
Objective
● A review of sea ice models used for climate studies 

and of the recent advances made with these models 
to understand sea ice predictability

Approach
● Dynamic and thermodynamics processes represented 

by sea ice models for climate applications enable 
simulation of critical ice-ocean-atmosphere 
interactions.

● Seasonal sea ice can be predicted based on 
mechanisms associated with ice thickness or ocean 
heat anomalies. On longer timescales, internal climate 
variability is an important source of uncertainty.

● Anthropogenic signals have already emerged from 
internal climate noise.

● While models differ in the magnitude and timing of 
predictable signals, many sea ice predictability 
characteristics are robust across models, as in the 
Multi-Model Large Ensemble (MMLE).

● Newer sea ice model developments include biology, 
chemistry, landfast ice, wave-ice interactions, and 
advanced snow properties and processes.

Modeling advances improve understanding of 
seasonal to decadal sea ice predictability
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Autocorrelation of Northern Hemisphere ice area anomalies from 
MMLE models using data from 1960–2000 and all ensemble 
members. Ice anomalies on the y-axis month are correlated with 
future anomalies shown on the x-axis. To isolate anomalies from 
internal variability, the ensemble mean is removed from each 
model.

Impact
Earth system modeling studies have provided new insights 
on sea ice predictability across timescales, which in turn 
provide useful information for building more skillful 
forecast systems.
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a perturbed-parameter climate model 
ensemble (Urrego-Blanco et  al., 2019). 
Roach and Blanchard-Wrigglesworth (in 
press), using experiments in which winds 
were nudged to observations, also found 
that observed wind variations reinforced 
summer ice loss, but played little role in 
historical winter/spring sea ice trends.

Initial-Value Sea Ice Prediction
Because of sea ice loss, there is grow-
ing interest in safe Arctic marine access, 
and this has spurred interest in predict-
ing sea ice across timescales from sea-
sonal to multi-decadal (e.g., Eicken, 2013; 
Melia et al., 2017). Earth system models 
have provided insights on sea ice predict-
ability associated with initial conditions 
(“initial-value predictability”), includ-
ing analysis of diagnostic predictability 
from the correlation structure of simu-
lated conditions, inherent predictability 
from “perfect model” studies that assess 
the ability of the model to predict itself, 
and studies with forecasting systems ini-
tialized with observed conditions. "ere 
is strong evidence of the potential for 
skillful seasonal ice predictions and con-
sistency on the fundamental sources of 
that predictability. "ese insights are 

informing the development of improved 
prediction systems.

Blanchard-Wrigglesworth et al. (2011a) 
assessed the autocorrelation of Arctic ice 
extent from a large ensemble and provided 
a metric for diagnostic predictability. "ey 
found that ice anomalies exhibit a per-
sistence of several months and a “reemer-
gence” of memory for some times of year. 
"is includes (1) a summer-to-summer 
reemergence associated with long-lived 
ice thickness anomalies, and (2) a melt-
to-freeze season reemergence associated 
with long-lived ocean heat content anom-
alies. "ese sources of memory have been 
con#rmed in additional studies (e.g., see 
Guemas et  al., 2016, for a review). "ey 
should enable predictive skill on these 
timescales, while pointing to aspects of 
the system that need to be well-initialized 
to realize that skill.

In the MMLE (Figure 2), we #nd 
that all models exhibit these predictabil-
ity features, with a two- to three-month 
“persistence timescale” over which the 
autocorrelation declines. For ice area 
in February through May (y-axis), rela-
tively low correlations a$er two to three 
months are followed by an increase 
in correlation during the ice growth 

season (approximately January–March, 
x-axis), indicating the melt-to-freeze sea-
son reemergence. Correlations for sum-
mer months (August–October) exhibit 
a summer-to-summer reemergence with 
enhanced correlations at a one-year lag. 
While the consistency across the mod-
els in these and other properties has been 
highlighted in several studies, the mod-
els di%er in the magnitude and tim-
ing of predictable signals, which are 
related in part to di%erent climate state 
properties (e.g.,  Day et  al., 2014b), pro-
viding optimization opportunities for 
sea ice prediction.

Comparisons across models indi-
cate that climate properties can a%ect ice 
predictability—not surprising since the 
mean ice state in&uences sea-ice feed-
backs (e.g., Massonnet et al. 2018)—and 
suggest that initial-value predictabil-
ity might change in a warming climate. 
Indeed, Holland et al. (2019) found that 
summer ice predictability changes as 
the climate warms, because the growth 
of ice thickness initialization errors and 
their role in summer melt-out depend 
on the mean sea ice state. "ese factors 
can help explain across-model di%erences 
in predictability.
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FIGURE 2. Autocorrelation 
of Northern Hemisphere ice 
area anomalies from MMLE 
models using data from 
1960–2000 and all ensem-
ble members. Ice anomalies 
on the y-axis month are cor-
related with future anoma-
lies shown on the x-axis. To 
isolate anomalies from inter-
nal variability, the ensem-
ble mean is removed from 
each model.
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