A} 7|

o0l =

FH: JI=o=0] Xelst SISAISEES BIgfE Z4 X A

m
rok

eIEx E 7[871= FHEx)

A0
olr
Ik

The Development of Artificial Intelligence Base
Technologies for Objective Climate Predictions
()

2023.12.

APEC7|=ME



Executive Summary

Recently, aritifical intelligence (AD-based climate prediction models within 14 days have
been developed by global companies and research centers such as NVIDIA (FourCastNet),
Google DeepMind (GraphCast), HUAWEI (Pangu-Weather), ECMWF AIFS (European Centre for
Medium-Range Weather Forecasts Artificial Intelligence/Integrated Forecasting System). These
models are in experimental operation via the ECMWEF website. However, scaling to
sub-seasonal and seasonal timescales is still lacking as these models focus on a forecast
horizon of 14 days or less. In addition, Al research requires a large amount of training data,
but the ECMWF ERA-5 reanalysis, the climate data currently used by global companies for
training, has only about 74 years of data from 1950 to present. If the data is be divided into
training data, validation data, and test data, the dataset used for actual learning are very
scarce.

Due to the climate crisis, the importance of highly accurate sub-seasonal prediction data
in the applied climate field has grown significantly. Sub-seasonal prediction data faces
challenges in predicting the diverse interactions of the atmosphere and oceans solely through
numerical models based on physical principles. To overcome these challenges, an Attention
U-Net model and a seasonal prediction model were developed to give more weight to
important patterns and features in the input data, aiming to improve accuracy. Additionally,
various sensitivity analyses were conducted using techniques such as Filters, Wrappers, and
Embedded methods based on observational data, identifying features inherent in variables. By
selecting specific combinations of variables from both the model and observational data, it
was confirmed that accuracy improved compared to ECMWEF model predictions. However, in
many combinations of variables, statistical results did not consistently demonstrate optimized
outcomes. Therefore, it is inferred that future improvements in artificial intelligence models in
the climate field, considering the characteristics of variables and recent advancements, could
lead to the utilization of more accurate prediction data.

The research was carried out to explore methods to enhance the prediction accuracy of
Seasonal to Sub-seasonal (S2S) climate variables (such as maximum daily temperature and
daily total precipitation) by extending the U-Net architecture using Attention and Residual
mechanism while optimizing hyperparameters. Attention measures the relevance between
inputs and subsequent outputs to focus on specific information, while Residual learning
addresses the vanishing gradient problem. In this study, Attention U-Net and Residual U-Net
were constructed by adding these two mechanisms to the existing U-Net, respectively, and
Attention based-on Residual U-Net was constructed by combining the two mechanisms. Grid
search algorithm was employed to optimize hyperparameters, with epochs, batch size, and
learning rate set as key parameters. Training data utilized S2S prediction data. The optimized
hyperparameter combinations showed similar trends in most S2S climate models. In the



extended U-Net models of predictions of daily maximum temperature and daily total
precipitation during the test period, the models with added Attention or Residual demonstrated
improved accuracy, with the Attention-based Residual U-Net, incorporating both mechanisms,
exhibiting superior performance. Specifically, the Residual mechanism appeared to influence
temperature prediction, while Attention effectively improved precipitation prediction. However,
limitations persisted in enhancing the week 1 prediction of temperature and the week 2-3
prediction of precipitation. Subsequent research is expected to propose suitable methods for
S2S temperature and precipitation predictions by leveraging ensemble techniques to combine
high-performing models.

Historical climate data are often not enough to train a deep learning model, especially
when working with monthly data. A specific climate phenomenon such as Madden-Julian
Oscillation (MJO) only accounts for a part of long-term climate data that have been collected
over decades. Semi-supervised learning (SSL) is ideally suited to such situations, as it can
effectively leverage a small amount of data while maintaining accuracy. In this study, we
developed a SSL-based deep learning model for MJO phase classification using decades of
climate anomaly images. First of all, a supervised learning approach was employed with all
labeled data to classify MJO phases. Various input variables, data split strategies, model
architectures were tested, and a optimal model was chosen based on test accuracy. The
selected model was then trained in semi-supervised learning framework. The sensitivity of the
SSL-based model, developed with Mean Teacher SSL algorithm, was analyzed with respect to
data augmentation methods, model training process, consistency loss weight differences, and
the number of labeled data. Comparison with results from using most or all labeled data
(supervised learning) showed that the SSL-based model achieved comparable or even better
performance with only about half of the whole labeled data. In addition to MJO phase
classification, we also tested spatiotemporal predictive Al models to forecast MJO input fields
on the next day or consecutive 7 days using timeseries of input fields with various
pre-sequence lengths. Different sampling methods such as excluding inactive MJO cases or
summer seasons were investigated.

In the climate field, research using deep learning techniques increases rapidly. However,
research on improving the model by understanding a deep learning model is insufficient. In
this study, XAI, loss surface analysis, and model internal structure analysis and improvement
were performed to better understand deep learning models and derive improvements to the
models. We analyzed whether the models built with supervised and semi-supervised learning
through XAI techniques extracted similar information from the input data and used it to make
predictions. Also, we conducted a study to determine whether the structure of the model is
advantageous for finding the global minimum by analyzing the loss surface. In addition, we
evaluated the predictability of models designed by attention mechanisms, dataset expansion,
increasing the number of layer filters, and improving the model structure by analyzing the
internal structure and feature collapse of the deep learning model.
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Figure 1.1. (a) Supervised learning, (b) semi-supervised learning, (c) unsupervised learning.
Colored circles are labeled data and gray ones are unlabeled data.
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Figure 1.2. Diagram of Pi model (Source: Laine and Aila, 2016).
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Figure 1.3. Comparison of Pseudo Labels (left) and Meta Pseudo Labels (right) with the
feedback from the Student model (Source: Pham et al., 2021).
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o med, B ATME MO QHx 236 mE wd 4% wrisly] 98 2 Edts
719k el BES Qg2 Ate] A EE oy dEd AEE 23 we FHSHR oA,
FAESE AL AT E Hlwste FAESE 7o Ao tisiA Hrbedth FUrE B
189%4< dFste Jd3As RS NIt (Figure 1.4b). AAEY 715

A% °1U1X]% ggato] 7% JYAS ASFoEA MIO 94 7ol dobrt MIO 4%



a. Semi-supervised learning—based deep learning model for MJO b. Forecasting MJO inputfields
phase classification and its sensitivity analysis
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Figure 1.4. Overview of this study. (a) Development and sensitivity analysis of
semi-supervised learning-based deep learning model for MJO phase classification, (b)
Prediction of MJO-related climate input fields using spatiotemporal predictive learning models.

HZ AFA T okl A= 20183 H-H Ald) F< /7 (European Union, EU)2] 7|AA
B X 5 (General Data Protection Regulation, GDPR) Aol we} QFx% dag Sl o3 3}
Nz AR dis) AEsta AA o #HAS =g tid ovr J= AHEs 87T AgsE =¥
sle Awe a7 dgRight to explanation)?} FEwar QItHNIA, 2018). 28] 20183 12
ol A WA o] I/HE FHALS Al &2 7Fo]=k<l(Ethics Guidelines for Trustworthy
ADel= Al Alz="lo] AE8E& o Qe 77HA 8 87102 Izte] dAg# ZH=(Human agency
and oversight), 71&2 74314 2 <FdA(Technical Roubustness and safety), 7§IA R HE 2
golg AWd2(Privacy and data governance), %™ Ad(transparency), ThFAd, vz, A A
(Diversity, non-discrimination and fairness), Ar% 2 272 E-X](Social and environmental
well-being), #F-(Accountability)7} A A= o] ATt o] FolA FHAL o]y, A|2~H, Al H|Z
Uz 2do] EygAda olsf@A A A s Waow AAAA o] AEojof grial WA|H
o] JTHEU, 2019). ©]& 3 ol = UFAT EokdAe Edurxgl JIFA 5 B2 AH7ts
3k ¢l & %(XAl, eXplainable Artificial Intelligence) 7S 283t} 3t w=Ho] ALH
At ClFALE 2d = o|w x| REF(image classification), 24 ®-A|(object detection) ol A

2stA A8Ha o

AFA S R L£3AAWRecurrent Neural Network, RNN), gAH Al
(Convolutional Neural Network, CNN) $& EUZ <¢lFg-gzy, <zfg-gzags 343
U-NET (Ronneberger et al, 2015)& H]Z3] ResNet (He et al, 2016), VGG (Simonyan and
Zisserman, 2015) & T3 ob7|dlA 7t SASIAT. T3, StEHAABolA F&3 AAd o F
=8 4 g+ SE U ES$ A(squeeze-and-excitation network), CBAM (Convolutional Block
Attention Module) % oJElA w7} S(attention mechanism®= SA&3sAtHHu et al, 2020;
Woo et al., 2018).
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2. 9 #H K=
21 A5 FZd & 2d A5 0F= 24
211 A%

2111 #=2A=

HEAEE APQARE 7|W o2 AR F, FHRE, Aod ARE TR o &35k
t}. 2] A =|4=(Normalized Difference Vegetation Index, NDVD+ ®]= NOAA (National Oceanic
and Atmospheric Administration)oll 4 A& 2 A&t JAom, NIR(ZZ 2 ¥AZDHI Red 21d
o] RRAgEES wmgeol =4 -1REH 1Abel9] e 7HAW 0Bt W Ao FHZE £ A
<+ YEI 0BT FoH Foly F3 Z& AEo] ofd FWS yebdTHFigure 2.1). AR E
19813 ¥ AMul~ st 9Jom NOAA A= $94 AVHRR (Advanced Very High Resolution
Radiometer), VIRS (the Visible Infrared Imaging Radiometer Suite)dlA] 7]¥Fo & whEojz =}
go]lH NOAA-7,-9,-11,-14,-16,-17,-18,-19)0ll A/ A2 HIo|HE At&3te F1H8|4 == 0.05° <
AAERE dAEE AFstaL Q7] WEol €z A5E 15° dAEE et dolHAl
& GSFC (NASA Goddard Space Flight Center)?} UMD (University of Maryland)e] &% 713
diolEl Al stUE AFH TALGL, SN, A EE ASEE netCDF-4 XA S 2 A F3haL
Q7] W, olgld W& HiE e R WA st

NOAA Climate Data Record of Normalized Difference VVegetation Index

> - —

NOAA Climate Data Record of Normalized Difference Vegetation Index ()

-0.1 0.1 0.3 0.6 08 1.0

Figure 2.1. NOAA NDVI (Normalized Difference Vegetation
Index) data form AVHRR satellite.



GPM IMERG (Daily Global Precipitation Measurement Integrated Multi-satellitE Retrievals
for GPMAE= 8= SAHE A AA A& HolHE AlFsh= product= Hlol¥= GPM
(Global Precipitation Measurement, ©]3&F GPM) =] YAlx &8 YJAloA 33 A85E A
st nej Y= A X8 A7 A dYd 2 HEAH ARE AFIdo. GPM A8 e
o] & A HAS A3 fal Ku, Ka dlojtjAlA e} nfo] 235t ojmA AMAE A-E-3t
TRt HolgE AT o] AFtolA ARE® IMERG Final HlolE = 20001d 6€5E ARE
SR ste] ECMWESF e F84 =8 1.5° 2 #Axgste] ddxaa=2 o] 8319 thFigure 2.2).

Daily accumulated precipitation

Daily accumulated precipitation (combined microwave-IR) estimate (mm)

0.0 86.8 173.7 2605 3473 4342

Figure 2.2. GPM IMERG Final data.

H &%+ Optimum Interpolation Sea Surface Temperature (NOAA OISST) A= &
Aot A st s Ass AAGNA 4SS siH 259 s fio]l 2 M

HEZE 7P R AHEEt] HAAT Y S 2=E AFESa ok v F 97
OJEJAE(NCDO N A 1981 5B dAEE 4t&sta loemw FHZ Version 29 HolHE 3
o}, OISSTAF=& “AVHRR-only” ¢} “AVHRR+AMSR” ¢ F 7} WHZo] o, &3t
= 0.25° x0.25° 9] SN EZ AEEXWES NetCDF4xIE 2 A Fslar o™, AVHRR-onlyA =
Tk 30@zke]l A7IZE 71EARE AlFskal ok (Reynolds et al, 2002). AF&E = = HEE
Sea Ice Concentration, Sea Surface Temperature, Sea Surface Temperature Anomaliese ],
o} 7] 4] Sea Surface TemperatureAt5 S 1998 A H-E 20173 x5S Al &3 HIbsle] AFE3ITH
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(Figure 2.3).

Daily Sea Surface Temperature

Daily Sea Surface Temperature (degC)

| . . . | g

-1.8 5.0 113 185 253 320

Figure 2.3. Sea surface temperature data from
NOAA.

2112 2dA5

A-dYW 71EA5= ECMWEAE = A-AWAA AA7LA 9 AZtdol] d B FgEe o]3|
2 Zol7] Y3l AaE QAT %gtﬂ, World Meteorological Organization (WMO)2] A&
W o3& Zz2AE 711%}04 theksl 71Ewd 2 2(NCEP, BoM, IMA, ECMWR)Z A &3t 9
o o] AFdA = s 2 ECMWFALS & 0-46¥ 9] A5 FollA B ZEY 3FAEE 1998
HEE 2017d71A E% He A8 E S5 JAAE 3. W= MSLP, OLR, PREC,
Q700, Q850, SST, T2M, TMAX, TMIN, U50, U850, V200, W850, 7200, Z5002] #A5& ¥ = &
A SR BE dA et

2

2.11.3 AE¥A=R

ERASE= FHF7Id X AE(European Center for Medium-Range Weather Forecasts,
ECMWE)oll Al Alg3t= 7] A4 dolHAle 5 Althe] AsEE #A #S HolBHE I3
A AR st NFAER FFHoln dBE A8S AFsta YrhFigure 2.4). ERASE ©]
A WA ERA-InterimE ot 1G4 E 2 A7t SIHEE =9 ATty o, S8 2di) b
ol FTIrles /NAdske] AlFsta A ERAS ARAAEE= 19799 5B FA7FA AR T4
S AFst glon, dZERd e 1372 AFHAA 80km7tA o 23T O
L5% T WaeE A 199895 2017d7kA] Azt
5 15° 2 WHEste] AL tH(Table 2.1).
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Maximum temperature at 2 metres

Maximum temperature at 2 metres since previous post-processing (K)

2280 2454 2628 2802 20756 315.0

Figure 2.4. ERA5 Maximum temperature at 2
meters.

Table 2.1. Data description of ERAbS.

Data Description

Data type Gridded

Projection Regular latitude-longitude grid

Horizontal Coverage | Global

Reanalysis: 0.25° x 0.25° (atmosphere), 0.5° x 0.5° (ocean

waves)
Mean, spread and members: 0.5° x 0.5° (atmosphere), 1° x 1°

Horizontal resolution

(ocean waves)
Temporal coverage 1959 to present
Temporal resolution | Hourly

File format GRIB

Update frequency Daily

ERASE #Z=#5<1 NDVI, SST, ECMWF 2% zt59} 22 7|3t Al/F
ERAZIZERD 3FAke] Bt AHARE FASAT. B Mae Aade ¥
33, Hu L3S UAs 24 Ezes [Axe sy tiTable 2.2).

L
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Table 2.2. Overview of the characteristics of ERA5.

ERA5
Period covered 1950-present
Prgg?%éon Jan 2016-end 2017, then continued in near real-time
Model version IFS Cycle 41r2
Assimilation
system IFS Cycle 41r2 4D-Var
Spatial 31km globally,62km for the Ensemble of Data
resolution Assimilation(EDA), 137 levels to 0.01hpa

Hourly analysis fields, 3-hourly for the Ensemble of Data
Output frequence Assimilations (EDA)
r%gg}ggg% Hourly forecast fields, 3-hourly for the Ensemble of Data
Assimilations (EDA), up to 18 hours, with reduced frequency up to
10 days (not in initial release)
Uncertainty From a 10-member Ensemble of Data Assimilations (EDA) at 63 km
estimates resolution
- Appropriate for climate (e.g. CMIP5 greenhouse gases, volcanic
Model input eruptions, SST and sea-ice cover)
In addition, various newly reprocessed datasets and recent

Input observations

instruments that could not be ingested in ERA-Interim

Variational bias
scheme

Also ozone, aircraft and surface pressure data

Satellite data

RTTOV-11, all-sky for various components

New parameters

ERAS5 contains over 240 parameters on surface and single level
alone, plus parameters on other level types. For specific parameters
please compare the technical documentation linked below.

A few parameters present in ERA-Interim are not available in ERAb.

P?éilné\eféegs For availability of specific parameters please see the technical
documentation linked below.
Handling of
accumulated Accumulated from previous post-processing
parameters
2.1.2. ¥

2121 g84d =4

A5 e

)
e s B4

o
rde

37 95td Py U-Nete] 7HAm=¢l

6‘]— /H

Attention U-Net®= @ (Oktay et al, 2018)< 0]%0}0214 U-Net2d & o]m|z] &4 d @ﬂZOﬂ A
A

oA AT e BdojH,
st e HAE T2 2
of A o]m| A9 M H= Aﬂ:l“* Bl ol & —%—%‘3}71 M
A1 5T of A
=2 o|n Ao A AFETFETE AR} A dEAA AETHE S
33k AadlEold W

of &3& 07 o]g3sl7] $sle U-net=do] o] &= o gtHFigure 2.5). Attention U-Net

A=

o) st ¢

-

4

=

3

i

Ao U-Net2do|Ax el mjAYZE Fr7}sl] Bt A E

| ABED UNet 9§74
223 A9 54 vade 59 gz F3 AFstel Y=
g mF Agdtel By A

%3
WEFsEA AES ARW AR AAL YAz H
A7)

wdolth. of el
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o |5 |8 _ialal |al g
g E 4 ’: f r x: > = %
el |= & 5%: = B3
- | = 2 e L ox) o= = g
al=l || & |8 _ Q]| |]] =TiE| |[E| 8
=18 [ Otz |= FE (R e
= ] |&] B I EE s (2] D
= x Raes Vx| ox 3
el o4 o o Vol e 7= R I, |y &
E I Q Q ' : Q Q.= B
o = g _‘;q L et e W (Conv 3x3x3 + ReLU) (x2)
B ERIE R ] (i ,
= = I, = i = i Upsampling (by 2)
i"- £ d’ Q:' ] f: mr' £ Max-pooling (by 2)
= x x x| x| ox x Skip Connection
o n = T el o e i .
5 3 = = PRy L, Gating Signal (Query)
_;T ;, " Concatenation
= x _/"| Aftention Gate
|

Figure 2.5. A block diagram of Attention U-Net architecture (Source: Oktay et al., 2018).

i W, lxlxl
RelLU 0'1) Sigmoid (62) Resampler

Fox Hox Wex D, . N
tp lxl).fl I ]—D[ ]—D X
'?"’ mIXH W; Hx W.x D,
— W, lxlxl 8 8

F[ XH;X W\‘XDI

Figure 2.6. Schematic of the attention gate (Source: Oktay et al., 2018).

HA A= Attention U-Net W1t JHAEQ EAAFe} #AZAFENA F&E Y
s 13t HE Welvty featured SAES FE3t1 3x3 dAFS T3S}
o AEAHEE FTMAIIEA #HoloE FIAZHT HIEY HAABoA e dFPA AHEH
feature?] EAFolA T3 ARl 715X E Tslal upsamplingS WA HFHOZE 2%

Fare] TIARE AEFYY. StolmuElu|E & optimizer+ adam¥4E LossE MSE$HFE
o] &3} al, Epoche 300, #lx] Alo]zE 82 wAde AHAEY WIS F11 <53t
AHAAFY FAHE ECMWFEF 2dzxtg el #=x3E Attention U-Nete] S&5AEE 0] 83517
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%%}@1 Figure 273 2o] ddA8E TAsAT. 2948 4292 29 19 7doz B3
22 29 1980 9FY A ARE 0§39, ASA4E ECMWFERARE o =6
Tiu TURRE ol g6l HHARE FASNKT, HARFY ERASS] ARE 377 HDe
TAAEE BAAEE FEHAC

bt
S

Training dataset

ECMWF

{CLR, MSL, TMAX, OBSERVATION data ECMWEF data

T2M) Model trained
N T | =)

OBSERVATION Leadtime tweek Leadtime 3week Leadtime 3week

(SST, NDVl) Tdays Tdays

Release
date

Figure 2.7. A diagram of input data from observation and ECMWF model data for Attention
U-Net model.

N7t 248 943 AA = Attention U-Net2d S HZ3td ugngE 7wto 2 v A3}
A FEAEE dEFAEQ ECMWES #3252 NDVL SSTAREE 75Y 7Fo2 #A3ARE
= A 9Fd A8E =289 ECMWFARE gty 3533 43d A22 g8
A5, ALz m A ERASA R Zl=Eh 3574 4FY ARE FAAG WdE 2
A& 93te] @A 5= Filter, Wrapper, Embedded”] ol 23 J#EA 5 & A= 7HA
S Hy

o

=} a}gaE}(Fgure 2.8).

v Decoder
% o -
Prediction ERAL
! = o e Unet TMAX ERAS TMAX

--------------

..............

|3 e .@;j, -
’ i

Figure 2.8. A diagram of trained datasets for sensitivity test.
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2.1.2.2 Filter 7|*4

RZE B4 JgEe] s9l Fiter 71He 2 A5 A, 94 A, a1 A7 s
Bolol A A= HEe] bz ojuA ZAAdAe HEQ] olF WE HEE AA
HolE} Al ReEe AASAY REHA WEs] s AEHT 7 Dalo] e 8

Ao P S AMEEtY Y HA e gAY JEeAE BE = oA oA 2 3t
T QRS A7 fE AR ZHE, oHAE REHA HEAY FE TR ATE
d8S 3la, 4AlF AN A EE AEAA @ Fuge RN SRAT L w2
FoTE Adete Aot A SEolA e dE NZE A HE dE HolE Y &
AS AzeAY wyste] HAw2 A 7=t AFLE T Attention U-Nete] Hlglo] ==
45 217 (Convolutional Neural Network, CNN)o| A AL&5 & AZFHA FEjdbgo] dExat
oA EAES FE3t1 B FREE Al F4% EATNES Addsted A5 Wrtst

12 skt wEks] ECMWE 2d Wl dS2s fsodA 83 54 dds FE31
A =5 Hristax st9 . ECMWES] MSLP, OLR, PREC, Q700, Q850, SST, T2M, TMAX,
TMIN, U50, U850, V200, W850, Z200, Z500 <} IZ=}5 o] NDVLSSTS ERALSS HiuL%
o AHde WPEEE FIA gBAHe] =L WHFTHE AMYsty FggARE FAEL
Attention U-NetR2l 2 AT A%< HwEAE7] 9ste] Fiter7|H<S A8t oHFigure 2.
9.

Testing data

Training data : Training data | Dimensionality
: : _ Reduction
!:'J>/ [ Search J \ :>

Feature set = —
@_Training data
_ _r ML Algorithm
feature set heuristic )
"merit" : : :
2. Hypothesis
: Final Evaluation
Feature

evaluatmn ] - T |
' y 7 Estimated
o8 " accuracy

Fi Iter

Figure 2.9. A diagram for filter feature selection scheme (Source: Hall, M., 1999).
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Rd/A=2g0] RE HE9 AEAARTQ ERALY Hu2meto] FAAMHES ]
TMAX, TMIN, T2M, Z200, Z500, Q850, Q700, MSL, PRE, NDVI, SST9] <=Aqd=Z 344 =
Ut Z4zke] EAo A £AHZE d¥HAEE wEo] Attention U-Net=2 9] JdHAERE 2

83} tHFigure 2.10; Figure 2.11).

o

L

8.14014

Figure 2.10. Correlation heatmap of observation and ECMWF model variables.

MSL

&

Z?"CI 280 290 300 3,'[0 BGdDU lUGIDUD m}bﬂﬂ *ﬂID =35 f3ID fZIS 7 ZEIM} Zéﬂ 300 3:E027U 280 290 300
ERA MsL OLR 1e8 TMAX TMIN

7

Figure 2.11. Scatterplot of correlation of variables.
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2.1.2.3 Wrapper 718

71A StgolAd W= By Fo] 34l Wrapper”] ¥
G255 AANAY Pt 2R 7lss FIEIAY A
Z1Holth. E AT = Attention U-Net=doA EAQE

~

e g
g
W

patA rlr u:°

o} Wo] o] &%= Wrapper 7Sl A Feature Selectione= W4 & o}

239 71 =23 WSS MYy, AYE HEEZ Attention U-Netmd S &3}
(Figure 2.12). Wrappert o= s 714 S o] &3dle] thust mdS Ads
Hrbele WHoly o RS AESte] ZH7e] d s tE Bl oY
o =g A= 1 dY B AFAE ged mdel Attention U-Netwts=2d
7] ol 2dd EAS o83 T B4 AEsHA gkt

Testing data

| "
Training data Training data | Dimensionality
: Reduction
— / { - J \ —

Feature set T
it t || /\ estimated @Training data
eature se accuracy . N

. ML Algorithm
Feature evaluation: ¥
cross validation '
. z Hypothesis
I
feature set _ )
+CV fold hypothesm Final Evaluation
>
ML algonth I
¢ Estimated
~accuracy

Wrapper

Figure 2.12. A diagram for wrapper feature selection scheme (Source: Hall, M., 1999).

2.1.2.4 Embedded 7%

Embedded 71" & Filtere} Wrappere] ZAHES A3 wHow Zpzto] HEE 23 g
%3, Attention U-Net= 2 9] A& %o 71040}%5 HTE AYste] A5 degHr=E A
g5t A5t B dFolA= 31]?4*‘ < 3% IAATY MU =2 AAUE 4] g
SAH?E vl A sk thFigure 2.13).
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Training

data : NP Model
——— > Feature selection + Optimization Evaliiatan

Figure 2.13. A diagram for embedded method for feature selection (Source: Trabelsi et al.,
2021).

Okt dEAse mE He Ao nE A= E

A-S- 1A skal Filter, Wrapper, Embedded ®WHeol w2 W

FARE TAST AFES vn AEHAT G dPARETY SHAZ
]_

o sevlE e A o MARLS A A g} tas

n2

sste] YAARE HA VARG FCEY 37
& T4 BRAS AneE0l ARE WAL FHES Foledth RA=E Hos) 9
o] ACCE EAWHS ol 83t tHEq. [2.1D.

2
A\
o
ol
o
bt
it
o,
A
N
ol
ol
N,

(

N

1 n , . .
E (S;ﬂg S’t)(Oyt_ t)
ACClt) = i [2.1]
1 n — 1 n —
\/zyl(‘gyt_‘slt) Eygl(Oyt_Ot)

o 7)1 A4 S= Attention U-Net=2olAx 4A+=4% Filter, Wrapper, Embedded ~7]®¥eol| &8¢
FEY &) T5d HuLEAFo|H, O+ ERASY HueExgo|t)

BN

2.2. THJ|Y, zu/iES 24 9 EFAAH BEHS 53 ol HA
R A
221 % U-Net =9 ARY 71F4= FdAA=

718 U-Net& 2015 Ronneberger et al. (2015)el oJ&) A <kE A} o™ (Figure 2.14), 223

o
Aol 718 Edolnt. U-Net2 olmAe] HAntAd EA ARE 7] A 5 4=
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(Contracting Path)¢] WES A9}t B3 A 93tE 913 ¥A 7 Z(Expanding Path)e] WES]=
5 UAE9 Ui FH=E zt=dl, 7]$ EofollA E857F =2 Zdoltk (Weyn et al, 2021).
239 A FoA = 712 U-Netoll Attention 2 Residual blockg #2Hste] A3 U-Net RS
= B E AdY dF 53X 7% W (o, H E AR, AP dFAES ANAdstaar
Pk 23d Aol A 4 U-Net= Table 2.39] A A5+t

(@ (b)

1646 encoder decoder 128 64 64,2 d decod
down-sampiin g block b do lock bi
Conv.+RelLU |,
Ld b d g bd = < -
Conv.+ReLU |F
$ o o IR =
»EDE - D B . i c RelU | c ReLU
Simplified
5 2 512 256 L)
" ‘ c ReLU | o) c ReLU
’I‘I l I’I.I Skip connection Skip connec: tion
2 m) Conv 3x3, ReLU (] conv 3x3, ReLu
3 . o 1024 512 ® concat - - ® Concat
I?“QI 4 | IIQ.QI 3 Average pool 2x2 3 Average pool 2x2
3 1 1 upconvaxz Conv.+RelU £ up-conv2xz

1024
I » I »

Figure 2.14. The U-Net which is used in the 2022 study. (a) is the original U-Net (Source:
Ronneberger et al., 2015), and (b) is the U-Net schematized briefly in the study.

Table 2.3. The U-Net models applied in the study.

Applied Model Key features
(1) U-Net Encoder.—decoder, pixel-level semantic segmentation, skip
connections

. Focus more on important features, focus less on unimportant
(2) Attention U-Net ones (convolutional block attention modules, CBAM)

Shortcut connections, easier to optimize residual compared to
(3) Residual U-Net  original, improve gradient flow, avoid performance degradation
in very deep networks
(4) Attention based-on Simultaneously embeds the attention mechanism and residual

Residual U-Net pmts into the U-Net structure for further performance
improvement

(2) Attention U-Net

oA AFI Hlel o] U-Net =EL image segmentationd Z2jo=z A<t
fully-convolutional 7%+ =& gej7} UAE S 2 context E23 M3 localizationS 93l A
oz FAFHAJT ol wks] A F 417 (Convolutional Neural Network, CNN)& <1312
NAZAE Bl 2go] Holx Aoi Zeksle] whE Yy wmdolt} (Oktay et al, 2018).

T899 F& HAAE BA AT He A 2ol gAl= FEol s, °olAd

=)
e
"
>

_19_



CNN2 o]u]x] A gle| 53] E3}5o] 9°™ convolutional layer, pooling layer’} {1t} U-Net,
U-Net++, VB-Net o] tiefstAl AMEEHTE 71 U-Netd st AS=E /i8] 98l
Attention Gate(e]s}, AG) &x]7} #2Fe Attention U-Net2 A <+l thFigure 2.15).

decoder
up-sampling block 5

(@)

x Dy

g S g
g9l | i = ik
gls| |E = § 2 Conv. + ReLU Conv. + ReLU
= P it = &
= = | [ o 3 )| [ = =
HElENERE A R EREE
SERER R O ialls i |28 - -
= x P ' x i
SRS RS _ g g —_— (S
= el E Drixizl |2 ol I (Conv 33 + ReLU) (x2) Conv:EReL I3 & Giony; = Retl
=) (A %X = :E:% kx g e I Upsampling (by 2)
o o T 2| 1 el o & Max-pooling (by 2)
g =[] []] 1=
N R RS E F 2 .
o RS [ b 12
&) (&) (B [B] e |
EglE ¥ Congatenation &
= [E ention Gate
2 I

f convaDTrans 22
§) Attention Gate

Skip connec tion
[ conv3x, ReLu
onv.+RelU | o) Conv.+ReLU ® Concat
J Max pool 2x2
]

Gating signal

Figure 2.15. Attention U-Net: (a) is the original Attention U-Net (Source: Oktay et al., 2018),
and (b) is the Attention U-Net schematized briefly in the study.

Attention W7} &S 201613 computer visiono| A A& QtHBahdanau et al., 2016).
Neural Networkoel 4] predictiong ®F=x Zo] Q1= o]s)alr] i AF&E AT} Attention
W7l &S d8el mE s 2AHAE dSFste Aol EF AEA § FFaer 7]
encoderol Ao oj®l kol HFdloF st=AE = WHolth 7]&9 seq2seqe IA AERE &
%3}= Encoder #8353} o]E E3] =2 DataE AA3s] W Decoder HEo2 UdEA Ao
< seqZseqe AFAT 9] HFE AFpolvt o Esty] wjiEel Ao E BE ARHAA S EHo]
AT AHo|| Zwteto A FHTD E F vk IF7] wiZo] A A FolAY FEHE Al
2 9 gskA] 3t B 5 o B AAE &4 LSTME A& of & 2-5ste 4+
7F B9k, LSTM (Long Short Term Memory)e] Encoderell A DecoderZ &97}= A A, A
gH= AHAA LAFHE A AESo] AVIA HAH 7€ &84 B Recurrent Neural
Network, RNN)e] #4142 long-range dependencies, gradient vanishing % gradient explosion,
local/global minimacl] =€3sl=d Zdx @& training stepse] € Q3= Aot} olef e
RNN9] #A1HEe thall A Attention W7l E2] 2 W F A WA= sequenced] =& F
oA connectionsS Zt7]ol 7]&2] long-range dependencies ¥A13H-S sfAsta, F HAE=
EE sequence’} sAlol trained H WA AL layerstt F7}= 7]l ©f o] gradient vanishing
7} gradient explosione EA|7} HxA| getty FAsE Zolth Al HAlE= RNNREUG train af
= He stepg L73t= Zolth. whebA, Attention 7P E o)A = RNNoA #| 719 thoFsk
TARES AAst7] Y8l Encoders] B AlHoA S 57 AL AHE ¥ugdo. 1
23l o] AlF A9 HolHES EF &8st AR &4S HAgdtges EAHS 2 th

5

ol Tl 7HE FAEE @l el VFEAE F= Aol 1Eal o] ARE Fxslo] oS F



S =Y 4 Yuk. F, AttentionS 283 Encoderdll A o] Z &4 Zo] tidk ARE
gttt Attentiond] H3E+= @A AHEHeH 7HE Aol ZAe o O& HFske Aolth
g3, BEAY HAER FAIEE AMRSTH FAIEE Foke WOl webal Attention®] F7F
7V @8k dY 7 A 22o)lE ¥F-S dot-producte]t}. FaE Dot-products W&otk WA
T HEE Fole T 9y = stUE 1 AU} Scalar zkeo] HtkE EAo] At FAIES

A4 $oll= softmax g Bl AstE FIdAT FAERE A5 AA HYYE oA
GES 0~1 Aol A WHejol7] wiEolth softmax A7t &5 AR o= T 24
Aejol g 7fEX7F AAT, AR or 1 oY A FFdE E3E Fo) dot-product

Z A& Attention scoreE-S softmax §h4=ol] ¥ o] A Attention Distributiong ¥ 4 Ut} Al
2+# Attention Distribution #t3 Encoder®] Hidden state®} 71532 T3l 4], Attention Valuedt
< 731o] Decodere] Hidden state 2t ®of] 1t 2 o] 1(Concatenate), ©]= output A4X+He]
inpute. = @ o Attention W7t Fo] wh-2] Enh Queryol thall oJ® Key7} FAFREA H
W3k, FAIRE HEYEle] ValueES AT A o] Attention ValueE A3l compare &<
2+ dot-product (inner product)”} ¥o] AF&% ™ Aggregatione weighted sumS o] A3+
=2

oAl @alE, Attention ®7FU &S Keye} Queryztol dot-productS &8 1o w2

T2 JFEXAE ARSI Keyol Ze valueE9o =g o =E Aggregation UlEFHS B
Attention valueg ¥HEo] F+ T &7} Attention w7t Folth. A= Query$} HIs=stH HI =&
TFE & UFAE Fo E89S F+= Zolt. Attention Gate (AG)E thA] AmstH CNN

71 A9t G4A 5 4 A (with U-Net), HAaghe] A4z Z7iel &4 wdeo] wzizs}
dZ ASe =S A $ Yt o]A& U-Netx= Convolutional layeroll ReLU <=7} A=
layer7} 3+ (pain .= CNNojA A EHF o T CNNiﬂr Z gk-& A o|H, dimensione] &=
7] WiEel vlE (d, A4 5 F)o] FAAIdTeE AL F, AgkEo] A2 FHANE AgEE
=Y F Jdoy “aA&Fog” il = A O]E}. olﬁ% layer7} ZojAW =l dj/fHE S
(parameter)7} H=3tA FEHE T FARRE A4F] FA (feature)’} HHEZH o2 FEFHEZ 7
A Hars Bol E7] "iEo|th o|AS /AstEH I A= Aol AGeltt. Hard attention3}
Soft attentione] ¢J++), Hard attentione &A| Ao = slo|glolEE FHE A A 7 =35t
n e Brlsstay AEetse QR sk WHH, Soft attentione Sy Z=Fo UAjF o=
taskell §El¢ ARE Fxslx ELQ3 HARE d ZFxses 8945 F+= 3ol EHoln

1>$4o
fmfﬂf

.

oy

[

QoA AF3Eo] FA4ZAQl AttentionS dot product® attentionS AAFsHA| W L2 A
(Oktay et al, 2018)> Z91dld I A<} stelel® Ao A7|& FL3A e & @ oAl
(attention zoomed Figure 2.16914 s 12tu] <k TiAlS A3t AU =2 element-wise A
ZxE FEE AxHEE f=3%9. I8 t3 ReLUE AA high activation?t 31 +
sigmoidZ weights}sle] HFZH O =2 Upsampling & I attention weight24 FHs)|Zch
(Figure 2.16).
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ReLU (o) Sigmoid (62) Resampler

S e

H,W, D, Hx Wix Dy

F; x H.x Wyx Dy

(b)
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g
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64x64x64 | " fiters=128 ‘ [eaxsaxtze] act g psi sigmoid xg  upsamplepsi
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Figure 2.16. Attention Gate: (a) is the Attention Gate presented in the original
paper (Oktay et al.,, 2018), and (b) is the Attention Gate expressed through
coding in the study.
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coefficientE® A=tHEq. [2.2] 2 Eq. [2.3).

dy =T o W2+ W, +0,) )+ by [2.2]
1
di’(xi,c) = Gz(Qit(JCf,gi;@at) ) , aZ(xl C) T eXp( ) [2.3]

A &g W2 (Linear transformation)< channel-wise input tensorel 1xIxl convg AR&3te] A
AHA T gukA el wdo A softmax EA3F &4, Eq. [2.2]1% F9 AFG,)E A3stE d)
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Oktay et al. (2018)1A4 AItE AGELS ZF U-Netdl E3FH FEx EAS 7=x3sh,
AGE B szt ey sjoA BE 7o 43S dEH AT wid Il 24
3l gradients= o HHak JHi Bt FSATE 2o o]AE Foixl A #EE I 9=
ZIRto g k2 #olojo mHE mi/fHsE HUOEY F JEF dF= Aot =3 AFE
9] feature map, & A WA skip-connection2 AG 7]l AFEE A et =, 139 F31t
A 4g dolHE YER A ¢=th deep supervision ARg3e] 3 feature mape] 7+ o]
A AL A uj2H oz PHEETE 3t} skip connection?] 2He FHEF Gl =3 9

i

Zo] ATFHHEE Ae WA 9€< st Ao

O

Attention AlAS A3, 1xUo 27 A8 7153, time-series B2 & feature ¥
2o 28 75 o] wjEo), Dual-Stage Attention o}o]tjojr} v}er7l= FoHLiu et al.,
2019; Qin et al., 2017) . =3}, Attention2 Zo] thA] Z3}H time-sequence’} Zo]A 4=, U
2 Agbe] e &5 Ayt FAs] At d#A ok Beam-Search ¢id]lE T& ARESH
A &5 A3 EAE 2w BRE = JAAT B SACA A8 Thesta, 3 —rxﬂd]
AE Ad EBrs3sit o2 £, Encoderet Decoder®] time-series7b 2 71 A% (A2
A, oF 20078 o] d# & uf), " stepuitt Zo} UriA AAsH By =A== o EAE}J_
gt} T1Ej A, Attention AJAIE HlolE oS i AT7F HlnA FHIHE AFREHIAGH.
Attention& A3 A Time-Sequenced| At FZ 4 At} AT dA o EAE =t} AA
tlolEl7F 100€ HH=ET AAHAE 5 S Zolgt AZPAR, 54 o' HolHe 200¥
Z dlo]E|7} Attentione] ¥ & 2 +% 7] wWEolgta Qin et al. (2017 g3t ol
tlolg 429 7Z-¢ Attentiono] & F2bstA Feth TS, tiFES] A F W o] CNN&
o] &3} AttentionS R &3}7] wFo, CNNS # &3} FEo] Dataseta} g3t =g o}y =
| FERJAAZ Fos] gof s AF39E . 18] a7, Natural Language Processing (NLP)
ele A7 F=, wEd Bﬂi, 54 AHAAMY A A Fol ASHH, A= SOTA
(State of the ArHE B4 Zo=x Hols HYE AAH =& (Shih et al, 2019), 1 ©°l¥
o] Zhe|lareg) 7t Wi AdFH ol A Ao AHEL&H HHALE ZolE 4 gloh. Shih et al
(2019) ol H}E% Attentiong o] &3} Time-Series Forecasting= dl= Z2 of& Al7]dzxet
As 7|22 Fad dolE gFA77] A8l H-E =)
T, d /Hlﬁloﬂ/ﬂ T7P9P EH‘% idls %]_‘F 2 Ay o F TAAE &8 T gltke Aol
}. WP%% %t 22 FA] 73 Fo 2 Xt AHEIT WA sk FHE 8T &)
al =
2 .

off

sk, Attention 7]%¥Fe] Time-Series Forecastinge #HA|ZA &=
I opF o =Ao] REsiota AFsA Y. 1A, seq2sequt Encoder-Decoder 7] \E2]
BI-LSTM |2 FA3t= Zo] A EA= 714 &2l &2 Time-Series Forecasting % o] &t
o}

(3) Residual U-Net

ey shee dolols A #e5E Aol Fobd Ak AVAT BAE dololF

:l [ = L
A #Ze&FE 7]€7] A4(gradient vanishing)¥} 7]€7] Z3(gradient exploding)e] €A YEk
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171 4A &t} olFA doloj7t ZoHsole A5

Az oA AFGE EAQE o]AL degradationo]gtal dch FA LW, 7|2 YEYA
2 layerg<= AA HOE Egsted 229 dolojg o AA 2y A

sol vt A oAl gl Zeke] #ololE ¢F B Aol ¢ woe AS YFEr] o
ot} 1#fA4 o] 3 degradation A siA3t7] a4 Residual Learningo]zt
SA23t (He et al, 2016; Maji et al. 2022; Singh et al., 2021; Zhou et al., 2022).

Residual Learning2 Figure 2.18b* = convolutional layer®] inputel] 3si9E3l= xak<
convolutional layer®] outputell ©hA| T]sll &S 24 convolutional layer’} input %t3} output A}o|
o] zo], & FAakE FFdhe HY JFE F JEF 3= 7IHe o vdth Residual Learning
S 9% input &= output #rell ©islE A& shortcut connection T+ skip connection o =
3l o]Z A residual learninge == FAE e @Y= residual blockelzta 3t
olwf input Zt3} output FF2S Tl3tEA dlo]E] 9] shape ¥ dimension X% #Zolol & Holt}.
3x3 =2719] kernel& AME3H7] W&o 3 d(padding) #*<S Fo Z7|E FAT & AYAT input
e AE 9 output #e AME 7 2R AV "Hoh o)’ EAE AT HsiA
input el Ad <} output #tel A FrF ZS W= input FS output Fhell IHE Gdt=
9™ identity shortcut connectionS 433t A'd 47} AZ & uw+= shortcut connection
RBENHE BEZ I1xl 7] kernel2 7}Z convolutional layerE AFg3te] Ad =2 =43}
+ projection short connectiong <=3 3}e] ©lo]E] 2] shapeE wZEtHHe et al., 2016).

Bl

80 Adeol vmA= AA (layeniH =9 HX7F 949 x7F ¥+ identity mapping
3t Holx Aol FAHA &e7t g Aol AUA T neural networkS A3 H3
F Feje] vAE sharolr] Wil Y] AR R Eopries WEko® SkGSlE Alo] A
‘Zkx} 8H5’ olgta b= Residual Learninge HX)7F obd =3 Qlede] xt

o2

—  —

identity mapping®] w]&EZkS 10]3 o] F W3] BgFo 24 backwardAl gradient &AE EAS
;AL 7 A He AolthFigure 2.18Db).
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Decodlng Res-block
@ (b)
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Skl connection
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é shorteut [ Conv(33) | stoeteut | Comvided)
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Figure 2.17. Residual block: (a) represents a general Residual U-Net, and (b) and
(o) show residual blocks in encoding and decoding, respectively.

O|AL AR £A48 HAslsA low-level featureE A& 4 JY=E = HAAZ,
identity mapping®. 2 Hzx d=8€dH AR FD)E vix|dteo] G+ Aeoltt (Figure 2.18b). o
Al A3, Encoder block®} Decoder blockS AAZ23tH, 7+ layerE 13 ollA Ho|= Residual
unite. 2 43t} ImageE SHAIZ Wl A FH oA shape-aware informatione §A& 4
J= Aol Jdom, oA A4t cost SHAAE o]Fo] It} shape-aware informatione
fully-convolutional network #3 oA multi-layerE %o} Zroll Qlo] =7] layere| filter= ©]n]
A 9] shape, edge¢} %2 location featureE FZ3l™, final layere] filter= ©|v] X< FEf
A HRBOE semantic feature (u7t A& AW FE2)E FEsHE o] Yt} I EZE layer
£ 45 u] Residual unit (identity mappmg)_fli Adstd o TetelA AW shape-aware
information, & F(x1))< final layerdl= H gk F2 2714 A}

Residual Learningell A st B S5 03k B2 8% A5 3Hbatch normalization)& Ak
83t AdElFigure 2.17b 2 Figure 2.17¢), ¥ AFdA & X A& A& & §
t}. He et al. (2016)9 4] convolutional layer 2 %ol batch normalization layerE i1, 1 ol
ReLU 35 HiA|8lA A& =dl, vlx] A3+ gradient vanishing¥} gradient exploding &
AE sfdsta A 3Hoverfitting) S Fol=dl EFFoletr EHA ATk WX A3t golof
+ "y WA S E G E4-e AlAkete] AstE sk, 2 g5 Al A scale
# shift gt& ShEsiA Xq?fﬁ‘roﬂ A ARSI S, wiA AsE dolols By iR T
2 P Bae B3 2312 3§, 1 3ol sh5H scale g HIla g5¥ shift S
Cete WAl o= H43E Flste dolofolt.
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(b)

Inputs | inputs |
| Inputs: | | Ineus |

. = | weight layer _y 4 | weightlayer N

Conv. + RelU ‘ Conv. + RelU J

block ; & ! !
| weight layer ; | | weight layer |

= N e S

D ﬁ | Conv. + RelLU W | ! [ Gonv. + RelLU W !
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""""" i m‘t ] E—

Residual block | 4 idual block 5\ X

Outputs
o

Skip connection Outputs |
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block | e} block B Concat
3 Max pool 2x2
< L — f convaDTrans 2x2
Residual block

Figure 2.18. Residual U-Net: (a) is the Residual U-Net briefly expressed in the
study, and (b) shows the residual block mounted on the Residual U-Net of the

study.

Residual Learningoll A sty ©f =5 ¥k & vix] A f3Hbatch normalization)& At
S3the A, 2 dAFdAE WA BstE AMESHA] ¥tk He et al. (2016)00 A
convolutional layer #]3%-of batch normalization layerE Fi, I FHo| ReLU &4E ujx|s]A4
AbEEl =, WiX A F3=  gradient vanishing® gradient exploding EAE A
overfittings &°l=dl A3 olgtal 4HA Atk WA A3t goloje mlY x| @9 = 3
T3 F4bs AlLbste] AfEtE Fcter, BE g #AH A scale g shift gkS SH<E3l
A Gtstel] A AMESTE &, WA A dolo= Py ulx] 99 E FEd BAS 53
ZF3E ¢ H, I 3ol st scale e Heha sk ¥ shift #S Ushe Wale

£ saake dolojolny

Figure 2.18= £ <AFolA =3+ Residual U-Nete.2 7|& U-NetolA Encoder %
Decoder F-¥-ol 4 layervlt} residual unit with identity mappingS &3+ Zolth 7]&9
U-Net2 Q9] &2 Fx=2 s} 54 45 HAAHo A &4do] dAysta, o= AAe
2 BEHFol 223 context AR H=E % 3Fa segmentation AFTE TAAT = EA7F A
t}. o]& 7fA3t7] 98l Residual LearningS €83 Encoder-Decoder %9 =d-& A3t
o} Residual Learninge &% &43 71€7] &4 EAE #Asted a48 U =3, <l
o)A down-sampling <4F& Zo feature mapel E3E I3 FRo| £48 AT
t}A] ZalH, Residual Learning 714¥Fe] U-Net o}7]El A= 7]& U-Net of7]E€lA ol 9ol A
A3 residual block 92& Egs= U-Netd] Wy ol7|dA gt & 4 Ao} ol#d
residual block $172-2 Vanishing Gradient &5 $3}sla WEY =9 AHEAQl AHeS A
7= °H =] 2 Aot o]H3 ®WHL 7]E U-Net WHol| H|s] segmentation ZA3}7} <F
12% 4= Jo= A+ 237 JoiChen et al, 2021; Shin et al., 2021a, 2021b). Lz} A
Residual U-Neto] A|ot® E2& o5 Fopoa e olg ojmx|e] £ EXEE Encodingsdt
7] 913l Residual U-Neto] =& At} 7] U-Net2 Encoder F&ol| 4 convolutional layer <=
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b Aol FEHE SAo] RISt 55 AL AA WFE BRSE o DeAon, B
=3 39 2% YREE AFANE FAE 2AE A g9 B

ZH 3ot weEhA, o]
AT A= Encoderell Residual LearningS &8¢k Residual U-Net-& A <tsl A thFigure 2.18).
kAl Residual Learninge] wiall A™st A3} 2 S MAsta, dEAQ
convolutional .2 WA= 54 &4 7|27 &4 A Ao a3Folojix of g Fofol A
Residual U-Nete] &85 31 o}

Zol 54 F% %Y

(4) Attention based-on Residual U-Net

HT UA A3 s A4 DAY AAE kst A Ak slol B =
& Residual Neti#} U-NetS 7|wto & s}, Attention WM|AYUSZSE 718t A5S 343817 9
3 AFEJ =6, Attention WAYZ S AFEste Tdo] oju|xe] FQ3t HEo ¢ HFT

NEF 53t B8 AHE TarA 5 BFEE 5o A onAE &8
Q Aol At Residual A2 HEY A ZolE ZVHA7|H %= gradient vanishing

G A TEs BoldHl dtH, oA HEHAV ¢ HolAxE Hss FHAZ
% 7

o
= T

= Aotk EE, U-Net 729 fFaAld, U-Nete 483 o] 7|7t hE g7
3 B3 483 Tx5 AlFsy] W&ol Encodere} Decoder 725 At 13| 4= o
MR & s LY F Avks Aol Aok 2gA, ook e R o8 A &
& Aol Ha, &4 oA 5 theksl HopoA 8= 2 9tk 1@, md T3 o] thi o
Hal diA o2 EFste] sk AlIRte] e de B2 AN ¥Ees #2E 5 Ao 539, &
TrEe] HolEAls ojm Ao AEE W T Bl FE Akl e A < U 2 AFT
Hhel o] R B 2l S wj ol 22 Datasetoll A E AA o] ARE FTHNE 5 S
om FEI dHolH7t fle A5 2ol MEE deolEle tfa] d¥tsstr] ol#E 4 Avke
@o] Aok E{3 mde W u/fHsE 238 9o, olF A= Ao olHE F
JoAA - vyl 7Y flole HAY AeS olEWI oHE & Aue dHol

A3 =
A71= 2 Aok & AT A= Attention based-on Residual U-Nete] tH(Figure 2.19).

E Ao A Attention based-on Residual U-Net2 <A Aw 3t Attention U-Net3}
Residual U-Net®] =39 2, residual block 123} attention W7lU&FS 25 533 Zolth
o] o}7|dl A= AR HAWrAR] Heg FEATL dY oA FZH wF o s AA
T o AHE B AusiA s d =80l 2 4 S Aolth o] Residual-Attention &}
& "WlAYZE Residual-learning®  Attention-blockS 7]¥te 2 3w F 7IAE  UHoh
Residual-Attentione] & gr& <FHboll §l= o|f+= #BFE Skip connectione] &A)3t7] ol
Main patholl A Optimal deptho]& 2] Weight¢} Bias7} A& Qo] =83t == st thd Optimal
depthell A 2] Outpute] HF=Z output (4, Classification -2 regression) oz dojzd < Q7] o
Tolth Self-attention2 A AlHzo] & A o] oJEHS Rddses WHo=E, Fo4
AX S} & A 1o Ao FLeA W THEAE AT S, 49 dololE v
Zrzx3t= residual function?} Ao FF3t attentions Ar83ste] AT o] 7hssithe

Aotk o] AL oA BY P o7 ovlx BAF 2 AP EAL ©S 2 mesn
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HHo gagd F AEF EoF] W o5 EoklA 4Rs Bel F&HIL e o

g
froltHLe et al., 2023; Maji et al., 2022; Mu et al., 2023; Zhang et al., 2020).

encoder decoder
down-sampling block up-sampling block
Residual block | - f Residual block

i
Residual block |F 5 Residual block
Residual block |f 5 Residual block
g Skip connection
(] Residual block
Residual block | m) Residual block B Concat
ﬂ Max pool 2x2
‘ﬁ‘ I convaDTrans 2x2

§) Attention Gate
Residual block Gating signal

{

Figure 2.19. Attention gate based-on Residual U-Net of the
study.

222 IFE BN %17S

zuj M (hyperparameten= E2-S AT o AH8A7F AH AAst= WFoly, It
v E(parameten)= E@e| 3hF oA APEHE Wgolth AW 2EdoA o2 A(epoch,
st 3)), vl x| Ako]Z(batch size, g+ Wl gFdlE ), <5 E(earning rate), 483 T
(activation function) 5©] Zwj7j¥ S 43 cHTable 2.4). 18l= ©A(Grid Search)2 Zujj 7}
HEE A8 A0 E WA HA9 sgrHE Zolrle 7ol agEE AAIH

shel ®eolxl Zolth Figure 22049 7t2Zo] Zujdsoln ASFo] ¥ $59 o), 2%
g4 gtol A7l HE 2 AESE e BAS Folof Ad: /AT o, Tel= BAE =
A oA Ueld o AEsE 94 FguE ddel WA, F £AHoR vy A4dd H AR
Fe %S Holt 2GS MIE PO BAVL F b B 4L W @e
27 g8l hse BE ZuAUS 2TE GAsE Eely] WEel A4 wgol ol 7]
= SAw mdo] g AW 2uANSE B ol g ALl AT wE H2
H

gy AL 27FA @Al e, AAMe HAY e e g s BEAo H

Zolt}. Figure 2.200014 Zuj/iH7E 0 ZA oA % k7 H gk

= < Zet a8y,
SR 95 #E BAse g3 FAdel AR e a1 AUAE Ae & F Aok oAH
asle g HAe g A Rate A9 A2 S+ Ao
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2

Figure 2.20. Grid Search: expressing the
method of finding optimal hyperparameters as
a function.

Salsof 57 WRe] Zo] A

=Ae &3 Wo] Hl& <
" 7 A, o & &9, Figure 2.20

akA] @otx He Zwjsd e A= "Ast= A
oAA otz =53 73 ARG E9ol golr] Wil HYHE Tk EAldAE B4
& a7t fle PR E =7sta 2l B ol#e PR 48] Wil
A g (A7 B)o] HlEEZogtar & = 7] "ot

Table 2.4. Types of hyperparameters in neural network models.

Hyper-parameter Explanation

one cycle where the entire dataset is passed forward and backward

epoch through the neural network for training
the number of data samples that are processed and used to update the
batch size weights of the model during one iteration. For example, if the batch

size is 32, the model processes and updates its weights using 32 data
samples at a time

how much the model’'s weights are updated during training, affecting
the speed and stability of learning

learning rate

the output of a neuron and enables learning complex patterns from
activation function data by introducing nonlinearity (e.g., softmax, Tanh, ReLU, leaky ReLU

etc.)
adjusts the model’s parameters during training to minimize the
optimizer loss function (e.g., Stochastic Gradient Descent: SGD, Adam,

RMSprop, Adagrad, Momentum etc.)
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Table 2.5 & AFoA HAT Zui/iHs 2F S E o] 23+ 50914 5007-A:1E, AH

el (random search) & g8]&A 5 Hl(range)E A2AT Zo] ofye}, ol Fte] wis= Z7}
A7 Aotk &, 50 theoll= 1003 o] AASHATE wiA Aol == 640014 AlFFSte] 128,
256, 1024, 20482 49| ¥wi+= A =, StEE2 0.0017 0.0001, 0.00001= 4783+
o], S3toll 0.0065 AFdstA =, 5 GAT HHe2s: HAEV d8d Ao=wE AW

At =3, SATEE H4slelHA Fe 2o wiHSs AAS 93 optimizer X A3}
e B dTdA o8 B9 2 FRE AARSA F B Fae M Bol A&8He
ReLUZ A A3}al, optimizere H 74 A%o] £t 48R Adame 2w AASIE =, o
Al F%F FA 3 §9) optimizerel thek I8t &4 AYdE Hed ZoE dAdHAn

Table 2.5. Information of hyper-parameters and their ranges set in the study.

Hyper-parameter Setting of the study
epoch 50, 100, 250, 500
batch size 64, 128, 256, 1024, 2048

learning rate 1le-03, 1le-04, 1e-05

223 AR 7% % TAAE

B AFoE 22@ AFoNA A8 THAZE ALESY =4, European Centre for
Medium-Range Weather Forecasts (13} ECMWF)2] S2S o = =& (Vitart and Robertson, 2018;
de Andrade et al., 2019; ECMWF, 2020)e} @4 dx dH A+ i =D Global Seasonal
Forecast System®] H 5 (¢]s} GloSea5)®] S2S (Scaife et al.,, 2014; MacLachlan et al., 2015)
ol olyg}, Meteorological Service of Canada (¢]3}F ECCC), NOAAS] National Centers for
Environmental Prediction (¢]3d} NCEP), China Meteorological Administration (]3} CMA) % <
=r(United Kingdom)2] Met Office (o]} UKMO) % 67§ 78 7]Fnd-S o] &3} tHTable 2.6).

Table 2.6. S2S (Sub-seasonal to Seasonal) climate models used in this study,
number of ensembles and period of hindcast of each models.

Climate model Hindcast ensemble size Hindcast length
GloSeab 3 mean 1991-2010
UKMO 7 mean 1993-2015

CMA 4 mean 1994-2014
ECMWF 11 mean 1998-2017
NCEP 4 mean 1999-2010
ECCC 4 mean 1998-2014
MME - Averaged 1995-2014

A 71ERde] 713 WM4E TMAX 2 TMIN (Maximum and minimum air temperature
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at 2m), T2M (2 meter air temperature)) MSLP (Mean Sea Level Pressure), PREC
(Precipitation), SST (Sea surface temperature), OLR (Top net thermal radiation), U50, U200,
U850, V200, V850(U and V component of wind at 50, 200 and 850hPa), W500 (Vertical
velocity at 500hPa), Q850 (Specific humidity at 850hPa), Z200 %! Z500 (Geopotential height at
200 and 500hPa) & <F 1671<1dl, ©] & UKMO+ MSLPS, KMA+ SST, OLR, Q700, Q850< ©]
4 4 glth S2S 4= 713 W] A7t == TMAX 2 TMIN (6AIZE 2HE 9] Al #H8)
S ALty ol (daily), 37t =+ 1565 (AE FEZoA oF 100km)e] AAF FEZ
A% 1200 2 A 2409 AR wEE %%EP. T3 GEE F AA AP dSF (o5
Hindcast) #}=.2] A4k W, A3 o = A 7H(lead-time), Hindcaste] 7|3t o= =59 A4k F7]
5ol BEF tEn.

S25 A& AR FFEL 7IFEDY 7T W ST O dAERE FUHE ),
st Al A Convolutional Neural Network, ©]8F CNN) W EQ =9 &5 2 AFE
A7 2 o] AE 7T RFe] 7S WG] GFE2 control¥} perturbationol Zd
Hskgeh o & E9, ECMWF 7|3 =499l 79 controlo] oigk 177 713 w9}
perturbedel] gt 177) 71& ®W<4=+= Hindcastol]l o] 117) SFE=Z F 18770 (11 ensembles X
17 variables)Z 4= ¥l ofyg}, o]jZlo] HA Zwd A=k (121x240) 7t ofyz}t 7|3F &
F7] 20 X46¥Y X529 & FAE 7] wFol|, readlopen ¥ & Eo ojE o] WA wt
A dEE U &5 BA4 1AL ¢s (control & perturbationol] A#gle]) 17/ MsEE g
PFE 1IME HFsg o vpzrA 2 GloSeas, UKMO, CMA, NCEP, ECCC 7|3 rdx Z}Z};
o] 713 WFHE AFEo] Hol HEF A st

o O

O o o
o 1o rlo

S25¢] MME (Multiple Model Ensemble) oZ #A59] A9+ £ A4 671 7/IE 7%=
do] 525 A& A5E EF ZAst MMEE A4bsiaitt 671 7 71+ 2499 Hindcast 713t
AA7E == HHE 19999004 2010821, 12:do] Exsle=z o] 7|7k MME 7Hs 7]
o g AAsr|ode UF RE3Ah 671 /1 7]$ 299 Hindcaste] BE 7|ko] ¢HHslA
Z3HE 2] ¢ gl= Hindcast 7]13FS FHdl 200 =37] 9J8l, NCEP ¥ GloSeas 7]% w24 9]
AFE 4dS A Goigt= 4] JHE FEPDo] BE wixE 4 fle 7o g 19954
oA 20149e HAHSAT. MME A&d-e ECMWFS ECCCO A#Y F 2odg 7]Fow
AR g Sof, 20189 19 49 Bad® ECMWFS ECCCO A&dglel, Azdol
m e, & 2wl CMASH NCEPS 19 493} Agte] @ 4 A% GloSeasst UKMOE 19 1
o] /\lx—}%}i ol 39 W dta 1Y 493 AFSHA dtk AP A SAITE (lead-time) = 7—.7—}
Edl, MME®S] A8 SAIFe 0L 2 AAsAT. T3, 525 oS A5E2 g &8
A Gz Wi (o, AIRE, AFSAZL, AE, AE, HeEE A" 53w d) HlolH
Z2 TSR

e

4 N 0o

~

A T4 A8 st TE 71707 H2E 7|7e /AE 71E5 99 Hindcast 717 ¥
MME ~7]ztel] wie}b z}z} ZebA =4 Hindcast 71%F AAo] thal 80%= & 7|7k, 20%= H| A~
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710 2 ALY o & &W, MME®] Hindcast 7]7Fe] 1995W@H-EH 2014 o] == 1995 &
E] 20108@7kA 1613 (80%)< =€ 7|xte =, 2011dF¥ 2014d71A 43 (20%)—0— HX2E 7|7F
o] ¥ wat AFE FHF3AY AT AY, =WdL CNN HEND 7= 5& 13T v =
2} A= (k-fold cross validation)& Al7to] o] ZAgled), B AFoAEs olH 75]& 183
4-fold 47) wat AFE FYPFod, TUdAF 7= Z“]:rl TFEO|AI T, o] AFolA &

T 9 AFY AMNE vEsle] gded T 2do) d¥EE o 94¥ 2 =¥ ZHle Ax
52014 160, 1= -50914 589 155= y= (BE)C=E 7271, x5 (|IBE 729 AAE 713
Folalol g o g HAsAT FdEd Fd 2de At ~Keras) E Bl ZZ9 (TensorFlow)
zHAHAIE AHEStF e, CNNY HAHstE 93 &43(oss function)= HH+Hd 2k
(Mean Square Error, MSE)Z Al4tE gl on, A 3(metrico) 2= € Harr]| &3 4o o gk
Oi}S’Jr A= FJr1E Ys ZAR fAE 2 HFH W2 2HRoot Mean Square Error, RMSE)

S Aste] SEATh A8 B9, oS A BTl AW oS Al A5 FEF
AxE el E487E At o Ha 2@ HAAV R JA LT FFoE SHT
St 2 d & Ao I A= ;‘354"3 2 WlE54e HAdBA S (Anomaly Correlation
Coefficient, ACOE Al4tste] H71s

r

-
O
—|—‘

N
Zd'xi,jdyi,j

=1

N N
[$105 (Lo

[2.4]

ACC; =

AZNA, = dSF Aol = Aotk Axpet Ay AA plA A dA=F73E
9] H ol (anomaly)olth. N2 ATAS A A=A} 7fg=olt).
0

_pJ

T3 8y W nde A3 a2 eF2 S2S 4 & A ACCe Hlwsto, 47) &
A U-Net 2do] wE ¢ 2 o= Axto] ACCY MA AHA=E (d, o F& 29 zHhE 44
olgfslz] fsl H7F A4 (ACO gk 74 Hl-&(improvement ratio)S ~7]& 5 4(skill score)
2 Aosta Hrrstgoh (Eq. [2.5D.

. A ¢, ‘pred —A Ccmw
skill score = [2.5]

i)

oq7]A1 ACCpreq= &9 =
ACO)°l 3L, ACCuwe

O%l—i—‘ *é%% Bk A5 (FE

of o3 FRAPH ZxM] A% Aes B A5 (Fd
d mdol gy A, 5
A @7He ACO°l .

U ok
oJ,
_‘d

o
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23. FAESE 7Y Ag @ mde| UPE 84
231 A48 A2 9 AAE WPy

2 dAFdAE Hed 2o A8E oY ¥R 9y €851 e MO Qlgxgl
RMM A4tell AF85+= Outgoing Longwave Radiation (OLR), 850hPa & 200hPa2] A3l= 4
W vk (U-component winds at 850 and 200 hPa; U850, U200)3} VPM 21d] %o AL&H =
Velocity Potential (VP)& AF&3F5th U850 % U200 A&+ AlEjo] F+=¥ ECMWF ERA5 |
B2 (Hersbach et al., 20200Z%E Axtd 1.5° Faid=e dd Hd ASE ALY
t}. OLRS AlEo] F+=% NOAA Interpolated OLR A&E &3t} (Liebmann and Smith,
1996). NOAA OLR A=7} 25° FENAERE AFE JQomzZ AL Uz HEES A
3 B WO E Histe e HEE BFo &E3UT VPE 200hPa A4 B HE vt
A4S AF83te] A4EEA T (Dawson, 2016). HAWM,E F 99 S 2(class)E 8714 MIO
747 Inactive MJO (Amplitude 1 o]shE =Z=g3th. A5 A= 71EH o= Wheeler and
Hendon, 2004°1A4 A€ WS & MJO o|99 35 F&FS AAS7] 28 F3E Al
7R el A7) Ad 2 Ad Alad AA WAHE AARELS Figure 2.213 2o Climatology
mean, first three harmonics7} AAHH, o]d 1209 HHF AA HAxpESo] ALACt Axg =
HEES 7o 2 EOF #4jo] 435, PC1 ¥ PC27F 242 RMM1 2 RMM2& AF&HTh
RMM1 2 RMM29] €& (origin o ZFEje] AT(F, amplitude; Z=)7F 1 o] A% active
MJO 2t Aot dth AE FF(Data leakage) EA41& F3tuz e AA2 & At A4t
Fd 71zt disiA FysF o EH VoA 4EH ARE AF F H2E AE4 FH

o
g3l F=314r}. Figure 2.22% HEFH o2 =5 7z MJO 949 OLRO| th3k of=dta] &
BARAES BAET 4 9449 olrA LE8F st AAEE JHEE olmA AR JiFE B
o ot

deid Rae &sr] YsiA EH(Training A8t TH o 2do #HF
(over-fitting)-& WA8t7] s HZ(Validation) A=E A&s 1, s HF 2D Prtst
7] Yl A Bl 2=E(Test) A27F A9 HAE A8E 2dS FdHsE o AREHA &S o
s EPHoz TR ABAMot B ApoMEs A5 £ W e md HeS H
Esty] 938 Alzbd &Eel(Temporal Split) % F2F9] #2](Random Split) ®WH& A& T
(Figure 2.23). Azt Egs AA AAY A5E T4, #4%, H2E A3E5 Z7F 1975-2005
(31'd), 2006-2013 (8%), 2014-2022 (O )o=2 W+, ¥4 & WHE 434 H5 73t

of el AR 2t 67% B 3% o] BT
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Figure 2.21. Steps of data preprocessing for filtered anomaly data.
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Figure 2.22. Composite images of the filtered OLR anomaly (W/m? for each MJO phase for
training (left), validation (center), and test (right) datasets, respectively. The number of days
available for each phase are given in the bottom right corner. Negative (Positive) anomalies
indicate more (less) rain.
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2006-2013 2014-2022
(8 years) T (9 years)

1975-2005(31 years) —+i+-

Training Validation Test

Random Split

2014-2022
1975-2013(39 years) 1 (9 years)

Training Validation Test

Figure 2.23. Data split strategy. (a) Temporal split, (b) Random split
method.

st ARESIH I (Kingma and Ba, 2014), %7] &<5E(learning rate)2 5e-3°2.2 A3} o
o, "] x] =Z7](batch size)= 32, o3 Z(epoch) = 5002 AASAI, JAF AAE s 27|
Z S (Early Stopping)= 10 epochZ AAsH 3, AH88 2dEL ylo] EX|(Pytorch)e] EX|H]H
(Torchvision)oll A Al &%= AMA S (pretrained)d 2dS ALE3IATH AFA Shgd 2do|#
ImageNet Aol dia) A 58 Zds @3ich AP 557 ¢ 2dS H2ES B
KA APH F5E Edo] O U2 ASE AT Wi ol &85t

Table 2.7. List of experiments for model sensitivity analysis on input variables, data
split methods, model architectures.

Experiments Conditions
RMM index 1 U850, U200, OLR
Input variables VPM index 2) U850, U200, VP
UniEOF OLR only

Temporal split

Random split

VGG16

Resnetl8, Resnet50

Wide Resnet 50_1, Wide Resnet 101_2
Variations of fully NoADD (no layer added)

connected layers Layer ver. 1, 2, 3, 4

Data split method

Image-based
backbone Al models
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Figure 2.24= B AFolA A &3 VGGle =R F2E HEAgFr. VGGl
Simonyan and Zisserman (2015)°] &js 7 P2 Tgd] 2d FxR9 Zol(depthhE F7F
NZHE ol Asol oJ9A F7tsteA ”‘34‘6‘}7] sl AP WHolth o HIWS oY
olm|Al &7 EAY AHAIGEE =Y AN AT Fo] i01 ZA 4% gradient vanishing,
exploding gradient, #2gt 5o & } A A Flo] 3|8 o7l AAdsE He AtE
Btk =3 VGG Rde gshgsfol & Ien el 71 ol Stgol W ARto] A8 %+
A7 Uk VGG 2do] AIHLS 7§43yl $lsiA He et al. (2016)= ResNets (Residual
Nets) =d-& A+3}Ath. Figure 2.25= ResNet =@ o] Residual 85 7+ZE HoEg, 2l
skip connectionolz} F2& &9 PSS =Ho| dAsted FAResidua)S stssls AdS

=2 19

=dstdnh olHd oW ASEE Uiz &9 ¢ %A SF A= dAEHA €
o}, Figure 2.262 £ dA+olA 434 &&3F ResNet 2 & % FC 39 o3t Hy HAS

O

Holzt 59 7ok 5 el e JieE 2Elste] v 7HA 8 FC &2 Bl2=Estiith

2w iAlifs

1R IE
e - - C OxEEsE

7 ElE T S e F

W Cosnbdions Ralll

¥ M= pegling
s Bty sonnesied cRel b
o Bufre

Figure 2.24. Diagram of modified VGG16 model used in this study.

X

Y

weight layer

]?(X) relu

Y

X

weight layer

identity
F(x)+x

Figure 2.25. Residual learning structure of
ResNets model (Source: He et al., 2016).
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« 7x7 : Kernel size

7x7 conv, 64, /2 » b4 1 # of feature maps

+ /2 : Downsampling by half

v Skip Connection

i // \\ PN N 7N RS
| / 7 " . / 5 ) / \ 3 7 N
| | / . / \ ; . / \ ; / \
{\ / Vo \ Lo/ VoS v/ Vo o \
: o ; . i 5
| / Vo Y Lo (T v L i | —
\ / vl Vg [ y ] Vo [ f |
y i vy Pyl L Vs 1 v i 1
\ N | W IR L 1/ iy o Y/ y
NOg sjEEiElEl s 888158188 &Y
" - : : i y o=
NN B FIEER R R LN L
el > > = > — S o ~ SERE Yo} ~ =
7, ! i > = = > = = = = '= o0
\->>—>8—‘> S» 6 % &» g—i> 5)54{»5»54» Spc%c»ci >‘+C»JL>C‘»CJ>Q-—>U MJO
= Q. o e} O | O = o o o < s} o o = [0} [e} o -
o s © o | © s © O O o © ol | O = Phases
v} m m ™ m |o: O ] o &
M 2 2 2 |2 m m m m m m m m ™ ©
[ o a & e Wl m X x| | X% mn X X X on | X x| | X
X X ™ Mmoo om X ™ mom X m M |,
I ) M o™

Figure 2.26. Diagram of modified Resnetl8 model and different versions of fully connected
layers used in this study.

2.33. FAESE 7% MO 914 £7F 22 75 2 13= H2E WY

Figure 2.27& Mean Teacher FA| =38ty WHel B2 E HoFEr}h (Tarvainen and
Valpola, 2018). Student = d-& X %=8}<¢: Teacher Rd-& H|XEshs H2oz SH&GHT
Student =29 &H @2 7= ¥ 59} Hlwsle Classification cost (Supervised loss; A
T3t &A)E Al4RsY. Teacher mdle X4 o5 HH(EMA; Exponential Moving Average)
(Eq. [2.6D)& %3 Student =2 Ietu]eje] U FEo] Jojrl= Whaog wdlol uleluE 7}
Aol EEITHS, Backpropagationo] 3= A ¢F+). Teacher B2 HlgtHAlE 5o tfaf A
ZE(inference)dt 1l o] = Student =23} HlwW3le] Consistency lossE A4Hgch AA A<l wd
2 Classification cost2} Consistency costE @74 1#3ste] g<5H ).

0,=ab,_,+Q1—a), [2.6]

Figure 2.28 Mean Teacher ¥ 18]& Wo 71£9 A5 =7 PHS HoFoh B A
ol & MJO9] 3 o]Fsle A wet 38 wrdoly gt AAE s A blunstAY 72+

HEE FE AR 374 PUEL HiEsG,

Table 2.8v FAETEF ¢1EFY o8 Fery gAEd ©E
. Batch size ¥ Labeled batch sizex= 72} A zpgol tigh vjx] =Z7|<} epddE 47 =
o oigk wjx] =Z7]E ZA3t}h Consistency loss weight= Z A cost ¥4-2] consistency cost
T 7FeAloltt. Consistency ramp-up2 FA 538t ZES 25 AZE of 27] 2 o
Ay e 252 Shgeth ol 27|HH HgpEE A5 HHIL AMSET 238 g%
ASAZE = 7] wEolth B AFoA= Mean Teacher =4 =8tsy dug|&S
of %3t} Pseudo-labeling ¢ 8]Z&S HZEF oY A Ay A4S Holx &

Mo B

il
i)

32 op o M oh f L

;Lrﬂmrloé
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prediction

3
¥ f
4CIaSSIflcatlon e ™ I [ | = consistency [ | I o
t t
t t

cost cost

6——80
exponential
moving
average

n

a

label input student model teacher model

Figure 2.27. Diagram of Mean Teacher algorithm (Source: Tarvainen and Valpola, 2018)

T R S E A e PramsiaraTrapealae Vi e fao 0 Srusnsetii:

Uikt weans fom GFRR G

§ ¥ B ¥ B N g 3 ¥ B ®» 5 ¥ P 0w n B =

[t gt T CO L E R e T AamzinndeliaslThaasmeas Sl omilHer s
fo et oo

Febb s S R E

Figure 2.28. Data augmentation methods used in Mean Teacher algorithm.
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Table 2.8. List of experiments for sensitivity analysis of SSL-based Al model on
model learning strategy, loss weights, and data augmentation methods.

Test 1 2 3 4
Batch Size 32 16 16 32
Labeled Batch Size 16 8 8 16
Consistency loss weight 100 3 3 100
Consistency ramp-up 5 5 5 10
Random Random Random
DA method ) ) ) ) No DA ) )
vertical flip vertical flip vertical flip

2.34. MIO 48% A=< 2% A3 oHA] dF AEAT = AL P

2 ATE Hsix= 2EHE OLR, 54 W& st uigade] 2a9 of=de] o|uXA &
F&3ut. FIE 71—34 7 AR AAR ofxdE] FREYE olygt wjio i HRE
A g5etr] HsA YAEE Y HEE F83ty HAESHOY AME HAE Fojug A
o7} . TH, HAZF, HZE 7|7+ ZZF 1979~2005, 2006~2013, 2014~2022\d<|t}. 7, 30,
60, 1204 2] ALA AAIE AEE go2(t+1Yd) % 7TL(+1~7Y) 9 o= RdH S H2AESH
o F7IE Y FH A5E F(weekly) H#3sto 4, 8, 125 A AR 1, 45 45 2dd
2EE FPtF oy dAdtEQl gy s 2 o Esh dYd Axe vlE FHEQD dAIEe] w5
Goxg. 48 d=& fsA H2EH 2d2 AAZ Simpler yet Better Video Prediction
(SImVP; Tan et al, 2022) ZdE AlFt o5 &oko A H4 =d(2023.12. 7]&)°]th. SimVP
weo] gated SpatioTemporal Attention (gSTA) RE-& AM-8-3}$ thFigure 2.29). gSTAE AF-3+

2ol Ee a3z o7 sh5stE o] el M(Attention) EEo]th Attentiono] & S H&H AA
AH e EokolAe P AlAZ29 ZF X7 AlA 2 E BEE JEH #HEAS AN ES
st A2 de] "olA ugts I dAIAFC] ALtE SEEHE Aot A2 & dAE
Zte o7 4 =2 3 7Y B dFdA e dY A5 4 a8ErF gE BE 8
oF BHEAPS AVRY 52 AAE 7?*15 RS e o= o8 F Ut = oE 3y
= PredRNN v2 =492 Predictive Recurrent Neural Network¢l <=#A17we] 3 FHolth

(Figure 2.30; Wang et al., 2022). o]& Al E3t# <l HARE F A 5}%?‘%}0 24 mefe] o] A]

£ dZste Zdo|th V&Y A YL Y Fo R S5 E = ¥k PredRNN 2l 423

FHOZ FgHFoH AFHH HRE A FEF52 Fg5drh SimVP 292 PredRNN
g5 F

of WlisiA St =7k A wWE FHS 7HA oY 7HA A o=t ojd e 7HIH
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SImVP model overview

puYoutpul Comy + Norm + Achivation

i

(WHI) I 6 64 640X

Temporal module

Large kernel convelution in gSTA

depthewise depth-wise dilation channelwise
conv conv conv

¥

Depth-wise Conv
Spatial Encodtr,’ Translator it Kpuml Decoder [~ +
Depth-wise dilation Conv

- 1x1 Conv
IxC ) ySTA © gSTA =mp T'x( ®4 @

H w H w . '
STA module

aSTA translator g

Figure 2.29. Diagrams of SimVP model architecture and its gSTA module (Source:

Tan et al., 2022).
ST-LSTH
Final PredRNN model with ST- LSTM [ e eos(ACh AMD)| ]
Xe -R-u-l r‘u—:’ :
t  —— 1 § """ 3
stasTa, | STaSTM . ] sTasTM i Ohutput Gate
= —"1 =& 4 iy
r M T #H? T : Hyy—
-—-| STISTM, } I SLISTM, Ec: H I snim.l-—- 2l
! s _ [
_..l snsm.} I STLSTA : fell I susm.l—- @_L_
T | mim, | T
STASTM, I J I STASTM, E"' Hi I STASTM ]—~
T Lar LI7 | e
Xey M A Mo 2 F
X, XH-I Xisa :
It‘.(mmm. |Cm£smq|-— ﬁ—b :
8 M :
Immm.l ' |C1m’L‘-IM|l M‘ :
- t
1 . ML 23 3 :
IConuL‘iTM_'I = |Cﬂml$lM | " E
4 Mid H L 4 :
—-b-lr_(rwl.ETM|| ‘--—»lcnmxsw.l o STM, :
Xy X A :

Spatiotermporat memory How with ConvE STM

Figure 2.30. Diagrams of PredRNN version 2 (Source: Wang et al.,
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24. A% 75H AFTASXAD, =¥ 7= B4 2 5y A
241 XAI 71 Hge % 2d BA

2411 2973 A3AT XAD

HelY mdoe mdol s 7h5Add slo] E Bl x(white-box), &3 4l (black box),
a# o] Br2(gray-box)E FEEATH 3HolE ¥as BEo YR 22AS oldsta AFrt UL
= Aol el A olsid & Aok EFutAE wHEo] YR 22 o] BExpste AdE dAst
+ A4S olsE & {ith. 1do] vtae SlolE dbxel Bl F3 mYlwE wdo Ui
T2 AARZEs FEFoE FAsta A AA AA S olsE Aok Held 2o Hgrg
A 2 A 7teAdS W E AgErt o5 B AW 9 4 Jlede Yolxith
slo]E  wlxamdle o xAbAA VT (decision trees), AF/EA ¥ 37 2 (linear/logistic
regression), K-means il k-Nearest Neighbors s°] ow, Ez Hlx wdlo QrAE

&,
W (random forest), #AE 71¥F W, 7 W EY Z(MultiLayer Perceptron, MLP), <=3H217 v
(Recurrent Neural Network, RNN), &4+ 417 "(Convolutional Neural Network, CNN), H &3
24 EdAIW(Transformer) So| Sth 1#o] vt~ mde u|olx|et Y E$ A(bayesian
network), x| Al ~®l(fuzzy system) 5°] ATHAIl et al.,, 2023).

oEL

A 745 e A-FA s (eXplainable Artificial Intelligence, ©]3} XAD+= S8t mdlof 9
2 <

olgislr] sl aekE WHolth XAl 7IHe 9 Y(scope), W E(methodology),

2

AR A
A& (usage)oll whel FE=Ethvan der Velden et al, 2022). <& <(scope)S XAl 7|HOo & o=
FHo 2HES F=A o A YUoca) A(globa)Z 1} 2t} WY E(methodology)= 43 A}
g5, 29 IFgvg F odd =& FeAe web dxskback propogation)¥ A E
(perturbation) 2.2 rth g e mdo] ol % o= golojdA dg golo7ztA 4
Aap A Ao TgoldE(gradients)dl 71RbS £ WHolH, A5 WHe d8€AsY F4E
el ASZAATE wsltsles S EA5kE otk AMRHE B EREE T W
A A (ntrinsio)? Peje] R dFo] Fd Fo BAS E48t= A FE(Post-Hoo) o 2

=t

B A= A 71Hke] occlusion 7S o] &3t MJO phase &7/ Zdo| 2 83FH
CHFigure 2.31). occlusion 712 d#€A 59 IE=(window) FH& ~Egto ]E stride) 7+ gk
T o|TetHA A 99 ARE 002 AYsta g4 S 29 FEies 98 Adg9A=s
o] Aol AolE o] g3y FE WSt T 5 EW(sensitivity heatmap of probability
changes)e 24 @ tH(Ordookhanians et al., 2019). Occlusione UHAZ 9| W3S T3 XAl &
A e 7R X B g gleon XAl 71W A&l oy Rdox X“lol 7he %k
Aol At} Captum ko] B & & (https://captum.ai)S ©]&3te] occlusion 7S TH3FS T
Captum z}olB#g]l= PyTorch golBeig]2 7y ey =do 28 7153 XAI 7IHME
A &gttt Occlusion 71¥ ]9 = Feature Permutation, Guided GradCam, Shapely Value %
okt XAl 7|WES A3t Tensorflow® /NEd Held =28 iNNvestigate zho]BE
(Alber et al., 2019) < o]&3stH XAl &£40] 7153}t

o
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- - .
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BLACKBOX |
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FHOZFER US. XA 7|8 HEO| 052 22U HE 7ks

892 days

window

Figure 2.31. Perturbation-based occlusion in XAl

2.4.1.2. £4A¥ (Loss surface)

Hed 2d Fde o B3 Nade &4XgoA Ay Hast (He e FAHol
o Jod R EAXFE S BAY F Uud, &4XF 24E BT 2d £ ZAY49 o
= FF, mdo] overfitting®} underfittingS IATdst=d =S e 4 Aokl et al,
2018). =3l £4AAY BAS Tl ©wd] HESD Holg S¥E AMSEE 2 A5 e
A Zata 23y AAE AMY 7 e A & F o, ke dAZA(residual connection)
£ AMgstA HA st AAo] A TAastEO AT HESAE FHET 4+ JdvkMa et al,
2022).

=423 =4& Skl Li et al. (2018)°] 7%k P tat: A=
(https://github.com/tomgoldstein/loss-landscape) & ©]-&3tHth &AA Y FEAde= dHEd A

HAAA A£G mH HFA, vloloj s o] ARt Basth

242. 989 2d ¥ 7= £4 2 A4

2421 AJEA 2 H7HEE

Y =2de] gepue 24, 39X AZE £4, o A w7t E 7IHES ol &3 2d A

= W4 € T "9d 2 uF 7= 243 fde stuA @ A B3 (feature
A4S 3 B9 A5 AstE dode e EAsta B Fx HAS S

A4 FF eSS BaA grh o] & fl8f ol (2023)0] At HHd vt 14 T2M
gty A gepuE 24 S 73 2do 434 B4 2d R

A BACE Yol AAEAT. 2E g5 AREE HlolHAlS 1965
W~2022d 713 F 589 ERAS AdXAE F T2M WHE4E ol &stern F=siido
(Figure 2.32). &3 do|HA-S g&(training)/4 5(validation), H2=El(test) HIo|HE FA 5o
AoH, gF/AF AssE 7IE HolHAL 1986~2015d F 301 d 7]17+e] dHlolHE AlE3ith
ol Ao g rde AHgx BAE ¢ 1965d7HA oy 7|xts FAstal 75353

= AT 71 ARE 42 Fo 7 U 3Y HERE U FE5AT
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https://github.com/tomgoldstein/loss-landscape

» Dataset 1985~2015 2018~-2022

Training/Validation data {7:3} Test data
/A\-_ N
(,./."'" =N
. J
1965~2010

Training date {7:3)

Figure 2.32. Training dataset.

d8d 7 1Y€ T2M o Z5de U-NET ol7|dx & 7|Hlo g L& on, 1% 9
E FE2& 98 dvtr oz AgEH = 2719 239 dAF @lo)o(@D convolutional layer),
433} @ o]o](activation layer), X A +3Hbatch normalization)®] ZAgT-=27} okl 2719 234
StAF #olojet ofHlAd HololE FAHE CCA EE(conv2d-conv2d-attention)& o] &3t th
(Figure 2.33). =3+ JHAEE= ERAS AEA 259 ERAS AEAARE o] 83t AH4AHE 15
climatology S ©] &3ttt 2dL tensorflows ©]-&3te] T3 THel A 7, 2023).

Input 2
| i
A,

skip connection

Input 1
v
|_

T Wiz, Hi2

b ¥
I
: —

T Wi, Hid

mi 1 _ Input data ' BiCervIDLSTM ‘ ComaD 11
A

1 Conv2DTransposs
! ' Com:2D3x3 oot e
|

| Attgntion Block Corcalerate

: >

3 Max pooling L | Dropout

Figure 2.33. Architecture of deep learning-based 1-month T2M prediction
model.

AL 98l 71E ged A AL JedE mde] T2E odM WAUZ, % d
WA TAUZEES FAOR SE,

B, #elol W & A 5 aelste] HASAL
L,



SE+BIGDATA+FLT2, CBAM, CBAM+BIGDATA, CBAM+BIGDATA+FLT2¢]t}.

Rde AA 14 ABE 0|85t 1d dSste REE 748U 84 = Rely,
SErulo] A= ADAM, d5EL2 le-4, &4%4+= MSE (mean square error), 7&%—_‘_‘. Aol 2=
3x3, #@lolo] &8-& MaxPooling, EHFol2ES 055 o] &3t}

299 HJrte 3F9 479 dIARNA FAHY N AAE Htst AL &F
of| =7k  ASOS(Automatic Synoptic Observing System) TE&xg2 A4FSE 382 Zk(above
normal, near normal, below normal)& HSS(Heidke Skill Score)E o] &3t Hrlslth Held
718 1Y 714 = 2dS o] &3te] rolling prediction methodZ ECMWFE S2S o Bz} 5 9
1-2F A5E dYARZE o] &3t 3F9} 475 Ao Z(reforecast)sF A Th. Aol =2 forecast,
hindcast At5 EFol HE3H T g5AgA 2016133} 201732 ASOS #=A5 =2 A4HsE 3
2o a7} glolA 2 st tHFigure 2.32).

Heid 71Nk Ui T2M dS2dS ded 29 yF 72 24 2 JHd A7 &85
a2 3k, Li et al.(2018)o] A|Qtsk &4AAE EA = Tensorflow= 23 ¥ =P -& pytorch®
A TF=3sta o]83sl3 . Pytorchol 4= Bi-Directional ConvLSTM2D #lo]o]& A& 3k golA
HEg Fste] o] &35kt
24.2.2. 24 yzuH

42 ghg}v] B (parameter)2} ko] 2} v B (hyperparameten) 2 T+ €t} I}
Fgol AHed HeolHERE =d dAS 98] FAHE s @i, sto]y vt
1=

E =Igl
B Hed RdES 98] A8AVE AAd T+ e @3th gdarE e 229 weight, bias
o] ol# gtetu|El= wjX] = 7|(batch size), -xE]wv}o]A(optimizer), ¥} E(learning

(-
i)

ol

o |
o,

rate), 9e1d 229 Heolof AAgk(eg., dHolole H =7 F)ol Atk MA A= st=E o
o AR 3 StFARE 3 W stsd F glo] Hﬂi]ﬂﬂ” g g W stF 7 Hol
Bo AE 5 udt. miA A7 E4EC] H4E He A9 HSgk(global minima)E 2t
= "l ZANA wA A7t ASaE EAE JJ/\EPE] ARe Zed fFHstAw g
SAZe] Eojves EAI7F AT

Figure 2.34+= @& 7]4 T2M o == QA (Figure 2.3)9] o= # o] o(prediction layer)2] v}
Zuk 270 #olole] EAsiiioltt. 71 L EE ool v SRS HF ASFHAFo|t. &
Ay AZtstE Bl BRd YWEFRE BYW 83 XU BESTE dSAgel dEgFS =

T dee HEnh. wEkA, steld ety T wjA=7], Holo] Y =S T 22

O

MAdAFE BAsta o =3, StgAs 58 A SFtlolH e Sk mE Uﬂ‘gl 7N o
BE BAstuA g sgalg e H2E 71Ee 2018~2022:d 0.2 2 V|t A8 E o] &3}
of mdl-g Hriatg thFigure 2.32). 20163 201738 HI2E 7|7kl A Al 9 stk
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Figure 2.34. Visualization of activation map.
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Figure 2.35. Example of scaling the number
of layer filters.

2.4.2.3. A W7lUF

CNN 7|¥te] dejd nde FAF #oloj(convolutional layer), 43} @ o]o{(activation
layer), ®lx] “d+fsHbatch normalization), =& o}F2-(dropout) & N qEAEE JHAE=R
ol {83 IAHE FEIte AAHS T EF(classification), ®A(detection), <=
(prediction) 5 EA o A s)dto] 7t5alth A F ‘L'ﬂoloih HE(filten) & o] &3t old ¢
A RANA AAHE FEoe 4SS S oA WAUSS Ao BH Fof StFol K83
A 7hEA(weighhE Fodt= WHES T3 & O K83 BRA JFste 7IMolth 94
W EdoA FE AMEE = o'l wWAYSS F3Hspatial) o ®lA, A'd(channel) oJ&ld 5ol
ATk B AFeAE tiEAFd Ad o'l 7P SE Y E S A(squeeze-and-excitation
network)¢} @ SRl F3F ol d-S 23k CBAM (Convolutional Block Attention Module)
& o] &3ty Held Rdeo FxE WHAsty B9 dFAHss 45t THFigure 2.36 ¥ 2.
37.
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Figure 2.36. The overview of SE block (adapted from Hu et al. (2020))

> B —

SAM
Ca
(Spatial Attention Module)
(Channel Attention Maodule) (Spatiel Attention Module) ‘

Figure 2.37. The overview of CBAM (adapted from Woo et al. (2018)).

2.4.2.4. I A5 &4

A F 2174 %(Convolutional neural network, CNN) #+x9] g&d & IHE(filtenNE %
B3t FAHNA  FHAMmeuron)o] FHAvHdead) E3Hsaturation)dts= FAol  olE ¥ X H-3
(feature collapse) &7do] WA gCHFigure 2.38). 99| oS4 & Eol7] HsiAs dHA=7}
convolutional layer, activation layer < &34 ¥ AU X3 &= o] AS+5F 2P
ZATE =Y F Utk F, H8d 2do] TEHAAPolA {3 AR dst=d Walirt
H AARHoZE TS ojA= 8<lo] A

dead neuron saturated
l’ neuron

..F

Figure 2.38. Visualization of activation map (input images obtained from
https://github.com/ismailuddin/gradcam-tensorflow-2).
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eature pair-wise cosine
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o714, c& Ad(channel) <, F$ F;= convolutional layer, activation layer
AA Ao =AE vtk FAR]D A=ZE 4

A ASE & F Ak
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3. &1}
31 A R & 2d 459 I¢=E 4
3.1.1. A5AR 549
Az Mg Bl Ao AgEE waA Hristr] fste Agx Jide] o# e &
2o thsfA Attention U-Net= =] d=#Ex8E ECMWFY ZHaAg9 #=x8<2 GPM %

TAEE DYHEARQOITL A EAE MR FAst, olFolA 159X = gFAEE Y
W2 bdX = H2AE A5E2 FAAS FA5H Y. Attention U-Net= 2ol A convLSTM2D 3§+

g olg3te] FAFoE HoloE FASIA activation relu 55 A3t 2dS TFAE
At £24%4= MSE (Mean Square Error) $H<==, optimizer ’%L—’Ft Adam ¥+E o] L3la
batch_normalizationS #-&3}% &1 HFZHo =z FTEtd 3F3 7¥ ZAFFART YeEsE

ERASAIRE T3 g5S Y3t Figure 3.1014 H5o
© FA7F BHEEE FH ZHHA Kosle AE B F
U-Net=2d oA Z EA0] ged 3F7HA AG=A &

= 4 Hento 2 kg Ay
o} Fwe] A$o+= Attention
7

A U-Net PREC ERA5 PREC ECMWEF PREC

70°c 80°t 90°E 100°E 110°E 120°E 130°E 7T0°E E0°E S0°E 100°E 110°E 120°E 130°€ 70°E 80°E 90°E 100°E 110°E 120°E 130°E

[ I I -
012345678490 20 30 234567890 20 30 234567890 20 0

Figure 3.1. Comparison of the result of Attention U-Net and ECMWF model.

3.1.2. Filter 7| & 9= £4 A3

#=2521 NDVI, SSTQ} ECMWFe] mE W22 ERALG9O] AAA S zAbslg T z+7te]
WA ERASS] Hu 5o a4 FolA 7HE 4 =2
F33t9tHTable 3.1). z+ze] W= TMAX, TMIN, T2M, Z200, Z500, Q850, Q700, MSL, PRE,
NDVI (Obs), SST (Obs)e] =AElE Aol Ehth AdAo] 2 HFEE M43}

i Zp7te
FZoA AAAo] H& £AHE Attention U-Net=do] JBAAEE FAst 5 213

SFA T
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Table 3.1. Index and variables of subsets for filter method.
Filter Y8 W4

TMAX(ECMWEF)

TMAX, TMIN

TMAX,TMIN,T2M

TMAX, TMIN,T2M,Z200

TMAX, TMIN,T2M,Z200,Z500

TMAX, TMIN,T2M,Z200,2500,Q850

TMAX, TMIN,T2M,Z200,2500,Q850,Q700

TMAX, TMIN,T2M,Z200,2500,Q850,Q700,MSL

TMAX, TMIN,T2M,7200,2500,Q850,Q700,MSLPRE

TMAX, TMIN, T2M,Z200,Z500,0850,Q700,MSLPRE,NDVI(OBS)
TMAX,TMIN,T2M,Z200,Z500,Q0850,Q700,MSLPRE,NDVI(OBS),SST(OBS)

il s i{alissilesiiwii@lNvs A

Filter 71¥ #4437 Table 3.164 RHXo] A9l Zle|18]el ECMWF AXY =g
TMAXE ©50= A-83te] ERASGSI El=ERY 353k ACC#rol thE EE d#do] =2 |
g 3453 Huexe ERAGY HUL%7t ACCRT E=¢kth. ECMWFS TMAXZES] ACC#:
o] 0.312 ACC 0.2t19] 4#A =& HEEY F54dx8Rg F3=rF =34 ECMWFRE
A o] &4 Fo] L& Aoz FHEtHFigure 3.2).

ACC
< [
[ N - ST, o |
o S 7 BT A |
» I
o I
o I
o I
.
= I
~ I

Variables

Figure 3.2. Trained results obtained from variables based on
filter method.

3.1.3. Wrapper 7|¥o] & 9= &

2
i)
(7

Wrapper7|'i1¢] 23S BA317] ¢t #=28 NDVI, SSTS 7|wte g ECMWF=d ®
EE o] &3to Attention U-NetEd S A& Hu 25289 ERAS HiueE 9 ECMWFH
Wy HAA2E A5E 7HA 38t 4k=3t3 thFigure 3.3).

o~

T

=
b
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Figure 3.3. Visualization of the
result of Attention U-Net by
wrapper method.
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44252l NDVI (OBS), SST (OBS)$} ECMWF 2= ¢o] OLR, MSL, TMAX®#H4=9] =gto
dHAEE TS Attention U-Net=22 9] sh53t M55 ERASS] Hi2=o} Huwgt
#7F ECMWFRHE S Hiur: ©xog ERASSF Hlugh Axeo ACCTF E3te A<
o JthHFigure 3.4). o] ol ¥=x37 NDVIOBS), SST(OBS)2} ECMWF== e OLR, MSL,
TMAX, T2M, SSTeto] BE x99 WL EAoA =9 ECMWFREH S Hu2xrth ACC
7 22 7S BoFA E3n s 3FAe] g Jeld Edo g9 ol Es HoFE
o},

me o

e

B NDVI(obs),0LR,MSL

C NDVI(obs),0LR,MSL, TMAX

: NOVIOE)SSTbOLRMSLINAY

E NDVl(obs),5ST(obs),0LR,MSL,TMAX,T2M

F NDVI(obs,),SST(obs),0LR,MSL,TMAX, T2M,SST
G(Model) OLR,MSL,TMAX,T2M,SST

035
03s
0.31
L 0.27 027
025
it 013
L ¢ Bed S
=
045 0.14 |
e N 0.o8
005 I
o
] E

F g H

Wariables

Figure 3.4. Comparison of the result of Attention U-Net by Wrapper method.

_5‘]_



NDVI(OBS), SST(OBS), OLR, MSL, TMAX, T2M, SST 9] 2¢O & 85
ket 23 7hE gl D9l NDVI(OBS), SST(OBS), OLR, MSL, TMAXe®] J=HWHsYd o 7H4
ACC7F v+ AL gt ©Eof Q700, Q850, US0, U200, U850, V200, W500, Z200,
75009 W& Hled saddE vlastaal stk wEkd HFAHARE NDVIOBS),
SST(OBS), OLR, MSL, TMAX, T2M, SST, Q700, Q850, U50, U200, U850, V200, W500, Z200,
7500 dHASE FAstL 2E W U7 shae s ti(Table 3.2).

Table 3.2. Index and variables of subsets for wrapper method.
Wrapper J8 ¥

TMAX(ECMWE)

NDVI(OBS),0LR,MSL

NDVI(OBS),0LR,MSL,TMAX

NDVI(OBS),SST(OBS),OLR,MSL,TMAX
NDVI(OBS),SST(OBS),OLR,MSL, TMAX, T2M
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, TMAX, T2M,SST
OLR,MSL,TMAX,SST

NDVI(OBS),SST(OBS)
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, T2M,SST,Q700
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, T2M,SST,Q700,Q850
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, T2M,SST,Q700,Q850,U50
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, T2M,SST,Q700,Q850,U50,U200
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, T2M,SST,Q700,Q850,U50,U200

U850
NDVI(OBS),SST(OBS),0LR,MSL, TMAX, T2M,SST,Q700,Q850,U50,U200

U850,V200
NDVI(OBS),SST(OBS),OLR,MSL, TMAX, T2M,SST,Q700,Q850,U50,U200

U850,v200,W500
NDVI(OBS),SST(OBS),OLR,MSL, TMAX, T2M,SST,Q700,Q850,U50,U200

U850,V200,W500,Z2200
NDVI(OBS),SST(OBS),OLR,MSL, TMAX, T2M,SST,Q700,Q850,U50,U200

U850,V200,W500,7200,Z500

Z |Z2|R—— "™ moo|w| s

@)

[

WHao] Zbzbel Ao|A R7bA! 7he|are] oA ECMWE ©
7He 28] DI NDVI(OBS), SST(OBS), OLR, MSL, TMAX
S tHFigure 3.5).

EE} ACC7} =&
24 st

rlr 1{1

Agﬂ

Hif ox
o
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Figure 3.5. Comparison of the result of all variables by Wrapper method.

3.1.4. Embedded 7| & Qs 4 2

i)

Embedded 7]'-& ECMWFe] RE W5 o] &3lo] Z=et] 353 7Ue] tid ERA59]
Hug=dd tal A BFAAS ol &t FAAFE AEIAT FAATTAA M AT =
e EHUE M4E FE31 Adgsigt. #2429 NDVISH SSTE #3427) gl Ao
NaNgto 2 2 Ao A= WA )¢ skl chFigure 3.6).
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narme

Figure 3.6. Correlation coefficient of the variables from ECMWF model by
embedded method.
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AAT TLEAA B "Wl A U850, U200, V200, 2500, 2200, TMAX, TMIN, T2M,
o) 2%/} Bopq MUS UL F2 WSS RE 2@ mE S Az
g w&shel WlashgitHTable 3.3)

<
(o]
3
© u
£
&
ol

Table 3.3. Index and variables of subsets for embedded method.
Embedded 4 HS

TMAX(ECMWEF)

U850,U200

U850,U200,V200

U850,U200,V200,2500

U850,U200,v200,2500,Z200
U850,U200,V200,2500,2200,TMAX
U850,U200,V200,2500,Z200,TMAX, TMIN
U850,U200,V200,2500,Z200,TMAX,TMIN,T2M
U850,U200,V200,2500,Z200,TMAX,TMIN, T2M, V850

— |4 O™ EO 0| | >

H w824 A3 Filter”]® 3 #Zo] ECMWFe =d &% Hue% ACCHol 714 £88 ¢
T Atk ol AR}E gAYy gEe Had BPO Rk A& o] Ak
Aoz AdHE i Figure 3.7).

Featur
" T m

[=]

0.05

o
=]
@
o
[=]
o

0.35
ACC

Figure 3.7. Comparison of the result of all variables by Embedded method.
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3.2. FH/Y, 2u/ldHSy =24 9 EI3AA BHS 53 ol7|HA
S

3.21. &% U-Net =g =

712 U-Net& 223 AFolA ALE3E 7|5 2dold), o]AS nfgo g 221 AXoA AF
g Attention Gate (AG)E 7IeX ¥ 54 BR AG o=z F7tste] Attention U-Net& =
g3tdt. 53], 7] U-NetolA  UpSampling2DE Conv2DTranspose® W74 3}t
Upsampling2DE olm A o] 7tehgt Shofiut $333}A %k, Conv2DTrans-pose= AY-S 353}
adrAQl A F A4Hconvolution operation), & conv2de} FYI ALFS S5y W Eo
=, o7t stz FR7F e Upsampling2D th4l A2bsty 7153 HARE A8 }}%
Conv2DTranspose®Z AT =EFH, 7]<= U-Nete] AveragePooling2D ti4! MaxPooling2D 0. =

AstAth . AveragePooling2D= ¥ ©TlolE 9] BH3te 73k MaxPooling2D+ 4# dlo]
Heo Hugks +3t=ul, AveragePooling2DE MaxPooling2DRth o] @& HHE FA|3HA| T
MaxPooling2D+= H-% At EAS 23 F oA, MaxPooling2D7} © ®o] /\}J‘lHOi/H
AveragePooling2D th4l MaxPooling2D 0.2 A3} t}. Residual U-Net2 7] U-Nete] &4
#lo]o] (convolutional layer)¢} bottle neck®] A+ #lo]oE& ZF residual blocke® 44 }
A I &= skip-connectiono] Figure 2.2 % Figure 2.59} #©] bottle neckellA $HH T
skip-connection &= Ao 2, A¥gSs AR E4ghol HalF+ W2lo)r] i ddu ¢
oJojE 4ol 2tirt bottle neckoll Al YHFkS IHE wrobx] Al RO T Hdstr] o
ol &5 F dF Adsol 71E U-Netith & 2102 qA=EAet 23 vlwd sisk
T} Attention based-on Residual U-Net> 7]& U-Neto] A5 d#eolol2 o4l 7] AA4H
Residual U-Net2] residual block®. 2 <=#3}3 decoding, & % H-Eo] Attention GateE F
7}, & Attention U-Net3} Residual U-Net& Agsle] 7+ 95390

3.2.2. agE g4 Qs =3 & s

I

Zul/N¥ 4 (hyperparameter)= AME2l7 2dl 8t5S 93] MEHoZ MAT £ Y=
HEE A T FEolgtix olafld & Aot shF é%% 7&*33}—‘5 e b R R B =L
X

o

A, o)A 7}%} 2
° = = B4 9y ]?Jrl’ 2.2.2 /Hl"doﬂ
A FRth 28l= &A(Grid Search)> Zul7/ld42] MLl 1148 Al =2 ZF HHY
=4 3| E Z7] wZo ZuiAse] Frt Frrdel wek

3t ] 43 HES AADo
< HAtE Aol k. A, B AFdAE wd
I e FES 283 I8E g4E 2upvids A WHoE AT oW Ho]o

0
N
=
N
9
X
BN
AL
2
es

N
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Zlo] @ HE Z(filter number), & #A'd Z7|(kernel size)= o}7)8x 9] 5 L o= A5
gt FEFE H A=, B AT golo] Hole VB ZolE AAFFPLeH 7] IH
29} 64, 2717 A2 AAYPEY AF}E 3282 AASAT. F L3 ZupHe 23S 13
} wjo] =7] batch sizeo] w2 [64, 136, 256, 512, 1024, 2048], &t<5 31 epoche]
50, 100, 250, 500], &}<5E(learning rate)d] Wi [le-3, le-4, le-5], ¥4+ dlolofollA
filter number (%, kernel size)e] W& [32, 6412 SA =& ths| for loop T-& &3}
HHE gt s Itk 18 E "M 2uiviEsY A 2F¢E ECWMFY AldW
Hure 2 Z4 T4 230 L3ty g5 E, fxAtolzx 2 AHEd B3 U-Net =do] u}
gt g5 9 HE &A% WHskE 47 vlustdtt (Figure 3.8 to Figure 3.1D).

(b) Learning rates

w
n
1 s
— Train(1e-03) 0.91 — Tain(1e-03)
—— Train(1e-04) —— Train(1e-04)
= Train{le-05) 0.84— Train(1le-05)
0.61 --- val(1e-03) ——- Val(le-03)
—=-=- Val(1e-04) —=—=- Val(le-04)
-=- Val(1e-05) 0.79 - val(1e-05)
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 3.8. Comparison of loss function changes to learning rate according to
hyperparameter combinations in the study.

Figure 3.8a2} Figure 3.8b= Z}Z} ECMWFQ] H 17| L3} 3ol tis] &3 U-Net 471 (7]
U-Net, Residual U-Net, Attention U-Net, Attention based-on U-Net)oll A Zuwj7j¥H<s =3
St A5 e 5 E wel &4 HstE Hug Aot Hav|e P oA B
-Net =33} vjx|Afol= Zgtoll il otk A3 HdL g5E 1e-03 (0.001)o A &
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& U-Net =3 st5& ol diell a4 A3 JHS mjx kol = 64042 FdI HF

s}t < HjAAbol= 128, EEAM 2 HiA|Afo]l= 256, HeEpAle Wi Abo]l=

A A2 Z4Zy mj x| Aol = 10249F 20489 T B AT £ WH3E Bl

& oty Tdd Ao ik &4 Wdle steEolAe A S FASEAAIRE B A A
]_

o|z7} 714 A FAE WA= 2UEANAE EA 15 ol Tl EAT AZ U &
A% 2l

el &
T 5 Quh EF wjx Aol zo] uhe} £UFS W)

% |
Zo 9FL VNA FEva 33 z
Newt B FASRAT £ARF AAZE T /IFUF BN X Afo]= 64004
ehgeh

(@) Batch sizes (b) Batch sizes

1.2 — Train(bs64) 1.21
— Train(bs128)

—— Train(bs256)

—— Train(bs512) 119
Train(bs1024) o)
Train(bs2048) % 1.0 T Te————— L R o ma o

1.0
L
g —-- Val(bs64) s =
—=- Val(bs128)
0ia === Val(bs256) 0.9
—--- Val(bs512)
Val(bs1024)
0.6 Val(bs2048) 0.8
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 3.9. Comparison of loss function changes to batch size according to
hyperparameter combinations in the study.

Figure 3.10a¢} Figure 3.10b= Z+2} ECMWFS] #Har|23 7

= 77 o
A zuEs 238 e 4% 3% UNet 29 47, 7

el =7 U-Net 47]9
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L = =

1& U-Net, Attention U-Net,
Residual U-Net, Attention based-on Residual U-Netol] @& £213k40] W3S Hw 3 7o)t}
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BE SEEI WA Aol mFol sl sheka WA M4
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1.2

— Train(U-Net) 1.2
| Train(Att U-Net)
1.01 TR e —— Train(Res U-Net) w11

% \ Train(Res Att U-Net) v S e
= — -== Val(U-Net) 1.0 CEE L S
\__/ Val(Att U-Net)
0.8 —== Val(Res U-Net) 0.9
Val(Res Att U-Net) '
0.84
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Figure 3.10. Comparison of loss function changes for the four extended U-Net models
applied in this study in hyperparameter combinations.

g g AT =3, AH
g W3t FFE A 2up/ESE StEEol M WAL wjA Aol 2y dlEaE AR
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Figure 3.11. Comparison of changes in learning rate in the extended U-Net applied
according to the batch size by extracting a low loss function: the x-axis shows the four
extended U-Nets, the y-axis is the loss function. (a) is the S2S maximum temperature of
ECMWF and (b) is the S2S precipitation of ECMWF.
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Figure 3.12. Comparison of ACC of ECMWF S2S daily maximum temperature tested in
the four extended U-Net models selected hyperparameter combinations in the study: (a)
ACC for the entire 46-day forecast frequency of ECMWF, and (b) is zoomed that ACC
from 7th to 21th day out of the total 46-day period, and (c) is zoomed which the ACC
from the 21st to the 35th day.
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Figure 3.13. Comparison of ACC of ECMWF S2S daily total precipitation tested in the
four extended U-Net models with selected hyperparameter combinations in the study: (a)
ACC for the entire 46-day forecast frequency of ECMWF, and (b) is zoomed that ACC
from 7th to 21th day out of the total 46-day period, and (c) is zoomed which the ACC
from the 21st to the 35th day.
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Figure 3.14. Comparison of weekly PCCs for ECMWF S2S daily maximum
temperature (a) and daily total precipitation (b) tested on the four extended U-Net
models with selected hyperparameter combinations in the study.
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Figure 3.15. Maximum temperature maps selected for 7 days within each week from the
46-day prediction frequency of ECMWF S2S maximum temperature predicted during the
test period in the four expanded U-Nets with selected hyperparameter combinations. (a) to
(d) are from week 1 to week 4.
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Figure 3.16. Precipitation maps selected for 7 days within each week from the 46-day
prediction frequency of ECMWF S2S total precipitation predicted during the test period in

the four expanded U-Nets with selected hyperparameter combinations. (a) to (d) are from
week 1 to week 4.
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Figure 3.17. Summary of model skill for MJO phase classification with the test data. Colored
bars of each panel show the test accuracy (%) of the models. Left panels are the results
with RMM input variables (U850, U200, OLR), center ones with VPM variables (U850, U200,
VP), and the right ones with OLR only. The upper row shows the results with temporal split
data and the lower ones with random split data.
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Table 3.4. Accuracy of SSL-based model in the test data for MJO phase
classification for different data augmentation methods.

Data Augmentation Method Accuracy(%)
No DA 79.37
Horizontal Flip 77.05
Gaussian Blur 77.96
Vertical Flip 83.15
Gaussian Blur + Vertical Flip 80.92
Random Perturbation (-0.01, 0.01) 76.78
Random Perturbation (-0.1, 0.1) 78.01
Random Perturbation (-0.1, 0.1) + Vertical Flip 79.92

Table 3.5. Summary of SSL-based model skill of the experiments (cf. Table 2.2)
for MJO phase classification with the test data for MJO index and different
labeled samples.

) Labeled
MJO index Testl Test2 Test3 Test4
samples
900 78.20 70.32 53.30 69.56
78.97 77.38 74.67 78.97
87.28 81.52 72.12 87.03
RMM 4500
87.31 86.39 83.32 87.06
83.29 88.00 85.63 82.01
8100
83.26 89.89 86.67 82.68
900 80.91 69.13 73.91 80.49
80.91 79.15 77.87 80.79
87.46 86.67 82.25 87.28
VPM 4500
87.06 89.50 85.39 87.64
82.77 91.02 89.47 83.81
8100
82.71 91.45 89.71 83.74
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Figure 3.18. Bar charts of the SSL-based model skill of the experiments in the test data with

comparison to supervised learning results (baseline) shown as horizontal dashed gray lines.
Colored bars indicate the experiments (cf. Table 2.2).
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Figure 3.19. Monthly and seasonal SSL-based model performances with the test
data for MJO phase classification grouped by active (orange) and inactive (blue)
MJO cases. Error cases on the y-axis indicate MJO events misclassified by the

model.
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Figure 3.20. Monthly and seasonal SSL-based model performance
heat maps with the test data for MJO phase Cclassification. The
number of errors in each grid shows the MJO events misclassified
by the model.
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Figure 3.21. Predictions of OLR from PredRNN v2 model for pre-sequence length
of 7 or 30 days and after-sequence length of 1 or consecutive 7 days with
reference (Trues) from NOAA interpolated OLR data (left column).
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Figure 3.22. Predictions of OLR from SimVP gSTA model for pre-sequence length
of 7 or 30 days and after-sequence length of 1 or consecutive 7 days with
reference (Trues) from NOAA interpolated OLR data (left column).
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Figure 3.23. Predictions of OLR for different sampling strategies from SimVP
gSTA model with pre-sequence length of 120 days and after-sequence length
of 1 day with reference from NOAA interpolated OLR data (left columns).
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Figure 3.24. Composite data of the filtered OLR anomalies (training data).
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Figure 3.25. Occlusion analysis using results predicted from test data with the resnetl8
model (window 10x10 and strides 7x7).
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Figure 3.26. Occlusion analysis using results predicted by test data with the resnetl8 model
and the deep learning model after applying semi-supervised learning: (a) XAI result of the
resnet 18 model with window 10x10 and strides 7x7, (b) window 10x10 and strides 7x7, (c)
window 5x5 and strides 3x3.
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Figure 3.27. Visualization of loss surface of Densenetl2l model with
0.1 learning rate, 64 batch size and SGD (Stochastic Gradient
Descent) optimizer.
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Figure 3.28. Visualization of loss surface of Resnet56_noshort with 0.1
learning rate, 64 batch size and SGD optimizer.
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Figure 3.29. Visualization of loss surface of Resnet56 model with

0.1 learning rate, 128 batch size and SGD optimizer.
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Figure 3.30. Visualization of loss surface of 1-month T2M
prediction model with 0.001 learning rate, 16 batch size and ADAM

(adaptive moment estimation) optimizer.
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Figure 3.31. Plot of model training results by batch size.
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Figure 3.32. Plot of the comparison of the ACC by season.
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Figure 3.33. Plot of the comparison of the ACC by year.
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Figure 3.34. Summary of the HSS assessment of lead times F1(W+3) and F2(W+4) for 6
models: (from lef)ECMWF, DL-SE, DL-SE+BIGDATA, DL-SE+BIGDATA+FLT2, DL-CBAM,
DL-CBAM+BIGDATA, DL-CBAM+BIGDATA+FLT2.
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Figure 3.35. Summary of the HSS assessment of lead times F1(W+3) by year for 6 models:
(from  lef)ECMWF,  DL-SE,  DL-SE+BIGDATA,  DL-SE+BIGDATA+FLT2,  DL-CBAM,
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Figure 3.36. Summary of the HSS assessment of lead times F2(W+4) by year for 6 models:
(from  lef)ECMWF,  DL-SE,  DL-SE+BIGDATA, DL-SE+BIGDATA+FLT2,  DL-CBAM,
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Figure 3.37. Line chart of training loss of deep learning model.
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Figure 3.38. Feature pair-wise cosine distance analysis of deep learning model.
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Figure 3.39. The results of the feature pair-wise cosine distance analysis of the
deep learning models with the SE block.
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Figure 3.40. The results of the feature pair-wise cosine distance analysis of the
deep learning models with the CBAM block.
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Figure 3.41. Design of CCA block.

Feature pair-wise cosine distance N Bottleneck

LTI LTI

0.50

0.45
0.40
0.35
0.30
0.25
0.20

asdeyjjon

0.15

Feature Cosine Distance

0.10
0.05

0.00 DILEENN
0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00

Normalized Layer Index

DL-SE =~ -=-DL-SE+BIGDATA  -=-DL-SE+BIGDATA+FLT2  -e~DL-SE+BIGDATA+FLT2+BTLNCK

Figure 3.42. The results of the feature pair-wise cosine distance analysis of the
deep learning models with the SE block after changing the bottleneck block.
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Figure 3.43. The results of the feature pair-wise cosine distance analysis of the
deep learning models with the CBAM block after changing the bottleneck block.
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Figure 3.44. Summary of the HSS assessment of lead times F1(W+1) and F2(W+4)
for 8 models: (from left)ECMWF, DL-SE, DL-SE+BIGDATA, DL-SE+BIGDATA+FLT2,
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Figure 3.45. Summary of the HSS assessment of lead times F1(W+1) by year for 8
models: (from left)ECMWF, DL-SE, DL-SE+BIGDATA, DL-SE+BIGDATA+FLT?2,
DL-SE+BIGDATA+FLT2+BTLNCK, DL-CBAM, DL-CBAM+BIGDATA,
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Figure 3.46. Summary of the HSS assessment of lead times F2(W+2) by year for 8
models: (from left)ECMWEF, DL-SE, DL-SE+BIGDATA, DL-SE+BIGDATA+FLT2,
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A, Attention®] H3E+ @A FEie M Aol AL el v FJFEe AR g g
& A#E A SFske Aol 54 AR o HFsfoF st7] wjiEoll decodero A o] oj® Fk
o FEdMok AheAE AE WHoR O B4 AER FASE Agdnh A, 3 WA
Attention U-Net2 decoder H-&o| A Attention FXE A F #le]o(convolutional layer)ol
7Veta ok & WAE Residual learning, & X} st #ojolE A #S4E V€7 &4
(gradient vanishing)¥ 71€7] & ZF(gradient exploding)e] €A Yeb A Hejd stgo] A &
o= degradation EAE A3ty A ALdHAEH, B AFdA 71E FAF doloY
inputell siFste #s FAF dolold outputdl Al HalEoEA dAF #olol7t inputk
I} output Abele] zpo], & ZFA(residualE h<xste HIYF HTE & IEF st= 7IHolth
TiA], 71& U-Netd] AA FAHF do]o]S =F residual block layer2 W73}t =3, A
Hi %] A3stE Fed 2 o

mrl

Z] Residual blockoll A+ A F ool &3 ATl WA A
TF3E AFESHA Gt A Alo|2E T 53X #H P overfitting)& =o|7] 1EUd], £
A= 23]8E wix AarstE A HA A FHunderfitting)o] FAsE A2 FAHEA
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ol wWiAl ArstE Aelskdth mhA e & U-Net2 o]
e 478 &4 U-Nete] z=vi/iisE 2 3st7] 98

4 gwE Aol WAT s e HBg HolE
YA

o

= HoE AAAe| F=o] £o]3 a8 = =AH(Grid Search) ¢1E|E&S H A3 7)
2 A B dFoA AAS 2uwse 2F-2 JdZaE= 50, 100, 250, 50082 4

AErG I, WX Aol =i f4ol| Al A ZERe] 128, 256, 1024, 2048 4] wiSE 5AE A
ARty =3 F5EL2 0.0013 0.0001, 0.00001=2 37HA = AASEAT. o7&l X oA filter
number, & kernel sizeE® T8 84208 B dAFoAs 32& 7L ®E AAsAHY. &4 A
Ev 2290 753 AAEW 7% dSAEE e AASg A, RE AEY 7
3 2dolA fFARE Ao g UeEth Har|d Ao, wixAtel= 64 2 S5E 0.001,
o2 100 =FolA & 717+ F<k £48(Mean Square Error, MSE)7} ZF43lith. o] 2 A
AAE oz FulE 71E U-Netd}t 34 U-Net 37olA H2E 713F B3 Har|ex 7
Z~2] ACC (Anomaly Correlation Coefficient)E ®vlxnl$+ 23}, Attention &2 Residuale] F7}4
U-Netell A ACCE ==, Har)29 A9, Attention¥} Residual + 7W7F =5+ 2=
Attention based-on Residual U-Nete] ACC7} ©+& U-NetE o =t &3], 49 Hel A
o5 &8&3l= Residual ZX|7F 7] dF Mo 43S &+ ZAoZ2 FAHH=H, 7| W59
EXAo] d&A, & Ay 7 EAo] thg g9 7|2 BEAHLE dAAdxE F3 Mg 54
uj o] oy} F=Hu}h A A9 Attentiontt AEE  Attention U-Netoll Al ©r2 U-Net
A AEe} TP Ao

)
rlo
2
2

Attention ¥ Residual &AX]E 7]& U-Netol] F715t] ol7|d X & /A3t 1 of7| &l X9 &
.]

F A5E w9 F UAES HAYY 2uAdsE 24 8 AAFORA SIS dF Hurert
Aol dF s MAE AT 2, 7129 WER 15 A5 e A 2-3F
A5 o5& IA BAEHA X H & s dob e BAIG wEA, 7] 754 A
A2 B 2o HH IS B o EASE Ve R 35 AT A5 A
°f 2 ¢4E WHSE B oS AT & e dEE I AT Tl S5 71
2 A A AR FRACN HAR JIHE AN 5 Ae AR VY

® d7e 24 719 Hstel MIO 942 £/ oA i d3AT 2l
= MEsth. $A8 AR 7IMe 4887 A Axsg 71N MO f1dE ERshe ©f
HA 7 lEAs 2l RS 98 MIO ¥ FRA mE 4 wMe 23, deAs =
2 T7x Fd AR 22 P 58 H2ESY MO 93E EFcte #HH9 JdeAs BdE
MESATE o] F FAES G B4 MO 914 27 d&As 22L& /st MIO <14
2 FRol WE 4Y Mg =234, EPE A5 g Ao, md sty Wy Sol wEk 4
=k 7Nk wde) iR E FHAN AEss 7Nke] X i Ut

FAESE AHE&2 MO A4 &7 A0 §8F Zo= yehuth SEdd A9
Fe U FAE MO A% Efcl T8 71F Adol SASS ARHoR F5dta
2E HrblA H e Bld S AgeAY ZE ARS SFEds] Asshs ARstge A



of HlalA HEEAY ©§ & AREE Beth VPM s Au Asjelq oA 7)3bel o
g7} F7bshe A%e Ry ols MO Exe] FRo| webd MO 914 Bl ol 7]
F WEAL B Aol b AL FAHAL Y SN MO BA ATE FYY
W olHd 945S TESE Aol Bastths AL ANBT FAENE SuelFE W ol
A5 F7 PR BE WPE APeIM £9 olFss MO S50 weh FRHoE oy
A WA AR F7 PHe 23d AREE BFE ARE BYT B £F wd Py
e A% P =gl gk Y AR VNS W I 37 PPSL FUHY
4o % /1% Aso A W BHWG] S4o] A AHH AEHA NEH AR
A ARAY W e BEE F AL oItk

A} 12099 o]Ad AAY ABE 7|Hto 2 55t IS E 9 9% 7Y =8 Sy
HEE Ty 2] S5 vuad Blkd AHE AERAR ARl Z4E FIHAR] #iE ol
FUA= AS g8ttt nactive MJO A A& AASIAY A5HS AAS=E 59 o
F AP THS FAlA HZES FHSJAT, & oS AolE HolA] st dde F
af A 83 Wyt ojwA 9] g ERe] AlF AHHolr] wjio] FF SSTH HIE 9
MIO TE HFo HHE Wdstes HsE Frhste A5 dses FANE 5 d& A= 7]
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DL-SE+BIGDATA, DL-CBAM, DL-CBAM+BIGDATA =E2o] dHlnt) 4l ECWMF HEt} 2 o=
A& BHP oW, F2oll A= DL-SE+BIGDATA”} ECMWFET &2 434S HYt Had =d
o] o|FAdo] "Holxe A4S EA5] Hd AA FH BAE ol&ste BREY FaTFE
EAs A 4 A3, UIE 72d S 2l A8 U-NET o719 x 9] bottleneck -3tol 4]
vz B3 dxo]l dojus Aoz yebytth I8lA bottleneck T3FS  contrasting path,
expansive path SFEo| A A8 F<l CCA(conv2d+conv2d+attention block) 20 2 sjAsta =
de]  dqFdes € 2RI Puyristdth AA 71zl disiAde FlelA
DL-SE+BIGDATA+FLT2= 0.17914 0.25, DL-CBAM+BIGDATA+FLT2= 0.17914 0.20, F2el A
DL-SE+BIGDATA-FLT2+= 0.049 4 0.08, DL-CBAM+BIGDATA+FLT2= 0.04914 0.056%2 7§A =L
o} o= 15(F1, W+3)olA 2021 = DL-CBAM+BIGDATA+FLT2 EdS A Lstie 25 /A
o, 20221d DL-SE+BIGDATA+FLT2E2 22 0.120]4 0.330.2 24 o] /AU o=
27(F2, W+dolA= 202008  DL-SE+BIGDATA+FLT2, 20213  DL-SE+BIGDATA+FLT?2,
DL-CBAM+BIGDATA+FLT?2, 20223 DL-SE+BIGDATA+FLT2, DL-CBAM+BIGDATA+FLT2 == oj| A
= MAEJAAT I JeAs 71E ZdHT o SAo] HojA= AFS B ols mdl]
o| Z7)3to] AojAFE oF4o] PolA s PSR FF AU dEHS =Y F e =

Ao AV dad Aow ATEH.

=
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Figure Al. Comparison of probability forecasts from KMA ASOS, ECMWF S2S model, and deep learning models on February 8,
2021.
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