing, and melting. We are therefore confident that this
zero-layer simple ice model is fit for the purpose for our study
objectives.

As mentioned in the introduction, other studies have used
simple models to investigate the stability of the ice system
(Wagner and Eisenman 2015; Moon and Wettlaufer 2011, 2013,
2017). Those studies are based on a one-column, enthalpy-
based sea ice-mixed layer model aimed at representing condi-
tions at the scale of the whole Arctic region (Eisenman and
Wettlaufer 2009); our model differs fundamentally from their
approach by representing ice conditions over a much smaller
spatial scale and focusing on the response of sea ice thickness
and surface temperature to local meteorological and oceanic
fluctuations. We do not parameterize ice import or export in
our model. Compared to the Eisenman and Wettlaufer (2009)
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formulation, our model includes some simplifications, such as a
simpler albedo formulation and a lack of shortwave penetration
into the ice. However, our model also includes more complex
treatment of some processes, including a bottom temperature
at the freezing point instead of the melting point (meaning the
heat conductive flux in the ice can change sign depending on
the surface temperature), and more importantly, a realistically
time-varying ice—ocean heat flux instead of a constant one.
Moreover, this study introduces an important novelty in the
treatment of statistical noise representation. Some mathemati-
cal studies have investigated the influence of noise (e.g., Moon
and Wettlaufer 2013, 2017), either additive or multiplicative in
form, but without formulating the noise based on known obser-
vational forms. From a mathematical perspective, their central
focus is to turn their continuous time formulation of a stochastic
model into a discrete system, which can affect the numerical
scheme. Our approach is based on a discretized (in time) form
of the continuous deterministic ordinary differential (5). We
then inject discrete time stochasticity via multivariate autore-
gressive models, interpolated on the model time step. From a
physical perspective, the studies by Moon and Wettlaufer
(2013, 2017) mainly focus on distinguishing between pan-Arctic
stable ice states (ice-free, seasonal, or perennial ice cover) and
the switch between them in response to an external heat flux
mimicking greenhouse gas forcing. In opposition, our noise and
trends for both atmospheric and oceanic forcing are formulated
based on well-calibrated observational, model, and reanalysis
products and are properly scaled to best match the realistic evo-
lution of local forcing. Our emphasis is on the response of the
nonlinear ice system to those realistic noises and trends, inde-
pendent of a state change. We also investigate the sensitivity of
the system to noise amplitudes and include not only a season-
ally varying oceanic forcing but also stochastic noise and trends
for this forcing, contrary to Moon and Wettlaufer (2017). It is
worth noting that the rectification process highlighted in this
study confirms and expands on the existence of a “memory
effect,” investigated by Moon and Wettlaufer (2017) for the di-
vergence between ice states at the end of summer.

The ice thickness exhibits a nonlinear response to stochastic
forcing, wherein a zero-mean stochastic noise added onto the cli-
matological forcing generates a nonzero response in the mean
thickness state (Fig. 7b). The conditional form of (5) can explain
this surprising response (Fig. 7a), as increased variability can
drive ice surface temperature to reach the melting point sooner
than under climatological conditions, triggering the albedo feed-
back process to melt more ice. Hence, sea ice acts as a rectifier.
The nonlinear formulation of the outgoing longwave radiation,
varying to the fourth power of the surface temperature, would
also emphasize positive anomalies over negative anomalies,
leading to a net negative ice thickness anomaly. But the induced
outgoing longwave anomaly would be 1-2 orders of magnitude
lower than the baseline, and therefore negligible. The ice
growth—-thickness feedback can partially compensate for this ice
loss if the ice gets thin enough. While the quantitative aspect of
this result is a consequence of the formulation and parameters
used, it has physical grounds since snow and ice change their al-
bedo significantly once they start to melt or to turn to slush. The
albedo feedback is a well-understood and validated process.
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This mean state offset has implications for model validation and
simulations: a model run under climatological forcing should not
be quantitatively validated against observations, as noise needs
to be accounted for to generate realistic mean statistics. Similarly,
using spatially averaged forcing will smooth the noisiness of
the forcing variable and therefore lead to a mean bias in the
ice thickness. This could be a potential factor in the underesti-
mation of ice sensitivity and decline in Earth system models
(Stroeve et al. 2007, Rampal et al. 2011; Notz and SIMIP
Community2020).

The impact of the high-frequency forcing variability is also
visible in the frequency domain, as the periodogram exhibits a
decreasing slope at high frequencies. This hints at an inverse en-
ergy cascade, as the energy input at short time scales is trans-
ferred to longer time scales (Fig. 7b). The transfer of energy
across time scales through harmonic generation arises from non-
linearities in the equations including, famously, in turbulence
theory (Richardson 1922; Bailly and Comte-Bellot 2015).
Nonlinear terms are also evident in the equations governing
the evolution of sea ice thickness [(5)]. Here, we draw an anal-
ogy between the nonlinear transfer of energy toward low fre-
quency by sea ice and other physical processes such as the
generation of harmonics in internal waves by reflection at a pyc-
nocline (Thorpe 1998) or in surface currents by wind friction
(Militello and Kraus 2001). The inverse energy cascade unveiled
here highlights the role of sea ice as a climate component, damp-
ening the variability on daily to weekly time scale to generate
seasonal-to-interannual variability. As mentioned in the intro-
duction, stochastic climate models have been a fruitful approach
to explain the generation of such low-frequency internal vari-
ability in the climate system. This study builds on those earlier
works and extends the results to a cyclostationary system, with a
seasonal cycle taken into account (as in Moon and Wettlaufer
2017). This is a step forward, as the conceptual models used by
Hasselmann (1976) and Frankignoul and Hasselmann (1977)
only focus on anomalies around the seasonal cycle.

The rapid climate changes occurring in the Arctic have conse-
quences for the variability of the heat fluxes. A shift in the storm
track location or the increased generation of clouds leads to a
decrease in shortwave radiation in summer and an increase in
longwave radiation, especially in winter and during the shoulder
seasons. In light of the response of the ice to increased variabil-
ity of longwave radiation, we can expect a negative anomaly in
ice thickness, leading to thinner ice and increased seasonal am-
plitude in perennial ice regions (Fig. 7c). This feature is indepen-
dent of the trend. The positive trends of longwave radiation and
atmospheric temperature, mostly occurring in winter and in the
shoulder seasons, go together with a negative trend of solar radi-
ation in summer. This results in an overall negative trend of ice
thickness, especially for the maximum, along with increased var-
iance in the timing of the melt onset and the minimum value.
Note that since the trend used here is derived for the period cov-
ering 1979-2021, it is likely a conservative estimate of the trend
for more recent years and for the next decades. We can there-
fore expect the trend for ice thickness to be on the order of
—0.1 m decade™! or lower (corresponding to a slope factor in
the atmospheric trends of 1.5 or 2) rather than around —0.05 m
decade™" (slope factor of 1.0). On top of this temporal aspect,
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FIG. 7. Conceptual summary of the results. (a) Ice model seen as the combination of a rectifier of atmospheric fluxes
and a low-pass filter for ice—ocean, atmospheric, and conductive heat fluxes [(5)]. (b) Impacts of stochastic noise in
forcing on ice thickness: atmospheric noise reduces ice thickness, while both atmospheric and oceanic noises generate
internal variability. (c) Projected changes in ice thickness due to anthropogenic climate change: increased atmospheric
variability due to changes in storm tracks or cloud nucleation leads to thinner ice, while increased eddy variabil-
ity of the Arctic Ocean leads to stronger internal variability. Increased winter longwave radiation and decreased
summer shortwave radiation due to increased moisture content and cloudiness lead to decreasing ice thickness,
especially in winter, while increased oceanic heat content and ice pack mobility strongly decrease ice thickness,
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especially in summer.

there is also some spatial variability in the expected trends.
For example, the North Pacific storm track is expected to shift
poleward, leading to more cyclones over the Beaufort Gyre
(Crawford and Serreze 2017). This would enhance the heat
flux variability and lead to a negative anomaly for ice thick-
ness over the Canadian side of the Arctic.

Yet, according to our results, the trend in atmospheric forc-
ing is less important in setting the future of sea ice than the
trends in the ice—ocean heat flux, in line with Merryfield et al.
(2008). While the positive trend for the atmospheric forcing
variables is mostly occurring in winter or in the shoulder sea-
sons, and is even slightly negative in summer for the short-
wave radiation, the positive trend for the ice-ocean heat flux

Broug
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is expected to accelerate in summer, through a longer open
water season leading to higher mixed-layer temperature and a
more mobile ice pack leading to stronger sensible heat flux
(Fig. 7c). This is likely to be the dominant driver for the decline
in sea ice in summer. Just as for atmosphere—ice heat fluxes,
some spatial variability can be expected for the ice—ocean heat
flux trends, with a stronger increase near the Arctic gateways
(Fram and Bering Straits and Barents Sea Opening; see Rudels
2015 for locations). A significant limitation of this result is the
lack of robust estimates on the past, current, and future trends
of the ice—ocean heat flux, including its seasonality. We care-
fully built our parameterization, but none of the sources used
are independently able to realistically constrain the ice—ocean
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heat flux. Nonetheless, we consider our parameterization as
encompassing the likely trend in a conservative way, as
summer-averaged ice—ocean heat fluxes above 100 W m ™2 are
thought to have explained some of the recent multiyear ice
losses (MacKinnon et al. 2021; Babb et al. 2022). Increased vari-
ability of the ice—ocean heat flux does not generate a significant
response in the mean ice state, so the increased frequency of
eddies in the Arctic Ocean (Von Appen et al. 2022) should not
produce an offset similar to increased longwave radiation or at-
mospheric temperature in the ice mean state. But the increased
energy at high frequencies is still expected to yield increased
low-frequency variability. This could lead to less predictable
sea ice at seasonal-to-interannual time scales in perennial ice
conditions, until reaching a seasonal state where the memory
resets. A concerted effort for observationally constraining ice—
ocean heat flux seasonality, variability, and trend would provide
critical information to better understand and predict the fate of
sea ice and the redistribution of energy at the different time
scales of the weather—climate systems.

This study provides a picture of sea ice as an integral com-
ponent of the climate system, absorbing high-frequency vari-
ability into its mean state as well as cascading energy from
weather noise to climate variability. The fate of sea ice as a
seasonal rather than perennial system would reduce its capac-
ity to integrate variability at interannual time scales, as the ab-
sence of ice in summer would reset its “memory.” This could
have significant consequences on the atmospheric and the
oceanic systems, considering how tightly it is intertwined with
those climate components.
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