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Hydrology models and

identificati

i

-/
]t 2— (ECMWF) 2+ AI/ML
DI10EFEMOO—Fk=2vF ~

Gravity wave
ion of human influence

Automated quality
control of analysis

Anomal
detection

Observations

 ———————

Clustering and categorisation for
predictability and model errors

drag emulation

Hybrid ML/conventional
land-surface models

ML preconditioning Learn forecasts
from observations

Data assimilation
- -

Radiation
emulation

Numerical weather
forecasts

High-performance and (big) data processing infrastructure ——————ou3

ML preconditioning Bias correction Optimise CliMetLab
for 4D-Var and model learning data access
Use land surface observations
and data assimilation
Mapping of non-Gaussian to Gaussian
distributions for data assimilation

https://www.ecmwf.int/en/elibrary /19877 -machine-learning-ecmwf-roadmap-next-10-

I
=

Bias correction and gap filling
for aerosol observations

Anomaly detection and
workflow for IT infrastructure

Optimise chillers
for HPC

)

Duebe@;\/dl. (20/21)>)

)

N
MR T

-/
]t 2— (ECMWF) [ZH [+ AI/ML

.y

YA [0 = B Ne s ~

Objective 2

Expand software
and hardware
infrastructure

for machine learning.

Objective 3 Objective 4

Foster collaborations
between domain and
machine leamning
experts with the

vision of merging
the two communities.

Develop customised
machine leamning
solutions for Earth
system sciences

that can be applied to
various applications

supercomputing

infrastructure.

TAILAM—2
Vision 2031
- ltis difficult o distinguish
between machine learning
H and domain sciences

IoT data used
n operations

JupyterHub and
machine learning
ibraries available « Data handling fully capable

to serve machine learning

u: is

Machine learning First machine needs
nelwork established learning training course ) . .

> Fﬁm * a) %L \ :ﬂ L and roadmap updated fﬂ“ﬂ“";‘i‘pmmad diagnostic

> (e

—_— A
s MLRIF/N—F2x7 V22 7HhiR 2 . svaits can e
< represented in deep leaming
~
o RASMREL MLABIE O FaEh - Use ofmachin leaming
as easy and normal as
. AHEH Ao
- One machine Machine learning team Copernicus Machina learning - Unsupervised learnin
3 &‘J??_OT _9 "A\ H learning conference established at ECWF TTs Involve considered in it o
per year machine learning HPC procurement

https://www.ecmwf.int/en/elibrary /19877 -machine-learning-ecmwf-roadmap-next-1 O-w

= Machine learning solutions
from end-users integrated
in workflow

_/

Sufficient hardware
for machine learning
established

Comprehensive and
well-documented machine
learning workflow in place

N

L
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o
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Science and technology seminar:

The next 10 years of machine learning
at ECMWF - an introduction to the
machine learning roadmap

Q

4

26 January | 10:00 GMT
#SciTechSeminars2021

CECMWF
O 0 -0
Q@ <@

10:00:00

Challenges and milestones

Different philosophy for domain and machine learning scientists
Approach: Support close collaborations // study explainable Al, trustworthy Al and physics
informed machine learning

For many applications off-the-shelf machine learning tools will not be sufficient
Approach: Foster cross-disciplinary collaborations // develop customised machine learning
tools // Benchmark Datasets

Difficult to learn from observations and to improve models

Approach: Learn from and exploit data assimilation // learn boundary conditions
from observations T

Data avalanche
Approach: Anticipate data access and channelise requests // efficient use of %
heterogeneous hardware

© .0 O

x

Different set of tools (e.g. Fortran on CPUs vs. Python on GPUs)

Approach: Training // Software // Hardware

Integrate machine learning tools into the conventional NWP and climate service workflow
Approach: Centralised tools and efforts // embed efforts into the scalability project

2023

=

EOO—kK=2y7

4

(ECMWF) [Z& (T HAI/ML

N’

Machine learning: What and why?

What is machine learning?
+ Computer algorithms that improve
+ Learn non-inear mappings between fields supervised)
+ Extract nformation from data (unsupervised)

data without being,

Why now?
+ Increase in data volume and knowledge

+ New machine learning soft Qoo
— e 2

Pty =5

Why weather and climate? = Foron ™ <
- many components

. Croncy

AMDDU
Qualcomw

S Google
+ Supercomputing application <
Sambgtiona
MYTHIC
@csperd
@
Ohiplntelli

Why do we need a roadmap?
+ Only at the beginning and challenges ahead
+ Infrastructure needs
* Many applications.

> launch with the Strategy

A

A Roadmap for Machine Learning Activities at ECMWF

We are hiring a machine learning scientist as part of the Al4Copenicus project (closing 31% January)
The WMO will publish a challenge for S2§ predictions in April 2021

Special issue on Benchmark datasets and machine leaming algorithms for Earth system science data
in ESSD (Martin Schultz, Amber Leeson and David Carlson) and GMD (Peter Dueben)

There will be many opportunities to engage with ECMWF, for example via workshops on machine learning
with the Member and Co-operating states

“Following the steps outlined in this roadmap will enable ECMWF to prepare for evolving needs of scientists
and analysts towards a more data-driven workflow and to support the Member and Co-operating States to
make the most of new capabilities of machine learing as soon as possible.”

Many thanks to the co-authors: Umberto Modigliani, Alan Geer, Stephan Siemen, Florian Pappenberger,
Peter Bauer, Andy Brown, Martin Palkovic, Baudouin Raoult, Nils Wedi, Vasileios Baousis

Please let me know if you have any questions: peter.dueben@ecmw.int // @PDueben

N/ h'r'rps://vim‘e'o.eom/50476

T

ey

A FIHRER Y
ML/DLi®
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—Water Resources Research
arch Letters
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Journal of Advances in Modeling Earth Systems
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Earth and Space Science
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JCM’WF-ESA WORKSHOP ON MACHINE LEARNING
- FOR EARTH SYSTEM OBSERVATION AND @)
® PREDICTION

October 5-8, 2020@online Where do you expect ML/DL technology can make
Working groups the most impact in your area?

11:00 - 12:30 WG1 (Observations) chaired by Alan .
Geer (ECMWF) and Bertrand Le Saux / to geophysical /

(ESA/ESRIN) product mapping / Data monitoring / quality control /
Working group slides Bias correction / Data assimilation

11:00 —» 12:30 WG2 (Data Assimilation) chaired by
Alberto Carrassi (Univ. of Reading)
and Rosella Arcucci (Imperial College)

/ combine DA and ML / unify DA and ML
Working group slides

11:00 —» 12:30 WG3 (Models) chaired by Massimo
Bonavita (ECMWF) and Peter Dueben
(ECMWF)

V\Iorkin roup slides
g group

How to represent in ML/DL / how to

/ how to use high-res simulation data

/ Explainable Al is needed ®

/ uncertainty quantification /
/ Geophysical Retrieval scheme / Onboard |/
autonomy / Smart sensors

Working group slides Nt /

11:00 — 12:30 WG4 (Ensembles, Product Generation)
chaired by Laure Raynaud (Météo-
France) and Nicolas Longepe (ESA)

By 3§ 3

h'ks:// /events.ecmwf.int/ event/r7%

- N/
DATA ASSIMILATION AND ML/DL @)

_ XNFETIOERIE. BREHIRICAER

1 temporal steps: ODseIVAGIOns g, matrices R, model M,

Need to learn big function Hy. | und g, historical data § = {u;}; = 1,....n efficiency
Fo Rl 1 et e coelearsng o sy
L i e del the d ter
HPC (cannot move) pigites ks |‘Zf] Tees ™ feducing the CPU tme
Compute [Bgfrom u; and $
pa
K gt + I = Hil machine learning models to
reduce the errors in the
- '( ‘ount up  for the next iteration assimilated data
» end
Output: u”4
1
Broad-sense DA Miyoshi (RIKEN) Arcucci (Imperial College London)
Learning 3D-Var N — LA 3E
XDA%-}FLB t%% Objectives of this work .>'< jjﬁ%i—“)b%ﬁ%l

» The Bayesian formalism presented earlier can be extended to learning some key
elements of the DA scheme (observed but unknown state, model known or unknown) ) i
» Given the dataset yp (1 < k < K)

» Application to learning the Kalman gain equivalent for a 3D-Var scheme applied to
the (known here) L96 model, using significantly noisy and partial observations of the v = Hi(xp) + € & € N(O,R)
state trajectory (24/40).
_ observed from an underlying dynamical model:
.y = tepr
L ; dx ) -/
i =] = @(x) with resolvent xp41 = M(xx) = xx + [ @(x)dt
= d
= i
’ -1 ' © Emulate the full model M(x). —
i © Emulate the unresolved scale effect and build an hybrid physical /data-driven model.
Fully observed Partially observed C f
. . . . —
: o : arrassi (University of Reading)
Bocquet (niversit e Paris-Es) D\
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MACHINE LEARNING FOR NUMERICAL WEATHER
PREDICTIONS AND CLIMATE SERVICES

April 14-16, 2021 @eonline

Wednesday, 14 April

ML roads d

Chair: Peter Dueben (ECMWF)

13:00—13:40  The machine learning roadmap

Speaker: Peter Dueben (ECMWF)

13:40—14:00  Tools for machine learning
speaker: Baudouin Raoult (ECMWF)

14:00—14:30  Discussions

14:30 - 14:45  Coffee break

14:45 15115 Infrastructure for machine learning

Speaker: Stephan Siemen (ECMWF)

13:00 - 13:15

13:15 - 13:30

13:30 - 1345

15:15 - 15:30  Overview of Météo-France "Al Lab" activities and
achievements § §
Speaker: Lior Perez (Météo-France) 13:45 - 14:00
15:30 - 15:45  Overview of research developments and projects making
use of Al-related methods at Météo-France 14:00 — 14:15
Speaker. Laure Raynaud (Météo-France)
15:45 - 16:00 Neural network based forward operators for visible and
near-infrared satellite images 1415 1430
speaker: Leonhard Scheck (Hans Ertel Centre for Weather . '
Research / LMU Munich) 14:30 - 14:45
16:00 - 16:15  Discussions 14:45 — 15:00

Topics
* Software/Tool

* Data assimilation
* Error/bias correction
* Parameterization

* Hardware/Infrastructure

15:00 — 15:15

15:15 — 15:30

15:30 — 15:45

15:45 — 16:00

16:00 - 16:15

\

A workshop for Member and Co-operating States ...

Examples of ML weather related applications
Chair: Sam Hatfield (ECMWF)

Intelligent IR/VIS Cloud Camera Observation Operators for
convective-scale NWP
Speaker: Roland Potthast (Deutscher Wetterdienst)

Learning earth system models from observations:
machine learning or data assimilation?
Speaker: Alan Geer (ECMWF)

Model error correction with data assimilation and
machine learning
Speaker: Alban Farchi (CEREA, ENPC)

Parameterisation emulation with machine learning
Speaker: Matthew Chantry (University of Oxford)

A targeted machine learning approach to accelerate
radiation computations
Speaker Peter Ukkonen (Danish Meteorological Institute)

Discussions
Coffee break

Estimation of Koopman Transfer Operators for the
Equatorial Pacific SST
Speaker: Antonio Navarra (CMCC)

Using machine learning to produce a very high resolution
land-cover map for Ireland
Speaker: Eoin Walsh (University of Limerick)

Supervised machine learning for post-processi
weather parameters - an overview of some act
ECMWF

speaker: Tim Hewson (ECMWF)

Tropical cyclone detection through machine learning
Speaker: Antonino Bonanni (ECMWF)

Using machine learning to predict fire-ignition
occurrences from lightning forecasts

Speaker: Francesca Di Giuseppe (ECMWF)

Discussions

Examples of ML weather related applications and final
discussion
Chair: Florian Pappenberger (ECMWF)

13:00 - 13:15  Stochastic downscaling to convective scales using
Gaussian random fields

Speaker: Rachel Prudden (Met Office)

13:15-1330 Hierarchical Clustering technique to address the double
penalty issue in high-resolution EPS rainfall forecasts

Speaker: Tiziana Comito (Met Eireann)

13:30 - 13:45  HIDRA 1.0: Deep-Learning-Based Ensemble Sea Level
Forecasting in the Northern Adriatic

Speaker: Matjaz Licer (Environmental Agency of Slovenia)
13:45—14:00  The WMO AI/ML Challenge for sub-seasonal to seasonal
prediction

Speaker: Frederic Vitart (ECMWF)

14:00 - 14:15  Coffee break
14:15 - 15:45  Breakout Groups

15:45 - 16:15  Plenary discussions

Thursday, 15 April Friday, 16 April

* Downscaling

* Cyclone detection

* Estimation of operators

* Ensemble forecast

* Prediction of fire-igunition
* Al/ML challenge

hftpsﬁ#{vents.win’r /event/ 239

.’/
NOAA ARTIFICIAL INTELLIGENCE STRATEGY

February 2020

NOAA Artificial Intelligence Strategy

Goal 1: Establish an efficient organizational
structure and processes to advance Al
across NOAA.

Goal 2: Advance Al research and innovation
in support of NOAA’s mission.

Goal 3: Accelerate the transition of Al
research to applications.

Goal 4: Strengthen and expand Al
partnerships.

Goal 5: Promote Al proficiency in the
workforce.

Example of Al (NN)-based Ensemble:
Nonlinear Multimodel Ensemble Mean

Precipitations over ConUs

RIP Current Detection

-25-

« Show Unchecked

h'rtps://sciencecounciI.noqq.gov/PortqIs7U/2020W%205’rrdteg§.’p§f

-/

AI-CRTM (ATMS Channel 21)

DNN Tb(Channel=21)

7.19 241.06 244.94 248.81 252.69 256.56 260.44 264.31 268.19 272.06
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SRCNN (Dong et al., 2014) FSRCNN (Dong et al., 2016 ) ESPCN  (Shietal, 2016 )
Bicubic CNN X CNN Sub-pixel convolution/Pixel Shuffler
ECEIBBRIEA) oAl LB CNN Deconvolution (DAl LB RAY) (PR TEEOLCEAREIC S AERA)
—7 (Z1IbR—Ic & A5 (EBEIARITIDERIEX) 4
SR
64x64 SR
- / pa 64x64
/ ()

5x5 1x1 3x3 5x5 3x3 3x3

SRGAN (Ledig et al., 2017 ) ESRGAN (Wang et al., 2018 )

Generator Network Residual blocks ol Generator Network
(BHRAER (1Al EBHESHD comnectionARAEL) e ‘;"’Immﬁ‘ SBERILR) (ESRGAN DB 4 7.52)

e T IOV T T T TR

Skip connection
K)\?Jpﬂﬁfzﬂtl»d%‘({iﬁ) Skip connection

Discriminator Network A% RIELTHE)
(5%7/)28) RRDB (Residual-in-Residual Dense Blocks) DB (Dense Block) N
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Normalization N . . - |
i ) pixelshuffier 8 . Leaky RelU . :Convolution  [I]: Leaky RelU : Pixel Shuffler (BOEHOHEE RO TH<
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PARAMETERIZATION USING DL <

DL to represent sub-grid processes

ERE(ERB)ETLVOENT 2 OKRERR) ZZ2EL TS ) E—1aV(TER

. . .
Cloud physics (CRM - SPCAM) Heat and moisture convection
SPCAM NNCAM CTRLCAM le-5
A > 100 FrECiPitation j— cam Neural Network Truth
© 3
_ 200 4 4 T 50 -
g = £
£ 400 4 2 0
g ) 0o ¥
§ 600 1 2 A — 250 { Truth "
& < g
800 - -4 £ 500
-6 a 750 |
T T — T 2 =
1000 e
B Neural Network >
= 250 2
4 & >
_ 200 o < 500 4 0 g
K 2 5 o 750 | 13
£ 400 g $
° o % 1000 &
7 600 g CAM “
2 £ = 250
& 2 & S
800 = < 500 4 '
-4 T ‘ ’ -4
o 750 ' a
| e e e e | LI — T T T T 1000 I [ \ {a 4

-90-45 -20 0 20 45  -45 20 0 20 ds -45 -20 0 20 4590
Latitude Latitude Latitude

Multiple 'rime-s'rep, mqss-weigh'red loss
Rasp et al. (2018) PNAS  function | = ZZZH Nl <

nn(n —T+1) = & a®i
MEBNGRLY. PARMRICEDE-Fa—
2972 3—“%‘7—\'\—9#‘/7')‘/7‘2 %*ﬁs *—E\ ‘ [:] = M_Gq/dZPoW(Z)l + —/d2p0|s(z)| /

BASERR AR Br@owitz and Bretherton (2018) GRL

Nt
Yuval and O’Gorman (2020) Nat. Commun. CldRandom Forestz i Fi ./ o \ )

9JE Mfully connected layer
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PARAMETERIZATION USING DL

DL to represent sub-grid processes

Moist physics parameterization

Gravity wave parameterization

Input and Output Variables and Their

ion Factors

Inputs

Units for normalization

outputs @

InputlXSPCAM,

gy s (tot 1.t ot 3t 4. 2)

1.5%10™° (ke/kg/s)

dfy g (gt 1.t (3.1 4.2)
Aultots t2it3,84,7)
Tlgt 12t 31 31 92
SLHF

ot t s ta )
SSHF,

o 012t 80
Plio.rstz 3t

day (L1, 6213, L4,2)

3, La.
dT(ty, t ot 3,t4,2)
qit-1t2, L3142

qclt_1. 69,136 4.2)

25x 10 (K/s)
22 %1072 (ke/kg)

31 %107 (kg/kg/s)
65x 107 (K/s)
1.05 %10 (Pa)

2x10°° (kg/kals)
25%1077(K/s)

35% 10~ (kg/kg)
93 x 10~ (kg/kg)

OutputlZCRM
« JEKERERER
o ResNetZ{# FH

dg (to. 2)
dT (to.2)
qi(to.2)

9.2

Moist static energy conservation in NN

1 ~ 2 1 pb ahsp 1 ¢pb ahNN
0ss =Y = ylly + A e —5—dP = ~)p —5, P
t t
LT g o
(a) spcam Heating Krday (b) SPCAM Moistening g/kg/day
200 4 2 200 e
= 21 = 08
£ a00 . £ 400
£ or = 03
£ a0 21 £ e o8
»-~ » .
) n'gg ik 35 = & a4
oS &5 5 © oM 6N son w5 o5 35 o 3 N ooN
(C) ResCu (d) ResCu
5 16
200 200
3 21 s 08
£ 200 £ w0
B or = 03
3 601 w7 360 03
= P a =
SUPSRE. || .. o ol | "

905 605 305 0 30N 60N 90N

Han

905 605 305 0 30N GON 0N

et al. (2020) JAMES

s FBARBBETILDI)—Z2D5
INSGARSA X ENT-ZHEFE

Pressure [hPa]

Pressure [hPa]

~10

Pressure [hPa]

_10¢

o 4 8 12 16 20 24 28 32 36 40 44 48 52 56
Months.

Espinosa et al. (submitted)

o BMEIRFTTD/INTGAZ)E—32D
AHHEDNNTEE

- \C}bnfry et al. (submitted)
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STATISTICAL DOWNSCALING

For precipitation (100km -> 12.5 km mesh)

Leyer 1 Fiters

Interpolated

Elevation

",

Hidden Layer 1 .
Fully Conrec:
Betvatons 0

Layer2

- i

For air temperature (20m -> 5m mesh)

64 feature maps 32 feature maps

RMSE

% %
) Bias

mmiday
oo oo
2888

50 92 94 96
Percentile

&

100 90 92 94 96 98 100
Percentile

Vandal et al. (2017) KDD17
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Wind field (31km -> 9 km mesh)

LinearCNN
o I
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Hadhlein et al. (2020) Meteo. Appl.
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Temperature and precipitation

(81km -> 4km mesh)
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POST-PROCESSING

Spread prediction and bias correction
* 3EMDU-Net

Improvement of rain forecast skill

+ 5EMU-Net

o SAUN—TI0AVN—CLRIZEDFTRAFIL » 16007052 TILIZKB/INA T RAHEIE

(a) (b)

Ensemble simulation

—efe——p——
0 25 50 75 100
T850 CRPS E10

s

Analysis

TR Y 4

0004, | 0005, 1599 I
W By

Too muchlinput variabl 00 channels)
1

Ll p
Random sampling
x
(N member) M set
o
Ensemble mean Maximum Coefficient of Variation Analysis

2 -l 0 1 2 -2 -1 0 1 2

T850 CRPS B5U-EI0 (blue is better) T850 CRPS BSUSC-EI0 (blue is better)

Grénquist et al. (2020) Phil. Trans. R. Soc. A 7FL ¥

“ XM set/step

Matsuoka et al. (in prep.) \
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FORECAST/PREDICTION

WeatherBench: A Benchmark Data Set for Data-Driven Weather Forecasting

. F—AEBEFUETILOLHOFEAT—2 vk

« 3EML5AEAZ—7 Vb

—_

o T—ABELUbaselineET JLE 2B (https:/ /github.com/pangeo-data/WeatherBench)

ERAS5 reanalysis data, hourly (1979-2018)

Table1

Truth +5d

CNN +5d

CNNG TBS0 (K] t=50

Physical model +5d

7S 7850 (K] t=5d

Litel Voriaes Lo Sd Initial condition
Long name Short name Description unit Levels a0 Ko
Geopotential z Proportional o the height of a pressure level [CE) B
Temperature ¢ Temperature ®) 1
Specific_humidity q Mising ratio of water vapor gk 1 to

= Humidity relative to saturation @ 13 ERAS T850 (K] dif (53.00)

u s 13 — > ——

. s 3 ==

ash 1 Na
Potential_vorticity v Potential vortcity (km2kgls ) I g
2m_temperature. om ‘Temperature at 2m height above surface ® 1 - r
10m_u_component_of wind w0 ‘Wind in x/longitude.direction at 10m height (ms 1) 1 -— ——
10m_v_component_of_wind Vo ‘Wind in y/atitude-direction at 10m height (ms ) 1 LI
total_cloud_cover e Fractional cloud cover @ 1 Bi7250
otal_p n » Hourly precipitation () 1 1200 6
w solar_radiati tise Accumulated hourly incident solar radiation am-) 1
Constants, ‘Fle containing ime-invarian felds 1000 B
land_binary_mask Ism Land-sea binary mask o 1
soil_type st Soil-type categorics. see text 1 =
orography orography Helght of surface () 1 %, 800 24
latitude latzd 2-Dfield with latitude at every grid point © 1 E m
ongiude onad 1> ikt withlongiude st everygrapont o 5 B s00 g, 3
Note. Allfelds ‘The number of vertical levels isgiven H o
in the tabl. z 2
& 400 B
R

BETEATITLI-BXREK

Nisas N Niw
1
RMSE = > e SN LG) ek — tigk)?
Nigecass 4= JN],.N.“.. — 4 Ufss ~ )
B cos(lat(j
L) (lat(7))

- ’\-_Iu. Zf“‘ cos(lat(5))

8

\

3
Forecast time [days]

o —
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asp et al. (2020) ICLR2020
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PHYSICS GUIDED MACHINE LEARNING:

N’
A NEW PARADIGM FOR ACCELERATING SCIENTIFIC DISCOVERY
22 = = Y ..y may be physically inconsistent

%m?E&IEEﬁO)HEEOf Vipin Kumar Labeled Data ored . Y,m.,, Ypuy

. Drivers T * — — Labeled Data

High : ‘Oﬁﬁm H Training Loss I Dh(‘/z:]c?:qtoc:e”

o

|| 3

3 § Theory-guided

E é, Data Science Models Objective Function :=

% é Training Loss (YPHV, Ypred) + ARW) +

;w? Physics-based Loss (Ypmi)

o

Rl TN
Low It Wk b
Low Use of Data High 2 g H—y

* Physics-Guided Loss Function . ‘ | [ — o
* Physics-Guided Initialization ‘ &
* Physics-Guided Architecture .

* Residual Model / Hybrid Model .

—_— N i ~———=  Energy flow

sssss

Read et al., 2019 WRR
Machine Learning: A SurveyV

L RAN S/

Willard et al. (2020) Integrating Physics-Based Modeling_wit
https:/ /arxiv.org/abs/2003.04919 3 300LL L DRE:ER X%

/.
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@ Dataset

Climate Change: Earth Surface Temperature Data
Exploring global temperatures since 1750

Berkeley Earth « updated 4 years ago (Version 2)

Data Tasks(1) Code(534) Discussion(9) Activity Metadata Download (573 MB) New Notebook H

Data Explorer

572.8 MB < GlobalLandTemperaturesByCity.csv (508.15 MB) & o

M GlobalLandTemperaturesBy...

M GiobalLand TemperaturesBy... Detail  Compact ~ Column 7 of 7 columns v
M GlobalLandTemperaturesBy... ~
M GlobalLand TemperaturesBy... About this file

M GlobalTemperatures.csv
Land temperatures by city

$# AverageTemperature # AverageTemperature... A City R Country
| |’ ”’ ’ || | ‘| \ |' ‘ 3448 vé*
unique values * %
- — ’
1743-11-01 6.068 1.7369999999999999 Arhus Denmark £
1743-12-01 Arhus Denmark £
[
1744-61-01 Arhus Denmark § \'/
1744-02-01 Arhus Denmark 5
1744-63-01 Arhus Denmark £ /
1744-04-01 5.7879999999999985 3.6239999999999997 Arhus Denmark L
1744-85-81 10.644 1.2830000000000001 Arhus Denmark L
hitps://www.kaggle.com/berkeleyearth/climeate-change-earth-surface-tempergtere=data \ )
)
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@ Dataset

Climate Change: Earth Surface Temperature Data

Exploring global temperatures since 1750

Berkeley Earth « updated 4 years ago (Version 2)

Data Tasks(1) Code(534) Discussion (9) Activity Metadata Download (573 MB) New Notebook H
Q = Filters
Al Your Work  Shared With You  Bookmarks Hotness ~
-\ Starter: Climate Change: Earth Surface e24bc90c-4 ~ 5
% Updated 2y ago
i 0 comments - Climate Change: Earth Surface Temperature Data o
Global warming analysis & Predictions - 0
Updated 2d ago
0 comments - Climate Change: Earth Surface Temperature Data o
\ SARIMA implementation on GlobalTemperatures - 0
Updated 2d ago
0 comments - Climate Change: Earth Surface Temperature Data e
\ Final_project - 0
ﬁ Updated 2d ago
/i 0 comments - Climate Change: Earth Surface Temperature Data e
-\ notebook for data mining project -0
% Updated 8d ago
S 0 comments - Carbon Dioxide Levels in Atmosphere +1 2
— X

@ Dataset

Climate Change: Earth Surface Temperature Data

Exploring global temperatures since 1750

Berkeley Earth « updated 4 years ago (Version 2)

Data Tasks(1) Code(534) Discussion (9) Activity Metadata Download (573 MB) H

Discussions Follow
Q = Filters
Al Owned Bookmarks Hotness =
y ™\ Countries clarifications ~ 0 -
‘%% Vale - Last comment Smo ago 1comment e
e\ Does anyone have any valid criticisms of this dataset? -~ 2 -

Chipicito - Last comment 1y ago 3 comments ss¢
4 j Turning Global temps by country into an enhanced dataset -~ 0 ~
Q@ g3n1u5 - Last comment 1y ago 2 comments ese
f@‘:;‘ Will this dataset be updated to include data from 2014,2015,2016? -~ 5 -
‘. / VivekMangipudi - Last comment 3y ago 1comment eee
0 Getting error with ggplot2 -~ 0 -
Prats - Last comment 3y ago 3 comments ese
— N
)
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GQnyr{ﬁons and challenges \/
AQUANTY HOSTS MACHINE LEARNING CHALLENGE:

ENHANCING SATELLITE IMAGE MOSAICS ~

The Goal

7

‘Enhance’ with
Machine Learning

Watershed
|L___Model

Aquanty is excited to sponsor a machine learning coding / product development challenge, hosted by our friends at Aggregate Intellect. If you are a data
scientist, software engineer or a professional machine learning engineer then read on — your team can win a $5,000 prize!

WHAT IS THE CHALLENGE?

Aquanty operates a web platform called AgSat, which primarily serves satellite imagery and geospatial data to end-users in the agricultural sector. We are

looking to assemble a mosaic of frequently updated, high-resolution/sharp-locking images that can be used as a basemap within the AgSat platform.

Currently, only archived high-resolution images for some areas are available (at “1 m resolution); they are broadly representative, but not up-to-date. High-
frequency images with good coverage are available, but at much lower resolution than desirable for our application. In addition, high-frequency data is often

further contaminated by the presence of clouds in the image.

We would like to have a system that can generate images with high apparent resolution from the high-frequency/low-resolution data, which can be used to

assemble a frequently updated, cloud-free, and continuous mosaic. e

N

GQnyr{iions and challenges N
‘*( Challenge.gov searun Liauege gUv fere

Government Challenges, Your Solutions

Home About Blog Agency Toolkit - Archived Challenges -

A 'nformational Only

This challenge is no longer accepting new submissions.

. I .
MéfmTfON Rodeo II - Sub-Seasonal Climate

NOAA - National Integrated Foreca‘Stlng

Drought Information System

Closing the Gap on Sub-Seasonal Climate Forecasting.

Page Contents

CHALLENGE DETAILS
Description
Prizes = TYPE OF CHALLENGE: Analytics, visualizations, algorithms
Rules & SUBMISSION START: 06/27/2019 11:00 AM ET

) o 3 SUBMISSION END: 10/01/2020 12:00 AM ET
Judging Criteria

How To Enter . L.
Neaecrintinn
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Wﬁons and challenges
PRIZE CHALLENGE TO IMPROVE SUB-SEASONAL

TO SEASONAL PREDICTIONS USING ARTIFICIAL
INTELLIGENCE

https://s2s-ai-challenge.github.io/

T T T LR T T T I Zan

e <

Latitude
X 0" 30N BO'N

90'S  60°S 30°S
I
|

180°W 150'W 120'W 90'W 60'W 30°W 0 30E 60'E 90'E 120°E 150°E 180°
Longitude

- 3-GEMEDH ERR-BKEFH TS Orsonien
S2S Al - | >/\° * WMO/WWRP: Estelle De Coning, Wenchao Cao
— S © WCRP: Michel Rixen
© RENKUj?‘y F?T—L\%}Eﬁﬁ ® S2S Project: Frederic Vitart, Andy Robertson
° %”u%‘i2 CPUS; 8 GB memory\ -I o GB e ECMWF: Florian Pinault, Baudouin Raoult
disk ZF| AT BE

® SDSC: Rok Roskar
* WMO contractor/main contact: Aaron Spring @aaronspring @realaaronspring

N 9\

4

o’

Wiions and challenges platform

y RENKU - 3&4]

Authorisation & Authentication

Back-end
services

€@ sbscC

ey

S5

> uopemi e

i )

25! Notebooks servics — £

i f

+%s  Sworage service - e

ccccc

- _ i .
4 GitLab A
Jjupyter
& Jocker o

Kubernetes

HELM
Jupyterhub
M

3 S c

$

Use previ output nput for new pipelines

...and more

N
https:// www.youfubeMwatch v=5kFhAAnv2D0 ~ \
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CLIMATE CHANGE Al el

-
"/ https://www.climatechange.ai/ ey 3. 48,801
. Eds £33 42 Ef £% sg
About Climate Change Al RN IERERINIRIN]
* bing v ] e e

Climate Change Al (CCAl) is an organization composed of volunteers from academia and industry who

i
£
3
2
3
H
2
g

believe that tackling climate change requires concerted societal action, in which machine learning can .
. 2
play an impactful role. Since it was founded in June 2019, CCAI has led the creation of a global i . . . .
movement in climate change and machine learning, encompassing researchers, engineers, . .
entrepreneurs, investors, policymakers, companies, and NGOs. PR . .
3
Our Mission . . L
4
To catalyze impactful work at the intersection of climate change and machine learning. . ..
.
Production & cic: « . .
5 7
our Goals L .
. ..
® To build a community of diverse stakeholders. .
® To guide impactful work through educational resources and programs 3
® To fill gaps in essential infrastructure such as funding, tools, and datasets. .
® To advance discourse and advise relevant players. 7
[Uniting data, ML & climatc scicncy . . . .
5 exireme e P . .
S Tackling Climate Change with Machine Learning .
.

Machine I.earning 101 D“ti_d l’(ulrfick‘“‘; Priya L. Du{niv?. Lyn‘r‘|qH. K;myck"‘, KB_“X K&)ch;lnal‘(%T‘,‘Alc?ufn‘dr’e Lawsﬁ’
Climate nge 101 o Sinios Kris Sankaran®7, Andrew Slavin Ross?, Nikola Milojevie-Dupont !, Natasha Jaques',
g 'u; o Anna Waldman-Brown'2, Alexandra Luccioni®”, Tegan Maharaj®#, Evan D. Sherwin?,
S. Karthik Mukkavilli®7, Konrad P. Kording', Carla Gomes'®, Andrew Y. Ng', : { /]
by Sasha Luccioni and Sharon Zhou Demis Hassabis'?, John C. Platt'®, Felix Creutzig'®!", Jennifer Chayes'”, Yoshua Bengio®" .

rsity of Pennsylvania, 2Carnegie Mellon University, *ETH Ziirich, *University of Colorado Boulder,
ilement AL ®Mila, "Université de Montréal, ®Fcole Polytechnique de Montréal, *Harvard University,
19Mercator Research Institute on Global Commons and Climate Change, **Technische Universitit Berlin,
12Massachusets Institute of Technology, '*Cornell University, 'Stanford University,

1%DeepMind, ‘*Google Al, "Microsoft Research - -

ICML, ICLR, NeurLIPS, AMLD, ... = —— :
Webinar, tutorial, podcast, ... = — -

> {
https://Morg/pw06.05433.paf \

Rt

WEATHER B \weatherBench

o A benchmark dataset for data-driven weather forecasting

(a) Direct prediction Oy <8 Weathet Banch Gude oy s o @
B
t=0 t=5days _ 4= FEAL | 8§ R - SEE | A

Channels =
Variables x /3

~ Visualizing the Data
Q

L
[oYeYe
e @i®)e)
s[o)e

lovel = 500 [mllibarsL. e = 1979-01.0

i s E - | TS TOTS LT AT
o A ao ' Google ColaboratoryZ FL = &H M
e e, SR o & - . - BFa—r)7IL

Q
pe:
s
— -
Thisis levels across the world during time sample on Jsnuary 15, 1979,
Geopatential increases when the weather Is warmer. This is air p This Is why P are
hugher nearer the equator, where it s warmer.
In the south and north poles, we see ‘We notice though that inthe norh pole, versus the
00 54000 56000 38000 —s000-2500 0 2500 5600 ‘south pole. In January, the Arctic is experiencing Winter while the Antarctic is in Summer. As 8 result, the Arctic is colder than the Antarctic,
explaining the lower in poles. Lower p height (wints a higher

Eras 850 1K) =59 ERas 850 ) i (59.0%)

ahigher

ERAS “Truth”

evel = 500 [millbars). time = 2018.12-31723 0.

L
s ;
%@’Ww 4 . ‘ h . ﬁ" :m 'r:;

50

e

WG

CNN forecasts
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(b) N5 (x1,000,000)

Model: NICAM (AMIP-type) ‘"\-3

ERam
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= E
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- EXAMPLES OF DRONE
e APPLICATIONS ~

/A procedure for an automated Unmanned Aerial System (UAS)-based marine litter mapping on a beach-dune system

UASLITTFR » Cabeculn

|

|

| AR \"’(.»
I L, ¢»‘“;§

amo elm e sal 6o
A multidisciplinary framework, which comprises photogrammetry, p—

geomorphology, machine learning and hydrodynamic modelling, was + Liter on dune || Beach area
developed to process a block of UAS images. i il

’ Infer'ldefal g sup'pori CAGIR englne.ers c!nd de‘cmon r'nc‘k.ers aiming at * The marine litter objects were identified with a F-test score of 75% when
monltorlr:lg marine and coastal pO“l'JTIOn (including optimizing and compared fo manual procedure. /
SRR achiciecn-up operctions). ¢ Multiple decision trees using Random Forest with conditional branches a

used, and the final class is determined by majority vote

Gil Gongalvesa,Umberto Andrioloa, LuisPintoc, FilipaBessa (2020) Mapping marine litter using UAyon a -dune system: a;multidisciplinary,approach, Science of /the
Total Environment, 706, 135742 DOI: 10.1016 /j.scitotenv.2019.135742 U 9\
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- EXAMPLES OF DRONE
c APPLICATIONS =

e Automation of beach litter surveys, which are conventionally time inefficient and human cost prohibitive.
Time efficiency of 570 == 40 square meters/min with only one operator.

\( \; | alitue

W — ] Obiject detection and classification using CNN (Faster R-CNN) /

Cecilia Martin, Ciannan Zhang, Dongjun Zhai, Xiangliang Zhang, Carlos M.Duarte (2021) Enqblind‘d Iqrw assessment of litter along Saudi Arabian red sea shores
by combining drones and machine learning, Environmental Pollution, 277,15, 116730 v N

- \
\—/EXAMPLES OF DRONE APPLICATIONS _

By measuring altitude information, the volume of beached litter is estimated.
However, the evaluation is based on artificially installed test data. There are some issues
for generalization.

Pixel-level beached litter detection
using 1D CNN

Vectorize

Weight update input P "2 e
. 1‘ 6 lhlddlon Iityers‘ - e -‘_‘ ——
RMSprop z
- e *‘ Layer 2 Aerial images with the altitude are
Weight « 16 hidden layers
g - ReLU taken from drones.

3D shapes of beached litter can be

© 1 hidden layer
- Activation function: Sigmoid

—

Loss Rate :\ tn*ue value: Label |
-

3 configurated. e S -
I Loss function/ .,':-"—‘- i ..value\: ) X R ‘ X ‘ i
Binary cross entropy @@ Due to the effect of 1D convolution, detection noise per pixel (post-processing )

required) is also exist.

Shin‘ichiro Kako, Shohei Morita, Tetsuya Taneda (2020) Estimation of plastic marine debris volumesén lesing unmanned, aerial vehicles and image processing
based on deep learning, Marine Pollution Bulletin, 155, 111127 v N\
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High-Resolution Representations for Labeling Pixels and Regions (HR-Net)
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