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Open de black box van data-gedreven
onderzoek
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Number of events
Relevant natural loss events
worldwide 1980 - 2018
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® Geophysical events ® Meteorological events @ Hydrological events ® Climatological events
(Earthquake, tsunami, volcanic activity) (Tropical cyclone, extratropical storm, (Flood, mass movement) (Extreme temperature, drought, forest fire)

convective storm, local storm)

Accounted events have caused at least one fatality and/or produced normalised losses = US$ 100k, 300k, 1m, or 3m (depending on the assigned World Bank
income group of the affected country).
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Koppelingen tussen systemen, tijd- en ruimteschalen
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Von Humboldt’s tableau (Cosmos, 1845-1862)
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Veel geerIkte = pg — Vp + vV?u — 2Qxv — Ffric

methode: numeriek
modelleren gebaseerd
op hatuurkunde
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~125km
Vergroot detail door |
hogere resolutie (meer E
gridpunten)
B ~ 25km
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~125km (c) Obs E-OBS

52°N

48° N

Benedict et al 2019 NHESS
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Vergroot complexiteit
door componenten te
koppelen
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CLIMBER, one of the first coupled Earth system models (Ganapolski, PIK)
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Precipitation [mm day 1]
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Source: Daniels et al., 2012
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Uitdagingen voor deze ‘traditionele’ methodes



Computing REVIEW

doi:10.1038/naturel4956

The quiet revolution of numerical

weather prediction
Het kost (te) veel rekentijd
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Bauer et al 2015



Skill

ECMWF HRes
ACC 500hPa geopotential height (12-menth running mean)
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Ondanks dat we heel veel
meer over het klimaat en
klimaatverandering
begrijpen blijven er een
aantal hardnekkige
onzekerheden bestaan.

Bijvoorbeeld:
hoeveel het klimaat
opwarmt bij verdubbeling

van COZ concentraties?
Knutti et al 2016

Palaeoclimate
modelling

Constrained with

Reviews

climatology

Inferred from GCMs

Constraints from the observed warming in response to forcing

1

t Schneider von Deimling et al. (2006); 90%
- Friedrich et al. (2016); mean and likely range

+ IPCC TAR Houghton et al. (2001) 29'6'2020
I IPCC AR4 Solomon et al. (2007); 80%

t Knutti and Hegerl (2008); 90%

- Meinshausen et al. (2009); 90%

r IPCC ARS Stocker et al. (2013); 66%

i Loutre et al. (2011); range of parameter sets

F Harris et al. (2013); median and 90%

- van Hateren (2013); mean and standard error

i Hawkins et al. (2014); median and 90% see paper for uncertainty estimates
- Shindell (2014); best estimate and 95%

- Millar et al. (2015); mean and 90%

r Sanderson (2015); best estimate and 90%

- Raper et al. (2002); best estimate

t Raisdnen et al. (2005); median and 90%

- Collins et al. (2006); best estimate

t CMIP3 range of all models

- CMIPS range of all models

- Forster et al. (2013); mean and 90%

- Marvel et al. (2015); mean and 90%

- Ragone et al. (2016); best estimate = 7.2° C without ocean heat uptake
- Lucarini et al. (2017); best estimate with ocean heat uptake by diffusion

t Stern et al. (2006); best estimate

- Stott et al. (2006); ref. 222, mean and 90%

- Frame et al. (2006); mode and 90%

i Forest et al. (2008); mode and full range

- Tung et al. (2008); best estimate

- Gregory and Forster (2008); median and 90%

r Knutti and Tomassini (2008); median and 90%

i Bender et al. (2010); 95%

f- Schwartz (2012); range consistent with observations and forcing estimates
r Gillett et al. (2012); 90% for 1900-2000

F Gillett et al. (2012); 90% for 1850-2010

- Rogelj et al. (2014); median and 90%

- Bengtsson and Schwartz (2013); best estimate and 1o for lower limit of sensitivity
- Padilla et al. (2011); most likely and 90%

- Libardoni and Forest (2013); median and 90%

r Otto et al. (2013); median and 90% for 1970-2009
- Otto et al. (2013); median and 90% for 2000s

r Gillett et al. (2013); mean and 90%

- van der Werf and Dolman (2014); mean and 90%
- Skeie et al. (2014); mean and 90%

- Merlis et al. (2014); median and 50%

- Rypdal and Rypdal (2014); best estimate

- Ollila (2014); best estimate

I Loehle (2014); best estimate and 95%

- Cawley et al. (2015), correcting Loehle (2014); 95%
- Cawley et al. (2015); mode and 95%

- Myhre et al. (2015); best estimtate and 90%

I Loehle (2015); best estimate

- Lewis and Curry (2015); median and 90%

I Lewis (2016); median and 90%

i Ollila (2016); best estimate

- Storelvmo et al. (2016); best estimate and 95%

I~ Richardson et al. (2016); best estimate and 90%

- Jones et al. (2016); best estimate

2 3

Transient climate response (°C)
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Nieuw empiricisme:
data-driven environmental science
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Theory

Experiment

Simulation

Data-Intensive

1st & 2n(|
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1940's -
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PARADIGM

The fourth paradigm: Data-Intensive Scientific Discovery

WIRED MAGAZINE: 16.07

The s 8

. T The End of Theory: The Data Deluge Makes the
FOURTH Scientific Method Obsolete

By Chris Anderson [~ 06.23.08

THE PETABYTE AGE: 'All models are wrong, but some are useful.
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Hypotheses

(Induction) (Deduction)

Test of predictions Predictions

(Observation)
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K-means clustering example

a) NAO+ (29.6 %) ERA b) BL(27.6%) ERA ¢} AR (22.4 %) ERA d) NAO-{20.4 %) ERA

ERA-reanalysis

Dawson et al GRL 2012



Big science, big data challenge




Archiving at European Center for Medium-Range Weather Forecasts
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Other big data in meteorology

Smartphone
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Voordelen data-driven science:

Makkelijk gebruik van heel veel data

Makkelijker data te combineren dan in fysisch model

Geen noodzaak tot fysisch model

Training van netwerk is ‘duur’, maar na training is het model ‘goedkoop’

Kansrijk voor bijvoorbeeld nowcasting, forecasting, lokale toepassingen,
gekoppelde toepassingen
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Bedenkingen bij data-driven science:

Het is een black box: geen noodzakelijk fysische consistentie
Nodeloos grote parameterruimte waarin geoptimaliseerd wordt
Heel veel data nodig en gevaar voor overfitting

Er wordt geen gebruik gemaakt van decennia aan
kennisontwikkeling

Het is beperkt vernieuwend (het is een hype)
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Black Box

Input
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Deep learning in environmental sciences
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Detection Forecasting
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Model refinement & parameter estimation Data integration
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The IMU (inertial measurement

unit) gives the precise orientation
of the scanner
™
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Voorbeeld: train Lorenz 84 model
((?::}.252ax+aF(l+8(?05(a)f))
% =xy—bxz—y+G(1 4 esin(wt))
%:bxwrxz—z

x: strength of the globally averaged westerly wind

y and z: strength of the cosine and sine phases of a chain of superposed waves.
F and G: thermal forcing terms

b: advection strength of the waves by the westerly wind

Dependent on parameters, chaotic behaviour (solution sensitive to details initial state)
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Typische oplossingen
Voor x,yenz
(een vereenvoudigde
klimaatsimulatie)
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Blijft het deep learning Lorenz.84 mode
model op de attractor
(blijft fysica behouden)?

Kan een oplossing
voorspeld worden met
deep learning (kunnen

we weer voorspellen met
A_I) ? Lorenz, E. N. (1984). Irregularity: A fundamental property of the
. atmosphere. Tellus A, 36(2), 98-110.
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We gebruiken een netwerk van long-short-term memory cellen?

iy = 0 (Wyixy +Wpily—1 +Weioci—y +bi)
fr = o(Wepx +Wiphy 1 +Wepoc 1+ by)

Ct-1 ¢t = froci—1 +iyotanh(Wyexy +Wyehy— 1 + be) (1)

n » C,
ft I Oy = G(onxt + Wiohy—) +We o + bo)
ot hy = o, otanh(cy)
ht

ht-1 . . .
With i, the input gate, f; the forget gate, ¢, the cell state, o; the output gate, ; the hidden state,
xt W the weight matrix, x the input, b the bias, o the element-wise product, ¢ the sigmoid function
sigmoid tanh pointwise pointwise vector

multiplication addition concatenation
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Breng fysica impliciet in: Convolute layers

Bayesian Convolutional LSTM

LSTM Cell
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& ey BTENG onzekerheden in begintoestand en
“s in model parameters in: Bayesian
Convolutional LSTM
Up to ~ 30 days Up to ~ 3 months Up to ~10 years
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Het werkt! (een beetje)

Lorenz-84 model obs member
—— o0bs

pred member
—— pred median
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Een toepassing uit de
‘echte’ wereld:
voorspellen van zeeijs

Color: the age (yrs) of
sea ice; data from
NSIDC, Univ Colorado

38
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Deep learning to predict sea ice

« ConvLSTM
Ouput: Sea Ice in Barents Sea

Input: convoluted layers of Sea ice concentration / Ocean

Heat Content/month
Lead time prediction SIC
—— Truth
o 0 ® LleadO
¢ ® leadl
200 &
\ ‘ A
)\
‘i 3 J,>
o9 &
150 4 L ¥ /" b
] & AL
! a4 ,‘? ';\ ¥
\‘ “ o
A )
100 A ' \ | ‘& \\f’, 1 ]
. ‘\ "\ ‘ { ‘k 0J
1 “\ 4 | J"l ‘v 1
b , \ A py W I
50 1 ' \\ 1 \ [y ) .
\ » / )
i\ { - .
: e L Py u
3 ) p
N . Lt » < _ T
T T T T T
201301 201307 201401 201407 201501 201507 201601 201607 0.00 001 0.02 0.03 004 005 006 007 0.08 0.09 0.10

time

RMSE



DL Clim 4

SIC/OHC -> SIC §
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