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Let «(t) : R' — ¥ C R” be the observed process t € [0, 7]

Define K local models by a model distance functional:

g(x,8;) + ¥xQ—10,9], 0<g<+o0,

O,.....0k € Q c RY
Examples

 Geometrical clustering: #; € W - cluster centers
2
g(e.0:) = |x—0; |
 Gaussian clustering: #;, = (p;,2;) - Gaussian parameters

g(c.6) = |w—p [P
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Find I'(¢) = (y1(¢)....,7k(t)) suchthatforeach 1 :

L(© / (¢,6;) — min ,

T(t).0

subjected to constraints:

Y ity = 1. wtel0.1]

1=1

v ( t )

AV,

0, vtel0.7].i=1,....K

Numerical Method: Subspace Iteration (splitting scheme)

No global convergence (non-convex optimization, simulated annealing)
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Problem 2: identification of “persistent states”

Let v:(-) on tc[0,7],i=1,...,K be differentiable and
Opvi € L2(0,T) i e.:
7T K
L(©.1(t = ~i(t)g (e, 6, in ,
©r®) = [ 3t (en6) — min
n{(t) 1 i=1
i UERS
Number Of Jumps _
Time Interval
_ e (iltran) = 3(te))”
k=1 At
; ) -
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Problem 2: Incorporation of temporal information

Let v:(-) on tc[0,7],i=1,...,K be differentiable and
a{;"}"'«g‘, - ,C-Q (U. T) , . e.:
T K
L(O.T(t) = ~ ()9 (4. 6,) — min .
O = [ 3 b (o) — muin

subjected to

T
i i 2 i
Vil oy =1 9y () ﬁg(U.T)/U (Oy; (£))" dt < Cp < 400,

Regularized clustering functional:

K T
€ 2 L 2 AN 2 s :
L©.0(0). ) = L©O.1(0)+e3 | @)t — min,

(H. 08, to appear in SISC)
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Let {U = t1,0lo,..., IN—1. TN = T} We define a set of

of continuous functions on [0,7'] , or finite elements  set

{vi(t), va(t).....on(t)} € £5(0,T) with local support.
Example:
‘ Linear Finite Elements
iy
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Regularized clustering functional: (H. 08, to appear in SISC)

LE(©,T(t).e?) = L(O.I(t +E?Z/ (Dev; ( dz‘—r»FI%I}J
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Regularized clustering functional: (H. 08, to appear in SISC)
K T
€ 2 L 2 Y A 2 R -
LE(O.T(#),2) = L(O.T() +e ;:1:/0 (@3 (£))” dt — min

Galerkin-Ansatz :
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(H. 08, to appear in SISC)

>
] K 0w 2
L® = Z [aT(Qi)’% + EQ’?‘«?H’?@:} — min S
i=1 e » 0
. @
subjected to o
K 3 §
~(k+1) R AT
> A = 1, Vk=1....,N, >z
i=1 g =3
< (k+1) , D E-
Vi > 0 Vh=1,...,] N:i=1...., K Qo
=
=
to tN
where a(6;) = ( pvn(t) g, 0)dt, oo [, t’h’(t)g(i*t;@i)dt)
is a vector of FEM-discretized model distancesand H IS

a mass-matrix of the FEM-basis
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Theorem Let for a given observed time series x(t) : R' — W C R", the model distance
functional is chosen such that it satisfies (2), W and Q2 are compact, g(x4, ) is continuously differentiable
function of 8 and

(i_;;

~LE(Oe 5 = 0.

has a unique solution O = (07, ...,0k).0;x € Q for any fired 5 satisfying (18-19) and %gfﬁ (©0%,9)
is positive definite. Then for any €2 > 0 and any finite continuous non-negative finite elements set
{or(t),va(t), ..., on(t)} € L2 (0,T) such that the respective mass-matrix H is positive definite, the above
algorithm ts monotonous, 7. e., for any j > 1
L (@mu ;,_U+1]) < Le (@m ,}m)
L — ) 1 *

i

Convergence to a local optimum only!

(coupling to some global opimizer necessary)
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L (~;(t), T;, pt;) — min
g(e.0:) = [lo—0 |

£7-0.02
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How to determine the optimal K: probabilistic model assumptions
a posteriory

2
g(0,0) = |lc—6; |
510 &
1
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How to determine the optimal €: standard L-Curve approach
from Tikhonov-regularized linear least-squares problems
(Cullum(79), Hansen(99))




Application: meteorology

cooperation with R. Klein
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Wind Jets transport moisture from Jet-Blocking
US to Europe

Weather Data in Europe:
29x20 grid (44 years)
(Data from H.Osterle, PIK)
Up to 4 hidden states are
statistically separable
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L (7i(#). Ty, pt;) — min @ K=4

Up to 4 hidden states are statistically separable

L (~;(t), T;, pt;) — min

q ('*E: 91)

c
®)
=] <
[ 1.5
S 5
) [4p]
— . i
U) % 1 B |\|
. |
(@)) ® /)
= TO.5} | !
4 = J' 1 i l ;
|

O Ag: | r Ir,l I| I I.'I : . -| .I
o E i ey I L 1 JKL}\ L
—— 3700 3800 3850 3900
o0 Days
)
@ T15
i m
- = m
< T 1}
Q T |
= .
IS 2 el I i

=05 ! |
2 £ 3 A
(- o ! | !.rl - | . I
(D] é IH: ;I- II'I:Ihl | :ll !Il . L1 : :' l:l IJ 1l :I
% 3200 3300 3400 3500 3600 3700 3800 3900

Days

I

| o= TT |

Comparison with
Lejenas-Okland
blocking index
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Looking through Markovian 'e: predictions

L (~;(t), T;, pt;) — min

g(x.0;) = |lo—TL x|
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Historical Circulation Data: weather regimes
(Data from the Univ. of East Anglia)
3 atmospherical states considered

Lamb, Geophys. Mem. (1972),
Jones/Hulme/Briffa, Int.J.of Climat. (1977),

th
(/70 er\

> cyclonic

anticyclonic

L (~;(t), T;, ;) — min
re + Xt — .Yt+l

g(ze, P') = —logPx,x,.,

Clustering of Markovian Transitions with FEM-Clustering
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Observed Time Series: {X1,..., X7}, X, € S1,...,5m

Markov-Property:

P [Xt = S;‘Xl X2 ..... Xf—l = *5'-3'_] = P [Xt — “EJ-,-|X1F_1 = “3?} = Rj(lt)
Log-Likelihood: ip;j(t) = 1, forallti
L(P(f)) — IOgP[Xla"'aXT] _ Pj(t) = 0, foralltz,y

T Trl

= logP X+ > ) ) logPy(t) — e
i J=1te{ty;}

Maximization problem is ill-posed => regularization necessary




veritas
iustitia
libertas

I
Circulation Patterns for UK(1945-2007) 4,’;‘

other anticyclonic

cyclonic

Historical Circulation Data: weather regimes
(Data from the Univ. of East Anglia)
3 atmospherical states considered

H., submitted to Journal of Atmos. Sci. (2008)
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Regularized clustering functional: (H. 08, to appear in J. of Atmos. Sci.)

LE(©,T(t).e?) = L(O,I() +E?Z/ (Dev; ( dz‘—r»rlgl}),
T K
, AT = A Ly, 0;) — in .
LOIM) = [ 3 50 (6 — min,
xre  X¢ — .Yt+1
g(xe, P') = —logPx,x,,,
K
Sty = 1, vte[0,T]
i—=1

D
iy
—
—
|/
o
<
M
|
|
=
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Regularized clustering functional: (H. 08, to appear in J. of Atmos. Sci.)

€ 2 _ 2 _ .
LE(©.T(t),e?) = L(O,T(t) +e Z/ (e (1)) dt FIE%I})

re + Xt — .Yr+1

g(xy, PY) — log P:
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Historical Circulation Data: 28 Lamb regimes
(Data from the Univ. of East Anglia)
3 atmospherical states considered

anticyclonic other cyclonic
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Historical Circulation Data: weather regimes
(Data from the Univ. of East Anglia)
3 atmospherical states considered

H., submitted to Journal of Atmos. Sci. (2008)

T(t)P(t) = w(t)

R 4
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——ther |
—e—-cyclonic

Statistical Weigths
of Veather Patterns
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Historical Circulation Data: 28 Lamb regimes
(Data from the Univ. of East Anglia)
3 atmospherical states considered

Gaussian Kernel Estimator FEM-Clustering vs. Single Trend
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Example: climatic trends in temperatures




veritas

o Global Data Analysis

libertas

|
45»

Global Historical Temperature Data

(80x120 grid, daily values 1947-2007)
(Data from the NCAR, Boulder, US)

A T(Start)
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Global Historical Temperature Data

(80x120 grid, daily values 1947-2007)
(Data from the NCAR, Boulder, US)
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