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Climate-related disasters affect over
200 million people
every year
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Motivation

Are extremes better predictable the larger they are?
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Hallerberg and Kantz 2008
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Motivation

Are extremes better predictable the larger they are?
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How to model extremes?

e Classical Extreme Value Theory (Coles 2001)

e Dynamical Systems Theory of Extremes
(Lucarini et al. 2016)

e Stochastic Models of Extremes
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Dynamic-Stochastic Modeling

Fundamental form of weather and
climate models:

dz = Fdt + Lzdt + B(z,z)dt, z = (:) :

X: Slow mode
y: Fast mode
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Dynamic-Stochastic Modeling

Fundamental form of weather and
climate models:

dz = Fdt + Lzdt + B(z,z)dt, z = (;) :

Fast modes:

dy = Fydt + Lyydt + L,Xdt + By (X,X)dt
+ Byxy(X,y)dt + Byyy(y,y)d!
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Dynamic-Stochastic Modeling

Fundamental form of weather and
climate models:

dz = Fdt + Lzdt + B(z,z)dt, 7= (:) |
Fast modes:
dy = Fydt + Lyydt + Lyxdt 4 By (x,x)d1
+ Byxy(X,y)dt + Byyy(y,y)dt
Stochastic Modeling Assumption:

a
B}-‘}*}?(Yﬂy)dt ~ _gy + —=dW.

NG
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Dynamic-Stochastic Modeling

Fundamental form of weather and
climate models:

dz = Fdt + Lzdt + B(z,2)dt, z = (:) :

Stochastic Climate Models:

dx = Fdt + Lxdt + B(x,x)dt + M(x,X,X)dt
+ 61d Wi + 62(X)d Ws.

5‘2(K)dW2 = (:‘SI + bIg)sz,
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Dynamic-Stochastic Modeling

Fundamental form of weather and
climate models:

dz = Fdt + Lzdt + B(z,2)dt, z = (:) :

Stochastic Climate Models:
dx = Fdt + Lxdt + B(x,x)dt + M(x,X,X)dt

+ 61d Wi + 62(X)d Ws.
5‘2(K)dW2 = (:‘SI + bIg)sz,

Correlated Additive Multiplicative Noise
(CAM Noise)

& o SRSh ENERGY TRANSFERS IN 5 o
W AAAAAAAAAAAAAAAAAA clisap cen

11



CAM Noise

Normal form of stochastic climate models:

dx
— =F+ax+bx* —cx’

dt
+ Z Llp W + o4 Wy
Corresponding Fokker-Planck Equation:

ap

__ 9 2 3
i E[(F+1::.1.1t:+£:ucr cx”)pl

1 9 A
Faae || 2\ Er =),
+ a4)p]

Majda et al. 2009
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CAM Noise

Stationary distribution:

Ny
((A — Bx)? + g*)

x exp | d arctan .

X exp (i (e +Bx)) Exponential component

PStat =

Power law component

B4

Majda et al. 2009
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Conceptual Climate Model

30

20

Time

o
—

g

~— (Mg} _Fl.unu

uoIoUN UOI}B|8110001NY

+~—

Lo

=i

- S
o Aysuaq Anigeqoid

30

20
Time

o
—

Lo

o

e =)

uoIjoUN UOIIe[841000INy

—

lg]

=

- S
e Aysuaqg Aijiqeqold

30

20

Time

o
—

9]

= B s ©

UOI}oUN4 UOIB|811000)NY

~—

10

=

- o
S Aisuaq Ajjigeqoid

(a)e =1.0,(b)e =0.5,and (c) ¢ = 0.1.
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Conceptual Climate Model
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(a)e =1.0,(b)e =0.5,and (c) ¢ = 0.1.
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Conceptual Climate Model
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Conceptual Climate Model

Are extremes better predictable the larger they are?

(Hallerberg et al. 2007, 2008; Franzke 2012;
Miotto and Altmann 2014)
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Predictability
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Prediction Scheme

Binary event variable:

)L x(t) > X,
Xn =10, x(t,) < x,

Binary prediction at t(n-d) is defined as:

.1 x> £,
An =10, £(x,) < £+

Hallerberg et al. 2008, Bodai 2015
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Prediction Scheme

Hit rate

Sy AV P (X) H (LX) — L)

LD = f;gm dVy P (X)

False alarm rate

FL) = Jon dVx[p(X) — 2 (X)]H (L (X) — £,)
v Jom dValp(X) — P (X)] |

F(-) is the Heaviside step functior

Hallerberg et al. 2008, Bodai 2015
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ROC Curves

ROC Space
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Predictability of Extremes
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Predictability of Extremes
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Predictability of Extremes
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FIG. 9. Receiver-operator characteristic curves: (a) model simu-

lation with no multiplicative triads active and (b) model simulation
with no bare truncation active (case with & = 0.1).
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Process Models

AR(1) model with Pareto noise
Xniq = a@Xp + &n,

P:(§) = psp(&; a,Em) = aép/|€ + Em|*

a>2— p(x)~ N(0,0)= &1—56_#, o =o¢/V1— a2

a < 2 — o¢ does not exist,
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Process Models

AR(1) model with Pareto noise

Xn—|‘1 — aXn + gm

Pg(f) — psP(fi Qfagm) — aﬁ%/‘g =+ fm‘aﬂ
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Process Models

CAM model with a-stable noise
dx = (b+ ax)dt + (d + cx)dW

Solution of the stationary Fokker-Planck equation:

5 ad—bc

_ 2e P (d+o0
p(X) o NO (d_|_cx)2(1—a/cz)
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DOpt

LDpt

Process Models
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Distance (for categorical prediction):
D = ming, (v/F2+ (H—1)3)
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Process Models

CAM model
with a-stable noise
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Summary

e Dynamic-Stochastic models have predictive
skill when forecasting extreme events

e Extreme events are not necessarily better
predictable the more extreme they are

 Predictability seems to be determined by the
process
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