09

11

2022
ohasfratety| &l

KOREA INSTITUTE OF OCEAN SCIENCE & TECHNOLOGY

y
KIOSTN

QPHAH|=Z32]|0F 2022 A



An AFA
=z I'IE

H°FM31|7|
Axl mml_m'

1 H 2
: I A Y AL -

1| 712 & o|-|0 rJ_pc
A5 oy AAH _'

J
mw
paxu t ’RMZNSH s L

Ay 20101 Sigriey

Yo A\uumn n

*1I911 “"l=l o Ar XM

MHOFFHI

U_=,LA||:|f 204_

2,|U

2011 6|-|]1fE.| chsiof gvgxnu Am:n

H°

s OFAIII'
e _I

H#Q}

ot
NJEI w”“' 5H 22X e ;Wi.,, = I- A El E_I-E-”o l xl
H”_l ]II'EF OHO I

U1|='1|°|A]1| EIE i

'—l vganmmnag
=108

-l-iﬁai“.‘;

- 0O
‘ﬁé!'

opuict

oy
it
RiAlE

EEL] =
B3I 8Y § 229 H4 Uy

-%MHO|EX|-H|- e
H ArQ

Zesict

o 0I= o - w.m”f
a"x.l i o a ?M‘:l mm | i om0

rhae 20104 ”‘;‘f‘ \smxw o
-l I i o mm\uﬂu;
core I oy WYE Suors

= O R g
M'I'I"'rr'l'l'E

ogsie AL muw o

s

LY 2006

mnd 4 ':“::I *.I OH]I“ Elz

1937

HAL0HYR D10 FHE

FRAOpH {E
‘B’ olF BE

A0} RH

&4: 20184,
O|i<Dfef 020} JHLiXIiE) 2




5,000 o e e e e e e e e e e e

3,535

2.500
0
2016 2017 2018 2019 2020
Ex: HUAD FHEHAQIHS: H1230205) QI m[sH

20165 E| 202047IX|2] SHFAILL Bi2t




[ e
/A
FIM2IK}

1“ :

evas

n g(l)_I-IH ’
S{OL2 X | o

- ST =
SHYES X

B3 2 BoIYoI A AU (I

- &t

e V' nr
- | _"" L
{ .

a\

k = o

e

-
2k

.“’
mﬂ‘é
=

SHYUE R At 3 HIZ

2K SHSUS MAEH

2] slieo]s 2

tdl@

xE 2| U BN




ol W - XHaH Ol = AlEef T2t Hat

Machine Learning
First

program
1842

‘ . 1951
Prehistoric ANN

Programmable ~ Binary 1943
machines in  System
1679

Antikytesa

Backpropagation

Sub-mesoscale

First Dynamic Ekman Coupled importance
Pol — textbook method spiral Geostrophy ~ model Turbulent
LIRS o 1855 1903 1905 1937 1969  ocean
Viking navigation
Prehistoric f:-
3 Challenger Fram Meteor Seasat Argo
measurement 1873-75 1893-96 1925-27, 1978 2000
Oceanography

ConvCNet
1979

1970

Modern ML

‘DNN'’ AlexNet GAN Alpha GPT3
2006 2012 2014 GO 2020
2017

ZX: Sonnewald et al. (2021)
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Artificial Intelligence
Early arcinicia |.'-I--I||t__lﬂl.: P 3 .
"stirs excltsment Machine Learning
/_‘\ MEachine l ..:[i' Mg 0egin
U Deep Learning
RN o) =\(
—t—t 44—
19505  1960s 19705 1980s 1990s 2000s 2010s 2020s

ZX: https://rizing.com/




m Machine Learning

m Logistic regression, SVM, Shallow
neural network, etc.

m Deep Learning
m CNN, RNN, LSTM, etc.




Machine learning tasks

Earth science tasks

Machine learning tasks

Earth science tasks

Object classification and localization

Pattern classification

Video prediction

# )

Predict future visual

representation

¢ (Xt+!)

Short-term forecasting

Super-resolution and fusion

8x8 32 x32 Ground
input samples

\

_\_A

Language translation
Er liebte zu essen

Sofftmax @ H H H H

Decoder

Encoder
Embed

Er liebte zu essen Null

'

He loved to

eat

S

Dynamic time series modelling

Real vs predicted humidity values

Humidity

ZX: Reichstein et al. (2019)
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NOAA Artificial Intelligence

Analytics for Next-Generation Earth Science

Strategic Plan 2021-2025

U.S. Department of Commerce

@ National Oceanic and
Atmospheric Administration
S0

E*: NOAA Artificial Intelligence : Strategic Plan 2021-2025

sy b 50

NN SSM/ Decadal (50years o
Wind Speed NN Nonlinear Hybridization Clin(1atz ) NN Radiation New NN Moisture NN Technique
Retrieval Wave-Wave Pparadigm was  Simulations wit ~ ©" NCEP GFS  Parameterization  For Filling Gaps NN Wave
Algorithm Interaction Introduced  Hybrid NCAR CAM Based on CRM Data  |n Satellite Data Ensemble
| ] ] ] ] l ] ] ] l ] l l ] ]
— T T T T 1 1 1 ] | | 1
1995 1997 2002 2005 2006 2007 2008 2010 2012 2013 2014 2016 2018 2019 2020 Ye3rs
NN SSM/I NN Long NN Decadal Climate NN Ensemble NN Emulation NN
Forward Wave Observation Simulations wit  Averaging of Biological Model _ NN Model
Model for  Radiation fotOperator for DAS Hybrid NCEP CFS Super-Parameteriz for DAS Pfh!ﬁ;%z ggge
Direct NCAR CAM ation J
Assimilation
- — — - .
R&D to Proof of Concept Transition Operations
14 - | — E
12
10 -
8
a8
4
2
o

RL-1 RL-2 RL-3 RL-4 ] RL-5 RL-8 RL-T | RL-8 RL-2
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ML for GFS and GEFS Fast NN

Suite of Model
Physics for GFS
& GEFS

Suite of Model Physics

Frame n Frame n+1 Frame n+N-1

eee LI L] .ee
60°N

Faster RCNN

.o [ | l:l eee I_I eee

Accumulation

ooe | [ | *°*

60°S

o . o= ’ _.'R\i',h. s = I' : ﬁ 120°W 60"W 0 60°E 120°€ 180°
(A BHX] 712k 0| 2tF EXI)

LL L] I:I

C

012 -0.08 -004 000 0.04 008 012
NBias Hs, NN_test
: v

60°N [
4

30N ||

- Non-linear (8.9%)
[+} .‘

- Southern Ocean (1.9%)

30°S
- Vertical transformation (6.9%)
- quasi-Sverdrupian (14.6%) s 120°W 60°W 0 60°E 120°E 180°
- Interior flow (24.8%) 012 -0.08 -004 000 004
- Depth coherent (43%)

EX: de Silva et al. (2021) / Kransnopolsky (2013) / NOAA Artificial Intelligence : Strategic Plan 2021-2025
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Technical £ ECMWF
o B A Memo R

The

DIGITAL TWIN OCEAN 878

An interactive replica of the ocean
for better decision-making

Machine learning

Cinacis v ot S

A roadmap for the

A digital space providing access to vast amounts of data,
madels, artificial intelligence and other tools, which will allow neXt 10 Vears
the replication of the properties and behaviours of marine systems,

represented in deep learning

TPW, [mm] TPW, [mm]
including ocean currents and waves, marine life and human
activities, and their interactions, in and near the sea. I
Vision 2031
Peter Dueben, Umberto M ° @ @ + ltis difficult to qislingw;h
] Stephan Siemen, Florian F between machine learning
= Peter Bauer, Andy Brown, JupyterHub and loT data used 2 use cases of machine and domain sciences
Real Ocean Dlgltal Twin Ocean Batidoun R ultyN" Wi machine learning in operations learning accelerators for ‘
i UAOUIRFAOUI, INHS YYeC libraries avalilable conventional modelling s gaz:ae"n‘i::g\_f:g‘{;gize
Satellite data i i
.
A Machine learning First machine 5 machine learning needs
network established learning training course applications integrated N .
5 + Fully supported diagnostic
and roadmap updated n operational workflow R
2 map Lpoa lossi o < tools via trustworthy Al
biadine et 2022 2023 2024 1025 Bl Ry, ¢ Physical constraints can be

Use of machine learning
as easy and normal as

Advanced models p data re-gridding
2 P 4 One machine Machl.ne learning team C;upermc:us Machine learning - Unsupervised learning
learning conference established at ECMWF ITTs wnvolvel considered in and causal discovery
.. P o per year machine learning HPC procurement used on a regular basis
Artificial intelligence Sufficient hardware 4 machine learning Comprehensive and + Machine learning solutions
for machine learning benchmark datasets well-documented machine from end-users integrated
established published learning workflow in place in workflow

Citizen science /_____..——"
(Digital Twin Ocean (MOi)) (ECMWF)

EX: Mercator Ocean International (MOi) / Machine Learning at ECMWF: A roadmap for the next 10 years
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: l Learning Error é
1
Comfare Train Correct
o I Deep Learning
FUX ST AIOIESALAE (MPAS-A) Model Slmulatlon Error ¢ Prediction - corrected
HTIR SHETOISAIAE (MOM6) h prediction
| h"eY = h + é
Predict
{of6H 27 AIOISAIA S (WRF) . > > < >
B SHREABIOIZ AL AE (VIOMS) ‘ . Calibration period Training Make Prediction
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DJF (1979-1988

Labeling

m) Transient

Bl KOOS (¢t

Validation & Prediction

Europe [-20~60°E, 30~75°N]
020 -

00 30

10 year validation (1979-1988) &
32 year prediction (1989-2020)

Estimated variable

Bidirectional
Recurrent layer

Observed value

Missing Values

Input layer

Z Convolutional layer 1

18—
J Filter (2 x 2)
5 days running averaged
air temperature at 2m
from 1979 to 1988
Epoch 20

Classification
Winter @™

Summer @ 3

Transient B..J

Training using CNN (adam)

e

&
a
Convolutional layer 2

i k>

‘ Relu ‘ﬁ
18 m——p 9
J Filter (2 x 2) J

— g —J

Relu lFiIter (1x1)

Convolutional layer 3

— 2 ——

Fully connected layer

Softmax

=~‘
l‘ Relu ‘Jj‘ﬁ
. _E

]

i | ‘

a

MOHID_KHOA : NAKSAN

—— KHOA

—— MOHID(e=1.63)
RNN(e=1.11)
infer

25.0

225

20.0

175

15.0

Sea Surface Temperature (degC)

'19/01 19/02 '19/03 19/04  "19/05 '19/06 '19/07 '19/08 '19/09  '19/10 ‘19111 19/12 20/01
Month
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0.0 1.5

-
-15
SST or HT anomaly (°C)

(CNN 7]tt

UL 0= 2 (Ham et al,, 2019))

A Linear Regression B Neural Network

C Neural Network + 2D conv.(space)

i 3 5 7 9 11 13 15 17 19
Forecast lead (months)

—— CNN —+—CanCM3 —=—CCSM3 —=— GFDL-aer04 —— GFDL-FLOR-BO1
09 F —+—SINTEX-F —+—CanCM4 —=—CCSM4 —— GFDL-FLOR-ADE
08}
% o7l
=
Input layer 2
npul =} |
3 0.6
S o5
04}F \
FC layer
Convolutional MP layer 1 Convolutional MP layer2  Convolutional -
layer 1 layer 2 layer 3 03F
Output layer 1 1 1 1 1 1 1 1 1
SN o 1 2 3 4 5 6 7 8 9 1EI 11 12 15 15 17 19 20 21 22 23
M 12) M 6 M 6 M .| Nino3.4(r+1) Forecast lead (months)
3% 18 18 : J(t =1-23 months)
[m]

21 23 1 3 5 7 9 11 13 15 17 19 21 23

Forecast lead (months)

0.0 0.2

0.6 0.8 1.0
Correlation skill

D Neural Network + 3D conv.(space + time)

None
= dnf + nf

Nong
2 INPUT
B = du + nf Stenci

N,2,2,n}

INPUT
Stencil
space + time

N,2,2,3,n¢

icoen oy 21~

OUTPUT dense |in: N,ng
noactivation [aut: N,2

(u,v)

N.40
N.20

Keys

N = number of samples
n¢ = number of features
i = features with 2pt space stencil

n, = features with space (2pt) + time (3pt) stencil
nf = features input as point variables

k = number of convolutional (2D/3D) filters

»
Point N,nf

o VUL

Phys (geo+Ek), rmse = 36.58 [cm.r‘s]

\,# l.l‘", Lin. Reg., rmse = 29.41 [em/s)

YU, NN (local), rmse = 16 93 [em)s] U, NN {global), rmse = 12.57 [em/s]

(u,0)

{Simple NN 7|8t 2= s} F 0= 2 2(Sinha and Aber
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