Seminar
PMEL/NOAA
July 26th, 2017

Negative and positive
thermodynamic feedbacks Iin
simulated Arctic sea ice

Francols Massonnet

francois.massonnet@uclouvain.be

STiTO Thanks to M. Vancoppenolle, H.
Goosse, C. Bitz and many others

£
Ry a @FMassonnet ——
1] m Supercomputing
L] '] Center
P Centro Nacional de Supercomputacion
v <



Seasonality, interannual variability
and trends in the Arctic sea ice cover
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Science Question 1
How can we explain the spread in
Arctic sea ice projections?

Northern Hemisphere September
Satellite obs. 1986-2005 avg: 7.1x10° km?
CMIP5 historical 1986-2005 avg: 6.6 x10° km?
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Science Question 2
Is there a link between sea ice model
complexity and simulated properties?
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Science Question 3
What controls the predictability of
Arctic sea ice? How will it change?
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Science Question 4

How linear is Arctic sea ice?
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Arctic sea ice thermodynamics is
essentially about
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mean state



1. Estimation of the feedbacks

2. Feedbacks vs mean state

3. Feedbacks vs variabllity
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Domain of the study: chosen to
investigate sea ice thermodynamics

1979-2015 annual-mean
thickness (PIOMAS)

pd

Analyses are conducted north of 80N: <
-Large enough to smooth out the effect of dynamics
(advection, ridging, rafting, mechanical deformation)
-Small enough to not be influenced by horizontal
oceanic heat fluxes

-Retains ice throughout mid-century in projections Winter
ice edge

The domain is adapted to study sea ice

thermodynamics (this will be conflrmedaposterlorl).O.0 TR AT AT TR
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The negative feedback: fundamental
safeguard of the sea ice system

Eis dem Wasser entzogen und an die Oberfliche gefiibrt
oder, was dasselbe bedeutet, die Kiltemenge, welche durch
das Eis dem Wasser zugefithrt wird. Diese Kiltemenge
erzeugt eine Schichte Eis von der Dicke dZ und ist:

(1) hodh = 521,

J. bedeutet die latente Wirme, o das specifische (Gewicht
des Eises. Aus dieser (Gleichung folgt:

« Sea ice grows faster (f it is thinner »

[Stefan, 1891]



Approach to measure the negative feedback

Arctic sea ice volume north of 8ON
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. Locate annual minima (V,,,,) and following maxima (V

max)

Estimate the volume production AV=V, _— V..,

Regress AVonV, ..

A w N

. Define the feedback factor as the slope of the regression [unitless]

. Signals could contain secular trends. Linear detrending is done prior to the analysis.
This does not affect the conclusions



All CMIP5 models have the negative feedback

and they all simulate it differently!
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The positive feedback: amplifier
of summer sea ice melt

Everyone understands the ice-albedo feedback —conceptually
But definitions vary from study to study
Quantifying it is not straightforward and often requires dedicated experiments

4. Sea ice-albedo feedback

To assess the strength of the sea ice—-albedo feedback
for the different models, we compare perturbed sim-
ulations that include the ice—albedo feedback with the

corresponding perturbed simulation that does not in-
clude ice-albedo feedback. For the simulations that do

[Curry et al., J. Clim., 1995]

[7] The surface albedo feedback is estimated as:

AS
Joar = —0 (3)

where AS, .. represents the change in the top-of atmo-
sphere shortwave due to replacing the control run surface
albedo, o, with the perturbation run surface albedo, . The

[Winton, GRL, 2006]

b. Methods

Following the radiative kernel method, the time (7)-
dependent SIRF within a region R (here, the NH) of
area A and the SIAF can be estimated separately in two
steps (Flanner et al. 2011; Qu and Hall 2006): 2. Data and Methods

Surface albedo feedback (Y,) is commonly defined as the change in the net downward top of atmosphere

_ 1 da,
SIRF(#, R) = JRI([' " ;;T,\_(t' na(t,r) dA(r), (TOA) shortwave radiative flux per unit surface temperature change caused by changes in surface albedo (a):

A(R)

) y, = Qu_ _dap s
T 8T~ das T M

ASIRF
SIAF=—0—. @)

s

_ [Crook and Forster, GRL, 2014]
[Cao et al., J. Clim., 2015]




Approach to measure the positive feedback

1. Estimate AA and AV (max V->min V) for each year

2. Linearly detrend each term to avoid spurious trends

3. Regress (detrended) AA on AV Similar idea as in

4. Units of feedback: [m1] or [%/cm] Holland et al. GRL 2006
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All CMIP5 models have the positive feedback (e
and they all simulate it differently! &
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Both feedbacks are

related to the mean state
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Both feedbacks are strongly

related to the mean state

Negative feedback [m/m]

44 CMIP5 models. Reference period: 1861-1910
Diagnostics for one ensemble member of one model
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Both feedbacks are strongly, non-linearly
related to the mean state

44 CMIP5 models. Reference period: 1861-1910

Diagnostics for one ensemble member of one model
O Diagnostics for ensemble mean (bigger if more members)
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Both feedbacks are strongly, non-linearly
related to the mean state

44 CMIP5 models. Reference period: 1861-1910

Diagnostics for one ensemble member of one model
O Diagnostics for ensemble mean (bigger if more members)
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No clear link between model complexity and mean state/feedbacks



Both feedbacks are strongly, non-linearly
related to the mean state

Negative feedback [m/m]
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Internal variability is sufficient to explain the spread of CMIP5



Both feedbacks are strongly, non-linearly, almost exclusively
related to the mean state

NEMO-LIM3 ocean - sea ice simulations (1979-2014) with varying
number of ice thickness categories and varying dynamical parameter P*
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Only the mean state is important for the two feedbacks considered -
regardless of how you get there



Both feedbacks are strongly, non-linearly, almost exclusively
related to the mean state

Semtner 0-layer 1-D sea ice model (no horizontal fluxes, prescribed ocean
and atmospheric fluxes). 50 last years of data from 100-yr run used

) S S 2 M IP5. . (This simple model has
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The most simple and most complex sea ice models agree on
something, which must necessarily be fundamental.



Both feedbacks are strongly, non-linearly, almost exclusively
related to the mean state in a hierarchy of data sets
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Don't take those points for granted: large sampling
error (5 data points) + large uncertainty on data



1. Estimation of the feedbacks

2. Feedbacks vs mean state

3. Feedbacks vs variability



1. Estimation of the feedbacks

2. Feedbacks vs mean state

3. Feedbacks vs variability
!

Seasonality
Interannual variability
Predictability
Response to forcing



Both feedbacks enhance the seasonality

Amplitude seasonal cycle [10% km?3
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The positive feedback triggers summer anomalies, the negative feedback
ensures that these anomalies are damped - large seasonality



Both feedbacks enhance the seasonality

Amplitude seasonal cycle [10% km?3
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Both feedbacks dampen interannual variability

Variability [10° km?]
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Persistence [months]

Both feedbacks kill predictability
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Predictability arises from the ability of anomalies to
persist over time.

-The positive feedback amplifies the initial anomaly
-The negative feedback erases it

In both cases, predictability is lost.



1950-2004
Volume loss [103 km?]

Both feedbacks mitigate the forced response
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2. Feedbacks vs mean state
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Sea ice properties scale non-linearly with its annual-mean volume
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Variability and mean state are related, but indirectly and sometimes
through a chain of non-linear relationships

Sea ice thickness will likely become less predictable as the ice thins
You can't trust the predictability of a biased model, for which post-
processing was applied. Fix your mean state first.

Comprehensive sea ice models are not sufficient for realistic simulation
of the feedbacks. Tuning to mean state may suffice.

Two CMIP5 models may resemble each other for awfully different
reasons
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