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Arctic Sea Ice

Sea ice concentration (SIC) –
relative area covered by ice (0% –
100%)

SIC is derived from passive
microwave imaging by satellites.

Sea Ice Extent (SIE) is area fully
covered by ice – when SIC≥ 15%.

SIE decline due to global warming is
an area of active scientific research
with profound socio-economic
implications.
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Sea Ice Outlook (SIO)

Prediction of September SIE

Observed	
September	
sea	ice	
extent,	with	
median	SIO	
predictions	
over	2008–
2016

updated	from	
Hamilton	and	
Stroeve	2016

Summertime forecasting of September SIE is very challenging: high variability of ocean and
atmosphere over Arctic, shortness of observations to derive robust statistical methods,
shortcomings of the physics-based models to simulate sea-ice dynamics.

2016 SIO results: spread of the models is fairly large...

UCLA-TCD (Theoretical Climate Dynamics) data-driven stochastic-dynamical model is
somewhat an outlier in statistical category, but also was one of the best performers:
4.79 vs. observed 4.72 (millions km2).

The newly developed theoretical and numerical tools are keys to our successful prediction:
the joint variability of the SIE over Arctic sectors is analyzed, modeled and forecasted by
Data-Adaptive Harmonic (DAH) decomposition techniques [Kondrashov et al. 2017,
GRL, submitted].
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Multisensor Analyzed Sea Ice Extent -I

Multisensor Analyzed Sea Ice Extent (MASIE) – manual (non-automatic) data fusion using
variety of sources. It provides daily ice conditions to support navigation and operational
forecast models. 2006 – present, daily data of SIE for 16 Arctic regions in real-time.

This study: the daily MASIE data was aggregated into a weekly resolution with 52 weeks
in each calendar year, and combined into four Arctic sectors: Center, RUS, CAN, and USA.

Non-political disclaimer: the regional grouping and labeling was done roughly according to geographical proximity of the regions, while also aiming

to achieve balanced contributions into SIE, and it resulted, in certain cases, in combining non-neighbouring regions.
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Multisensor Analyzed Sea Ice Extent –II
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Pronounced seasonal cycle; anomalies involve complex mixture of temporal scales
(subseasonal-to-seasonal-to-intraseasonal) and interactions between the regions.
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Multisensor Analyzed Sea Ice Extent –III

Complex dynamics: relative
contributions of the four sectors
may change in time from year to
year and during the summer;
involve delays between the
sectors and may act in opposite.

Complex and highly nonlinear
predictors are needed...?

DAH decomposition [Chekroun
and Kondrashov, 2017, in
preparation] aims to decompose
vast class of datasets into sum of
elementary parts – pairs of
harmonic spatio-temporal
patterns

DAH leads to universal
parametric family of very simple
oscillatory stochastic models
stacked per frequency.
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Data-Adaptive Harmonic (DAH) Decomposition

Key difference from Multichannel Singular Spectrum Analysis (M-SSA) [Ghil et al. 2002,
Rev. Geophys. ]: DAH is frequency-based, while M-SSA is variance-based.

DAH modes are eigenvectors of the matrix C constructed from time-lagged

spatio-temporal correlations of the dataset – they come out always in pairs with the

following fundamental properties:

it is orthogonal set of oscillating functions within the embedding window M;
each mode pair is in exact phase quadrature, a.k.a. sin and cos;
the associated time-dependent DAH coefficients, obtained as projections of
the dataset onto DAH modes, are narrow-band time series that account for
the captured variance at a given frequency.
full or partial data reconstruction by combining modes and coefficients.
universal dynamical framework to model DAH coefficients.
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DAH Decomposition of Sea Ice Extent
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Left panel: DAH eigenspectrum of SIE in 4 sectors is evenly spaced in frequency; each
dot is associated with a pair of DAH modes (at f = 0 the modes are unpaired).

There are 4(≡ spatial size of dataset) DAH pairs at a given f 6= 0, [1/f ] ≡ weeks.

Pairs of DAH modes and DAH coefficients are always in phase-quadrature: center panel
– leading spectral pair at a given frequency; right panel – top-to-bottom spectral pairs at
given frequency. x-axis – time, y-axis – sectors (1–CEN, 2–CAN, 3–RUS, 4–USA).

Channel-wise phase and amplitude modulations of the modes are data-adaptive!

DAH coefficients convey how particular DAH modes are expressed in the data.
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Multilayer Stochastic Stuart-Landau Models (MSLM)

The DAH-MSLM modeling approach

If (x(t), y(t)) are pair of DAH coefficients – narrow-band oscillatory time series in
phase-quadrature and associated with a dominant frequency f , Stuart-Landau (SL) models
with additive noise are generic class of models to capture (i) the frequency f and (ii)
amplitude modulations:

ż = (µ + iγ)z− (1 + iβ)|z|2z + ηt, z ∈ C,

µ, γ, β - real parameters, ηt - “noise” – are estimated from time history of z(t) = x + iy.

System of coupled SL oscillators to model all DAH pairs (xj, yj) at a given frequency f :

ẋj = βj(f )xj − αj(f )yj + σj(f )xj(x2
j + y2

j ) +
N

∑
i 6=j

aij(f )xi +
N

∑
i 6=j

bij(f )yi + ξj,

ẏj = αj(f )xj + βj(f )yj + σj(f )yj(x2
j + y2

j ) +
N

∑
i 6=j

cij(f )xi +
N

∑
i 6=j

dij(f )yi + ζj,

Stochastic forcing (ξj, ζj) is modeled by Multilayer Stochastic Modeling (MSM)
[Kondrashov et al., Physica D, 2015] to convey temporal correlations, i.e. in 1-L model,

(ξj, ζj) is linearly coupled to (xj, yj) and driven by spatially correlated white noise (Ẇj
1, Ẇj

2).

The model coefficients are estimated in parallel for each frequency, by successive
regressions with linear constraints to impose SL structure, i.e. βj(f ), αj(f ), σj(f ).

MSLMs are run in parallel and dynamically synced across the frequencies by same (Ẇj
1, Ẇj

2)
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DAH-MSLM Modeling of Sea Ice Extent

Good skill in reproducing key statistical features
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DAH-MSLM model is stochastic
emulator of original data that
reproduces time-lagged
information across the space.

Ensemble of long stochastic
simulations of MASIE anomaly is
compared to observations.

(a) Autocorrelation function
(ACF); red – observations, blue
– ensemble mean, black -
standard deviation of individual
ensemble members.

(b) Probability density function
(PDF); red – observations, blue
– ensemble mean, black –
individual ensemble members.
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DAH-MSLM Forecasting of September Sea Ice Extent

2013–2016 regional retrospective
forecasts (“no look-ahead”) of
September SIE (DAH-MSLM
stochastic ensemble mean) from
June (green), July (blue) and
August (red).

Consistent June-to-August
outlooks emphasize predictive
content.

CEN, USA, RUS sectors are
predicted fairly well.

CAN sector is having largest
prediction errors that also
dominate forecast of total
September MASIE.
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Conclusions and Key References

We have developed novel approach for the data-driven stochastic modeling
and forecasting of partially observed outcomes from a large and complex
dynamical system.
Successful real-time regional prediction of summer Arctic SIE.
USA region is predicted best, while the CAN sector exhibits the largest prediction
errors. This difference may be due to the latter sector lying mostly inland, while the
other sectors are largely within the Arctics open waters.
The proposed approach is easily extendable by including additional datasets with
information on ice-ocean-atmosphere conditions.
Large short-term fluctuations of SIE during peak of melt season may be caused by
specific evolution of key ocean-atmosphere variables (air temperature, sea-level
pressure,...) that are not currently included in the model – future research.
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