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Q1 EZX|S (Artificial Intelligence)

I Google Al (https://ai.googleblog.com)

Neural weather model MatNet
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Ardabili, S., Mosavi, A., Dehghani, M., & Varkonyi-Koczy, A. R. (2019, September). Deep learning and machine learning in hydrological processes climate
change and earth systems a systematic review. In /nternational Conference on Global Research and Education (pp. 52-62). Springer, Cham.
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Artificial Intelligence
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https://www.mobiinside.co.kr/2020/03/12/ai-perceptron/

https://today.duke.edu/2020/06/artificial-intelligence-makes-blurry-faces-look-more-60-times-sharper



| supervised Leaming (X| = 1)
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I Unsupervised Leaming (HIX| & &)
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I Self-supervised Leaming (X}7|X| = =)
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- CHEAQI Y12|F: Autoencoder, Self-supervised GAN &
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0/0/ ] ZA: https://subscription.packtpub.com/book/big_data_and_business_intelligence
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O/OJ X Z 4 https://riptutorial.com/machine-learning/example/32668/reinforcement-learning
J\)

I Reinforcement Leaming (22} S5
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Rolnick, D., Donti, P. L., Kaack, L. H., Kochanski, K., Lacoste, A., Sankaran, K, ... & Bengio, Y. (2019). Tackling climate change with machine learning. arXiv
preprint arXiv:1906.05433.



input

pre-processing /

data preparation

assimilation

prediction

post-processing

evaluation

Current NWP workflow

718/71% o5 S

End-to-end DL workflow
(Suggested)

Hybrid NWP-ML/DL
workflow
(Work in progress)

(Operational)

meteorological observations (weather stations, radiosondes, satellites, ... )

selection of observations
for data assimilation
and feature engineering

selection of observations
and feature engineering

selection of observations
for data assimilation

pre-processed data

3D-/4D- Var + deep | |
ensemble Kah‘nan filter + Aeiiral network :
Nudging

initial conditions . .
deep neural network: |
I direct mapping from

deep neural network or ; .
observations to specific

dynamical ( ) parameterisation

of non-resolved . g .
= processes hybrid SEEEDL model | forecats products |
gridded forecast fields | |
statistical downscaling deep neural networks | |

(MOS, GLM, ...) for statistical downscaling

end-user forecast products

comparison with independent observations,
calculation of skill scores, ...

2

[Schultz et al, 2027) rf@n

Schultz, M. G, Betancourt, C., Gong, B., Kleinert, F., Langguth, M., Leufen, L. H., ... & Stadtler, S. (2021). Can deep learning beat numerical weather
prediction?. Philosophical Transactions of the Royal Society A, 3792194), 20200097.



GDAPS

- Resolution: (25km/top=80km)
- Vertical Layer: 70

- Target Length: 12 days

RDAPS

- Resolution: (12km/top=80km)
- Vertical Layer: 70

- Target Length: 87hrs

LDAPS

- Resolution: (1.5km/top=40km)
- Vertical Layer: 70

- Target Length: 36hrs

[Source: https://data.kma.go.kr]
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I TX| 22} IS XS 7|8 ZAg (Hybrid physical modeling)
« =X| BEO| Data assimilation 28 = EHE{HOE CAN|St= HiH
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KXW UK
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WeatherBench: A Benchmark Data Set for Data-Driven
- Weather Forecasting

Stephan Rasp''", Peter . Dueben®', Sebastian Scher®
Soukayna Mouatadid® | and Nils Thuerey’

,Jonathan A. Weyn*
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L Introduction
Deep leamning, abr:

re postproce

[Rasp et al, 2020]

0l% (Data-driven modeling)

o S —~ = i ]
Holds 28otq 7[d/71= O|=ots &4
Table 1
List of Variables Contained in the Benchmark Data Set
Long name 0:” L_l;" E 4\— Short name Description
i-ge-np-ot-eﬁtﬁl------: Z Proportional to the height of a pressure level
1 Temperature : t Temperature
: Specific_humidity : q Mixing ratio of water vapor
1 Relative_humidity : Humidity relative to saturation
: u_{'ompnnenl_nf_wind: u Wind in x/longitude-direction
: v_component_of_'.\-ind: v Wind in y/latitude direction
: Vorticity : VO Relative horizontal vorticity
LF'Etsn_li ial_vorticity_ _ 1 pv Potential vorticity
2m_temperature tZ2m Temperature at 2 m height above surface
10m_u_component_of_wind ulo Wind in x/longitude-direction at 10m height
10m_v_component_of_wind V10 Wind in y/latitude-direction at 10m height
total_cloud_cover tce Fractional cloud cover
total_precipitation tp Hourly precipitation
toa_incident_solar_radiation tisr Accumulated hourly incident solar radiation
Constants File containing time-invariant fields
land_binary_mask lsm Land-sea binary mask
soil_type sit Soil-type categories
orography orography Height of surface
latitude lat2d 2-D field with latitude at every grid point
longitude lon2d 2-D field with longitude at every grid point

v

74 M HO|EE sh&sh Al ZHO| =
S A HIES TWQR = E22HUS
So1E 4 SX|of XA 7
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(a) Direct prediction

Channels = t=0
Variables x /

Levels

Table 1
RMSE for 3-5 days Forecast Time

Latitude-weighted RMSE (3 days/5

Z500 [m’
2 ; . N O

Model s TS50[K] T2M[K] PR [mm] e Advanced Approach e ==

Persistence 936/1,033 4.23/4.56 3.00/3.27 3.23/3.24 P

Climatology 1,075 5.51 6.07 2.36 E JAMES | loemetf Advencer U—/Vel‘

Modeling Earth Systems Journal of Advances in
JAMES | 33 g Earin Systams
Weekly climatology 816 3.50 3.19 2.32 \ NP s mproing Dty rfven Gl Wester praicon | e Dt e Vi Fange Weather Prediction With
._J‘ G e O Cubed Sphere : “ Resnet Pretrained on Climate Simulations: A New Model

IFS T42 489/743  3.09/3.83 3.21/3.69 - S O_FO AherBench

IES T63 268/463  1.85/2.52  2.04/2.44 - £l e
o e i e e g & pr—— o
| O]Jel'utlo]lell IFS 154/334 1.36/2.03 1.35,."1,7?| 2.36/2.59
- W ----------------I
|\’~e‘,net¢1| (2020 373/611 1.98/2.87 - =

|

: Direct (ERA only) 314/561 1.79/2.82 1.53/2 31| 2.03/2.35
I Direct (CMIP only) 323/561 2.09/2.82 ].90#'2.31: 2.30/2.39
|
] Direct (pretrained) 268/523 1.65/2.52 1.42/2.031 2.16/2.30
: Continuous (ERA only)  331/545 1.87/2.57 ].60;'2.06: 2.22/2.32
I Continuous (CMIP only) 330/548 2.12/2.75 2.24;’2.59: 2.29/2.38
| . . . . .
alaniinuous (oretained) . 2540490 _LJ22.41 1.450192] 2.23/2.33

Note. All forecasts evaluated at 5.625° resolution. Best physical and data-

driven methods are highlighted.

Abbreviations: IFS, integrated forecasting system; RMSE, root mean

squared error. ~ T Sy

[Weyn, 2020] [Rasp “and Thuerey, 202 7]



I Proposed hybrid approach (Data-driven modeling + NWP forecast output)
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Deep leaming (Image to Image)

Inputimages Weather Forecast
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Intelligent Remate sensing and
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SST(r-2)

Convolutional
filter

FC layer
Convolutional MP layer 1 Convolutional MP layer 2  Convolutional -
layer 3 O

O
- Output layer
|
gy O
. Ninc3.4 (r + t)
+ |{t = 1-23 months)
0o~

SST or HT anomaly (°C)

60° E 120° E 180° 1200 W

Heat map

o SVIHEE 0|83t Convolutional neural network 7|EF ENSO 0| =

@
1 Intelligent Remate sensing and

Ham, Y. G., Kim, J. H., & Luo, J. J. (2019). Deep learning for multi-year ENSO forecasts. Nature, 573(7775), 568-572.



Parameter at time step t, Forecasting at multiple time
x={ stepl
Xot : Rainfall, x4, : Tmax, - Y12 .
Xot: Tmin, X3 : Tmean, - - s
X411 VP, X5, : Cloud Cover, 4
F * 1 month

Xt : PET, X7, : SOI,

Model Xgt: PDO, xg; : 10D, Monthly SPE ) "~
Parameters X100 SAM, Xy1¢: Nino 3, Forecasting — e !
X121 : Nino 3.4, x43;: Nino 4} N 7?

Note that input never Loss used for Back Propogation
includes y; and Gradient Updates

Training Input
(1901-2000)

Training
Output

> | Testing

EEEe) @0

e Gk 6 menths
0.4
12 months
0.3
%:0:
0.
| . AAY EME2 0|2 3._7f301|
0 2 4 6 8 10 12

-
Lead time (months) I n @ n

Dikshit, A., Pradhan, B., & Alamri, A. M. (2021). Long lead time drought forecasting using lagged climate variables and a stacked long short-term memory model. Science of
The Total Environment, 755, 142638.



Arctic sea ice '

i Forecasts

ﬁDrought

’ &
Tropical cyclone%

Forecasts Forecasts
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Source: https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/
https://dryjelly.tistory.com/147




https://codlingual.tistory.com/87

T T I Recurrent Neural Network (RNN)
r g N
. — . [ o Tanh function
- I Q 4 o new hidden state
What [ o previous hidden state
. AIAY IHES D2{sto] o= © o
« AAG EHO| U= 0k At 7t }— concatenation
\_ _J
I Long Short Term Memory (LSTM)
N

REZIEY: o0

o previous cell state
@ previous cell state

° forget gate output
o forget gate output
° input gate output

o candidate

Adtet

o previous cell state

5 N

o previous cell state

. forget gate output
° forget gate output

° input gate output

o candidate

. input gate output

o candidate
sent Remate sensing and

q
o new cell state atiel Information Systems




Aol AEer CHEXHCQ He'd 718

I Convolutional Long Short Term Memory (ConvLSTM)

Spatial
S AAE 582
g = Act= &

. Zol &

2 N =A0f 2
x| ole

.'& Temporal 40 s

Input sequence (X))

...... T ...

'-i- Addition 15 Hadamard product ./ ) Gate

1; Convolution (_J Sigmoid layer 6"\9 tanh

iy= o W,eXe+WptHyo + W0 Gy +by)

fi= oW @#Xo+WppH, |+ W0 Gy +by) 6)

Ct= f! o Ct—] + i‘t c-tanh('lr"'l.-',.c,;d-xt+ﬁ'h£4}-lt_| +b|:]|

Or= (Wit Xp+WpotHy_1 +Weo 0 Ci+-by)
Ht= {-]t otan h[Ct}

7
In20

Park, S., Im, J,, Han, D., & Rhee, J. (2020). Short-Term Forecasting of Satellite-Based Drought Indices Using Their Temporal Patterns and Numerical Model

Output. Remote Sensing, 12(21), 3499.
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.g%,_._‘ L 2E)S 0|23810 7|HE L (random forest)S ZE+sH Bl
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Convolutional LSTM (step 1)

Real-time learning

* >
2003 1
i
Step1. Convolutional LSTM : Random forest (step 2)
__{nistorical patterns) 1 Calibration (80%)
S~ Test
i N Validation (20%)
I HEL ]
: | o015 2017 2018
I
I
i Input | Step2. Random forest
E sequence | applying numerical model
: ] /"‘—_-.- ................................. .
1/ - b
i VAEL = gl \
11 ia T 1
i [ i
. [ ma HHHH
! Convolution g mamREs T i
\ Long Short Term Memory g1 Predicted Landcover m. T |
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~ - ] q DEM PClges i 1 2 |
| A
! | A
I Drought condition }
: ) of target :
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! i
1 i
1
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\\‘- ____________________________________ ‘I’
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N
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I N
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- AEXE + FAVERE B
« ConvLSTM + Random forest

. X|HXtE 0|8

« AMA|ZtEEE (online model)

Park, S. et al. (2020). Short-Term Forecasting of Satellite-
Based Drought Indices Using Their Temporal Patterns and
Numerical Model Output. Remote Sensing, 12(21), 3499.
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1x1 (from t-12 to t)
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CNNSTRUCTURE\\\

1x1 (from t-12 to t)
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GPM based SPI

Nifio 1+2

Nifio 3.4

K:3
F: 64 CONV1D

K:3
F %32

K:3

CONV1D

=

S S S S |

I [
Imwi 17
1T fﬂ

: K:3
Ko2[convip| £, CONVID |

K:3

F - 32| CONV1D

K:3
F . 30l CONV1D

K:3
F:32

‘o[conviD]

Training (from 1984 to 2013)

(TTTTTTT e

validation
Test (from 2014 to 2016)

DENSE

N:128

DENSE [N:32

Fz32
LFIatten L Flatty
)
* K : Kernel size, F : #Filter, N : #node Concatenating

Forecast

« CNN2 0|83 1tA 127 &
O| SSTO| A|&7tH miEH HEE

A
F=E2
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l: Zone 3
' Zone 4

g 718ko| SSTO| A H
7|2te| SOtAIOF 7tE= & 7| o

-T

nrmse

-=-|lead time1 -=-lead time2 -=-lead time3

0.
c
.0
et
0.2
=
=
"G 01
O S
XX X
0
z1 z2 23 24 25 26 27 28
-=-|ead time1 -=-lead time2 -=-lead time3
0.4
c
0|03
.ﬁ
- 0.2
g 0.1 :
XX X
0
z1 z2 z3 z4 25 26 z7 z8
-=-lead time1 -=-lead time2 -=-lead time3
0.4
- 0.3 .
w0
ﬁ 0.2
0.1
XX X
0
z1 z2 z3 z4 25 z6 27 z8

# zone

[=
= SPI3
= i
ZONE1 20 ZONE2

2014 2015 2016 ,, 2014 2015 2016

3.0
ZONE3 20 ZONE4
1.0

2014 2015 2016 2.0 2014 2015 2016

3.0
ZONES 20 ZONES

2014 2015 2016 20 2014 2015 2016

3.0
ZONE7 20 ZONE8

2014 2015 2016, 2014 2015 2016
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+*» Al is not a panacea

¢ Require multidisciplinary approaches

** Knowledge engineers for Al vs. domain experts

¢ Limitations of Al

Require too much data = no more training data
Causation vs. correlation = ExAl (Explainable Al)
Limited capacity of transfer; not transparent

Not good at modeling unstable situations
Locality = Generalization (Expandability)

¢ Based on my experience,

Good at modeling relatively static environment such as land cover classification

Has high uncertainty for modeling dynamic parameters especially when input
variables are not well identified in relation with the target variable.

Representation is a key to successful Al applications.



- . IThe future depends

on some graduate
student who is
deeply suspicious of
everything | have
said.

~ Geoffrey Hinton
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