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Mo#va#on	
  and	
  aim	
  
	
  

..	
  from	
  climate	
  perspec#ve	
  “we	
  live	
  in	
  interes-ng	
  -me”	
  ..	
  
	
  

..	
  to	
  further	
  understanding	
  and	
  predic#on	
  of	
  the	
  Arc#c	
  system	
  



Arctic variability and change 

Decline of 3.2%  
per decade 

● The lowest NH January SIE  
in the satellite record (since 1979) 
 

  à unusually high SAT  
  à persistent negative AO phase  
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Arctic variability and change 
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 Storm 
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Arctic variability and change 
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  2011	
  
NH	
  sea	
  ice	
  cover	
  	
  
has	
  experienced	
  a	
  
long-­‐term	
  decline	
  
superimposed	
  on	
  	
  
a	
  strong	
  internal	
  	
  
variability	
  
	
  

1) identify physically relatable 
patterns/modes of the NH sea ice 
variability on seasonal to 
interannual time scales disentangled 
from a long-term climate change and  
2) explore their predictability with a 
dynamical system (CGMC) 



Representa#on	
  of	
  internal	
  variability	
  modes	
  



Unsupervised learning methods 

Principal	
  component	
  analysis	
  (PCA)	
  produces	
  a	
  low-­‐dimensional	
  
representaAon	
  of	
  the	
  data	
  that	
  summarizes	
  key	
  properAes	
  

	
  →	
  lin.	
  decomposiAon	
  in	
  a	
  set	
  of	
  uncorrelated	
  (orthogonal)	
  
	
  principal	
  components	
  or	
  modes	
  that	
  successively	
  maximize	
  
	
  the	
  variance	
  captured	
  
	
  →	
  its	
  limitaAons:	
  symmetry	
  between	
  pos.	
  and	
  neg.	
  phases,	
  
	
  suppresses	
  nonlinearity	
  by	
  using	
  a	
  lin.	
  covariance	
  matrix,	
  PCA	
  
	
  modes	
  do	
  not	
  necessary	
  represent	
  physical	
  modes,	
  …	
  

	
  

Clustering	
  methods	
  parAAon	
  data	
  into	
  groups	
  or	
  clusters	
  based	
  on	
  their	
  
distance	
  –	
  they	
  can	
  be	
  hierarchical	
  or	
  non-­‐hierarchical	
  

	
  →	
  aims	
  to	
  simultaneously	
  minimize	
  the	
  distance	
  between	
  
	
  members	
  of	
  a	
  given	
  cluster/mode	
  and	
  maximize	
  the	
  distance	
  
	
  between	
  the	
  centers	
  of	
  the	
  clusters	
  	
  
	
  à	
  without	
  orthogonality	
  or	
  linearity	
  constraints	
  inherent	
  in	
  PCA	
  	
  

	
  	
  	
  



K-means cluster analysis 

K-­‐means	
  method	
  is	
  non-­‐
hierarchical	
  clustering	
  analysis	
  
that	
  allows	
  reassignment	
  of	
  
members	
  between	
  different	
  
clusters	
  (not	
  possible	
  in	
  
hierarchical	
  clustering):	
  
	
  	
  à	
  op#mal	
  number	
  of	
  clusters	
  	
  	
  	
  
	
  	
  	
  	
  	
  	
  K	
  (typically	
  determined	
  via	
  	
  	
  
	
  	
  	
  	
  	
  	
  hierarchical	
  approach)	
  has	
  to	
  	
  
	
  	
  	
  	
  	
  	
  be	
  specified	
  in	
  advance	
  	
  
	
  	
  à	
  produces	
  representaAon	
  of	
  	
  	
  	
  
	
  	
  	
  	
  	
  	
  	
  the	
  spaAal	
  and	
  temporal	
  	
  	
  
	
  	
  	
  	
  	
  	
  	
  variability	
  with	
  K	
  paFerns	
  of	
  	
  
	
  	
  	
  	
  	
  	
  	
  cluster	
  centers	
  and	
  #me	
  	
  
	
  	
  	
  	
  	
  	
  	
  series	
  of	
  cluster	
  occurrences	
  

E.g.	
  iteraAve	
  procedure	
  for	
  K=3	
  with	
  data(x1,x2,t)	
  	
  



Climate	
  memory	
  buffer	
  of	
  the	
  sea	
  ice	
  system	
  



Sea ice thickness 

CryoSat-2  www.cpom.ucl.ac.uk/csopr/seaice.html 

à focus on sea ice thickness 
(SIT) – likely a key medium for 
the sea ice system memory on 
longer time scales  

Arctic monthly mean SIT 



Sea ice reconstruction 

!

Measuring SIT is a demanding task at any scale ⇒ use 
reconstruction = GCM + data assimilation 
 

Combined two multi-member NEMO3.2- 
LIM2 reconstructions (surface forcings:   
DFS4.3 and ERA-Int, and ocean  
restoring: ORAS4) to get continuous  
SIT over the 1958-2013 period 

ReconstrucAon	
   IceSAT-­‐1	
  

Feb-­‐Mar	
  	
  
2004-­‐2006	
  

       Use regional SIT averages:  
~1000 à 32 degrees of freedom 



How	
  to	
  disentangle	
  long-­‐term	
  climate	
  change?	
  



Filtering out climate change 

●	
  0th	
  order	
  residuals	
  

●	
  1st	
  order	
  residuals	
  

➡	
  	
  	
  	
  K=3	
  



Filtering out climate change 

●	
  3rd	
  order	
  residuals	
  

●	
  2nd	
  order	
  residuals	
  



SIT cluster members 
⇒	
  	
  nonlinear	
  forced	
  response	
  of	
  the	
  ArcAc	
  requires	
  removing	
   	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  	
  	
  2nd	
  order	
  polynomial	
  approximaAon	
  of	
  the	
  long-­‐term	
  climate	
  	
  	
  
	
  	
  	
  	
  	
  	
  change	
  to	
  determine	
  robust	
  SIT	
  variability	
  clusters	
  	
  	
  	
  

Examples	
  of	
  members	
  



Structure	
  of	
  the	
  NH	
  SIT	
  cluster	
  centers	
  



SIT cluster centers & SIC comp. 
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SIT cluster centers & SIC comp. 
Cluster	
  2	
  =	
  AtlanAc	
  Pacific	
  Dipole	
  (APD)	
  mode	
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SIT cluster centers & SIC comp. 
Cluster	
  3	
  =	
  Canadian	
  Siberian	
  Dipole	
  (CSD)	
  mode	
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Occurrence	
  of	
  the	
  NH	
  SIT	
  clusters	
  



SIT cluster occurrences  
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Persistence of SIT clusters 
1958
1959
1960
1961
1962
1963
1964
1965
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Cl. 1

Cl. 2
APD

Cl. 3
CSD

CAT

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

à 3 identified SIT clusters  
(CAT, APD and CSD) often 
show persistence reach-
ing into interannual time 
scales 

Conditional probability of the transition 
between Arctic SIT clusters (1958-2013) 

⬅ monthly SIT cluster occurrences 



What	
  about	
  EOF	
  analysis?	
  



Connection to PCA 

Is	
  PCA	
  also	
  sensiAve	
  to	
  how	
  we	
  represent	
  long-­‐term	
  change?	
  	
  



Connection to PCA 
⇒	
  	
  1st	
  EOF	
  mode	
  matches	
  cluster	
  3	
  (CAT)	
  and	
  also	
  we	
  have	
  to	
  remove	
  2nd	
  order	
  
polynomial	
  approximaAon	
  of	
  the	
  long-­‐term	
  climate	
  change	
  to	
  find	
  robust	
  EOFs	
  	
  	
  



Connection to PCA 

Sep	
  

JFM	
  

CSD	
  mode	
  

Cl.3 	
  	
  	
  26.8%	
  



Mechanisms	
  underlying	
  the	
  NH	
  SIT	
  clusters	
  



Key influence of surface winds 
JFM SIT(Ar)  -  r2 

NAM/AO	
  



Key influence of surface winds 
N. S. Fučkar et al.

1 3

the standard deviation (bottom panels) of the 2nd degree 
polynomial approximation of the SIT long-term change. 
Fig. S2 indicates that the climate change signal is charac-
terized by spatially variable thinning in the Arctic basin 
with the maximum intensity in the coastal branch of the 
BG combined with a modest tendency of opposite sign 
along the east coast of Greenland south of the Fram Strait. 
The largest changes are seen during the melting season, in 
particular in September (panels in the middle row in Fig. 
S2). The non-uniform structure of these patterns possibly 
reflects the long-term strengthening of the BG and the TDS 
due to increased responsiveness of thinning sea ice in the 
Arctic basin to wind (Kwok and Rothrock 2009; Kwok 
et al. 2013). In addition, Fig. S3 puts scope on two selected 

regions, Beaufort Sea and Lincoln Sea with a close part of 
the central Arctic (regions 19 and 8 in Fig. 1, respectively) 
to show examples of significant differences between 1st 
and 2nd order polynomial fit of SIT in HistDFS-ERAhist 
reconstruction.

The mean intracluster pattern correlation (between 
the cluster centroids and the individual cluster members) 
for the JAS CAT, APD and CSD modes is 0.46, 0.53 and 
0.60, respectively. Furthermore, Fig. 4 shows years for 
which the JAS SIT patterns are close (three selected blue 
dots in Fig. 2l) to the cluster patterns of the modes they are 
respectively categorized into. Each of these three years cor-
responds to the occurrence of a different interannual Arc-
tic sea ice variability cluster. There are regional and local 
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Fig. 3  The ocean bottom topography north of 50°N (gray shading) 
based on NOAA ETOPO20 bathymetry showing relevant geographic 
elements (seas, islands, etc.) and schematic presentation of the two 

key dynamic aspects of Arctic sea ice circulation: the anticyclonic 
Beaufort Gyre (BG) and the Transpolar Drift Stream (TDS) essential 
for export of sea ice through the Fram Strain into the North Atlantic

● SIT across the Arctic primarily 
varies due to sea ice motion 
driven by surface winds and 
ocean currents 
	
  

à Compositing analysis indicates 
that surface winds in winter could 
be the key factor determining the 
structure of the SIT variability 
cluster patterns and driving their 
occurrences 
	
  

à SIT is a better integrator of the 
atmospheric conditions than SIC 
on time scales longer than 
seasonal 



Dynamical	
  predic#on	
  of	
  the	
  NH	
  SIT	
  clusters	
  



EC-Earth2.3 seasonal prediction 

EC-­‐Earth2.3	
  <1979-­‐2012>	
  
-­‐	
  	
  ERSSTv3b	
  <1979-­‐2012>	
  

Seamless Earth-System Model 
 

à aims to forge weather and climate forecasting, 
and climate change studies in a single framework 
 
Atmosphere: ECMWF’s Integrated Forecasting 
System (IFS) T159 and L62 (up to 5 hPa) 
Land: H-TESSEL (part of IFS)  
Ocean: Nucleus for European Modeling of the 
Ocean (NEMO) v3.2 in ORCA1L42 
Sea ice:  Louvain-la-Neuve sea Ice Model (LIM) 
V2 (part of NEMO) 
 
à  focus on seasonal (12-month) prediction using full-field initialization  
     (using ERA-Interim for atmospheric IC, ORAS4 for oceanic IC  
     and sea ice IC from reconstruction used to identify SIT clusters)  
     with May 1st and November 1st start dates from 1979 to 2010 



Skill of May 1st start dates 
Success of multi-member  
dynamical SIT cluster forecast  

Rank Probability Skill Score 
(ref. – 1st order Markov chain) 



Skill of November 1st start dates 
Success of multi-member  
dynamical SIT cluster forecast  

Rank Probability Skill Score 
(ref. – 1st order Markov chain) 



ROC diagrams of SIT clusters 

à Dynamical SIT cluster predictions initialized in summer (May 1st) 
show initially lower skill that predictions initialized in winter (Nov 1st), but 
prediction skill in summer is deteriorated at slower rate than in winter   



Take-­‐home	
  points	
  



Summary and conclusions 

➠	
  Removing	
  quadraAc	
  approximaAon	
  of	
  long-­‐term	
  climate	
  change	
  in	
  the	
  
ArcAc	
  yields	
  robust	
  K-­‐means	
  SIT	
  cluster	
  pagerns	
  (as	
  well	
  as	
  EOF	
  pagerns)	
  
	
  

➠	
  OpAmal	
  number	
  of	
  the	
  NH	
  SIT	
  K-­‐means	
  clusters	
  is	
  K=3:	
  
Cl.	
  1	
  =	
  CAT	
  mode,	
  Cl.	
  2	
  =	
  APD	
  mode,	
  and	
  Cl.	
  3	
  =	
  CSD	
  mode,	
  and	
  they	
  have	
  
rather	
  consistent	
  pagerns	
  in	
  different	
  months	
  and	
  seasons	
  
(SIT	
  CSD	
  pagern	
  matches	
  1ts	
  EOF	
  pagern)	
  
	
  

➠	
  Time	
  series	
  of	
  SIT	
  cluster	
  occurrences	
  show	
  persistence	
  from	
  seasonal	
  
to	
  interannual	
  Ame	
  scales	
  
	
  

➠	
  Wind	
  in	
  winter	
  appears	
  as	
  the	
  most	
  crucial	
  for	
  the	
  formaAon,	
  
structure	
  and	
  occurrence	
  of	
  SIT	
  clusters	
  	
  
	
  

➠	
  EC-­‐Earth2.3	
  shows	
  substanAal	
  predicAon	
  skill	
  of	
  SIT	
  clusters	
  also	
  
indicaAng	
  that	
  obs.	
  IC	
  in	
  summer	
  are	
  more	
  important	
  that	
  in	
  winter	
  	
  	
  



Thank you for your attention 

Merci pour votre attention 
 

Avez-vous des questions? 



Reconstruction vs HadISST SIC 

JFM	
  JFM	
  JFM	
  

JFM	
  JFM	
  JFM	
  

JFM SIT(Ar)  -  r2 

reconstruc#on	
  

HadISST	
   26.8%	
  

26.8%	
   44.6%	
   28.6%	
  

44.6%	
   28.6%	
  

A posteriori 
validation 
through SIC 
composites ✓ 



Storm “Frank” and AO index   

≈ December 30th, 2015 (storm Frank) 

NOAA/NCEP 



Cryosphere (sea ice, snow, glaciers, permafrost, ..) 

Sep	
  2012	
  



Some characteristic time and spatial scales   
6 1 Introduction

Table 1.1 Some examples of processes determining the climate with their characteristic time and
spatial scales.
Component of the Process Characteristic Characteristic
Climate System time scale spatial scale

Atmosphere Collision of droplets during cloud
formation

10-6–10-3 s 10-6 m

Formation of convection cells 104–105 s 102–104 m

Development of large-scale
weather systems

104–105 s 106–107 m

Persistence of pressure
distributions

106 s 106–107 m

Southern Oscillation 107 s 107 m

Troposhere–stratosphere exchange 107–108 s global

Hydrosphere Gas exchange atmosphere–ocean 10-3–106 s 10-6–103 m

Deep water formation 104–106 s 104–105 m

Meso-scale oceanic gyres 106–107 s 104–105 m

Propagation of Rossby waves 107 s 107 m

El Niño 107–108 s 107 m

Turnover of deep water 109–1010 s global

Cryosphere Formation of permafrost 107–109 s 1–106 m

Formation of sea ice 107–108 s 1–106 m

Formation of land ice masses 108–1011 s 102–107 m

Land surface Changes in reflectivity 107–108 s 102 m – global

Isostatic equilibration of the crust
by covering ice masses

108–1011 s 106 m – global

Biosphere Exchange of carbon with the
atmosphere

104–108 s 10-3 m – global

Transformation of vegetation zones 109–1010 s 102–107 m

The measurement of weak radioactivity of various isotopes was the basis for the
dating of organic material and enabled the determination of flux rates in differ-
ent environmental systems. The measurement of the stable isotopes in precipitation
revealed a conspicuous temperature dependence. By analysing stable isotope ratios
in permanently deposited water (i.e., polar ice) a natural “paleo-thermometer” was
realised. The determination of the concentration of trace gases and other tracers
in ice cores from Antarctica and Greenland made it possible, for the first time,

Spatial and temporal scales  
in the ocean 

Filtering of fast processes is key for stable integration of climate models 


