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Executive Summary

In recent years, artificial intelligence (AD-based medium-range weather prediction models
(within 15 days) have been actively developed by leading companies and research institutes,
including NVIDIA, Huawei, Google DeepMind, and the European Centre for Medium-Range
Weather Forecasts (ECMWEF). Notable examples include Nvidia’s Spherical Fourier Neural
Operators (SFNO)-based FourCastNet, Huawei's Swin-Transformer-based Pangu-Weather,
ECMWF’s Graph Neural Network (GNN)-based Artificial Intelligence/Integrated Forecasting
System (AIFS), Fudan University’s U-Transformer-based FuXi model and FuXi-S2S for
subseasonal-to-seasonal (S2S) forecasting, and Google DeepMind’s GNN-based GraphCast and
diffusion model-based GenCast. These models are predominantly focused on medium-range
weather forecasting and have not been widely extended to S2S forecasting. Futhermore, the
training of Al models requires large datasets, but the ECMWF ERA-5 dataset-the primary
source of climate data for Al training-spans only approximately 75 years. This limitation
significantly restricts the amount of data available for training, validation, and testing.

Due to the climate crisis, the importance of high-accuracy subseasonal prediction data in
the field of applied climatology is increasing. Such subseasonal prediction data face challenges
in forecasting based solely on numerical models, as they rely on physical interactions among
various atmospheric and oceanic processes. To overcome these difficulties, efforts have been
made to enhance accuracy by expanding datasets and assigning greater weights to important
patterns and features in input data. This study utilized the Attention U-Net model and
subseasonal prediction models, as well as observational data-based techniques such as Filter,
Wrapper, and Embedded methods, to identify the characteristics of variables. Sensitivity
analysis was conducted based on various input-output systems. It was confirmed that selecting
specific combinations of variables from model/observational data improved accuracy compared
to using all variables for subseasonal predictions. The GUI-based input-output system
facilitated the generation of input data and sensitivity analysis, contributing to the
development of optimized artificial intelligence techniques. This research can serve as
foundational data for improving subseasonal prediction accuracy and highlights the need for
further advancements in deep learning models in the future.

Recent advances in neural network models and deep learning technologies have gained
significant attention across various industries and research fields, including their growing
potential in climate prediction. In the context of Sub-seasonal to Seasonal (S2S) forecasting,
there is a strong emphasis on the importance of data preprocessing and improving model
performance. This study focuses on enhancing the prediction accuracy of daily maximum
temperatures (TMAX) in S2S forecasting using ensemble methods such as voting, bagging,
boosting, and stacking. The ensemble framework was built using CNN, CNN-LSTM, U-Net,
Attention U-Net, and Residual U-Net as base models, and the characteristics and performance



of each ensemble approach were systematically analyzed. Results showed that, for
ECMWF-52S TMAX forecasts, all ensemble methods improved the Anomaly Correlation
Coefficient (ACC), with bagging achieving the best overall performance. For KMA
(GloSeab)-S2S TMAX forecasts, stacking and boosting demonstrated consistent performance
improvements across the entire lead time range (1 to 4 weeks), whereas voting and bagging
were effective primarily beyond 4 weeks (20 days). Spatial distribution analyses revealed that
applying ensemble techniques to ECMWEF forecasts enhanced ACC across all lead times (1 to
4 weeks). Notably, the ACC spatial distribution for bagging closely aligned with the
pre-ensemble distribution, showing minimal differences. In evaluations targeting specific areas
of interest (e.g., four grid points over South Korea), performance improvements were more
pronounced for KMA forecasts compared to ECMWEF. This highlights that the effectiveness of
ensemble techniques can vary depending on the training data and regional characteristics.
This study underscores the value of ensemble methods in improving the stability and
accuracy of S2S forecasts. The findings are expected to contribute to enhancing the precision
and practicality of S2S daily maximum temperature predictions, particularly for 3-6 week lead
times, and to improving the reliability of extreme heat forecasts.

In the second year (2023) of this project, we developed an image-based deep learning
model for classifying MJO phases using semi-supervised learning (SSL) techniques. For this
purpose, we first optimized a supervised learning model by testing various combinations of
input variables, model architectures, and training data split methods based on different MJO
indices. Then, the optimized model was trained in the SSL framework with both unlabeled
and labeled data to classify MJO phases. The semi-supervised model demonstrated its
effectiveness in learning critical climate patterns even with reduced labeled data, achieving
comparable or superior accuracy to supervised models with all labeled data. Sensitivity
analyses revealed that spatial characteristics of climate data should be properly taken into
account for data augmentation in SSL. Horizontal flipping reduced accuracy while vertical
flipping improved performance for MJO phase classification. Building on this, the study
extended the semi-supervised approach for MJO phase classification to RMM prediction in the
present year of 2024. A modified ResNet-18 model was developed to predict RMM1 and
RMM2 indices for lead times of 0 to 40 days. By integrating anomaly and background climate
variables (U200, U850, OLR, VP, TS, TCWYV, hadvect), the model achieved skillful RMM
predictions up to 22 days based on BCOR 0.5. A custom loss function incorporating MJO
amplitude further reduced amplitude-related errors, emphasizing the importance of
domain-specific adjustments in deep learning-based MJO research. Interpretable Al techniques
highlighted the roles of background wind fields and moisture anomalies in MJO prediction,
offering insights for future studies. Finally, probabilistic prediction models were developed
using ensemble perturbation methods for initial conditions and model parameters, including
ERAS5 ensemble data, Perlin noise, and MC dropout. Results suggested that Perlin noise
method showed more ensemble spreads over lead times compared to others but was



inconsistent across MJO cases, reflecting the challenge of generating ensemble spreads using
deep learning models. Future research will explore advanced Al models, high-resolution data
for detailed spatial pattern identification to further enhance climate predictability.

To improve the predictability of temperature probabilities on S2S timescales, we
developed a deep learning-based 3-6 week temperature probability forecast model for East
Asia. The model employs a a U-NET architecture enhanced with attention mechanisms and
eXplainable Artificial Intelligence (XAD to build one-month temperature prediction models.
This served as the basis for additional models, incorporating expanded input data from the
Atmosphere-Land Surface-Ocean (ALO) system and leveraging state-of-the-art deep learning
techniques. A total of 31 models were constructed, including ensemble learning models,
N-step forecasting models, and retraing-baed models. These models were evaluated against
the ECMWF S2S model using Heidke Skill Score (HSS).

The input variables used in the model design were T2M (atmosphere) and SST (ocean)
from the ERA-5 reanalysis dataset, and NDVI (Iand) from MODIS and AVHRR. These models
are 7-day or 14-day inputs and projected 1 day into the future, and for the 3-6 week
temperature probability forecasts, a rolling prediction technique was used to build a
temperature probability prediction system using the ECMWE S2S model 1-2 week forecast and
hindcast data as inputs. Among the input variables of the models, T2M and SST variables are
different from the NDVI data, which is only available for 1982-2019, so the evaluation period
of the models was divided into 2018-2019 and 2018-2022. For the evaluation period
2018-2022, NDVI data is not available for 2020, so 2019 data was used. The evaluation results
show that for the 2018-2019 period, the top-performing model was DL-SE-7+SST+NDVI,
followed by DL-SE+FLT2+BTLNCK-7 and NM-SE-7. ECMWF ranked 25th. For the 2018-2022
period, DL-SE-14 ranked first, DL-SE+BIGDATA+FLT2+BTLNCK-14 ranked second, and
DL-SE+BIGDATA-14 ranked third, with ECMWF ranking 18th. During El Nifio events, the top
three models were DL-SE-7+SST+NDVI, DL-SE+FLT2+BTLNCK-7, and DL-SE+BIGDATA-14,
with  ECMWF ranking 7th. During EI Niiio events, the top three models were
DL-SE-7+SST+NDVI, DL-SE+FLT2+BTLNCK-7, and DL-SE+BIGDATA-14, with ECMWF ranking
seventh. Models incorporating the ALO system outperformed others during the 2018-2019
period, suggesting that land (NDVI) and ocean (SST) data positively influenced 4-6 week
forecasts. However, for 2020 onwards, the limited availability of NDVI data reduced the
predictive power of models utilizing this variable. Overall, SST and NDVI data were found to
have a positive impact on the predictability of the models for S2S temperature forecasts.

Improvements of monthly climate predictions were tested by applying a simple data
augmentation technique, Cutmix, to a simple convolution neural network (CNN) model. The
contirubtion of the data augmentation method were assessed for the predictions of the
summer/winter monthly mean temperature and 1-month Standardized Precipitation Index



(SPI1). Summer/winter validation accuracy values for both variables increased with data
augmentation during the training phase. Epistemic uncertainty was reduced for the test phase
when examined by Monte Carlo dropout. Individual monthly predictions, however, only showed
improvements for January (LT2), February (LT3) and August (LT3) for monthly mean
temperature, and for July (LT2), August (LT3), and December (LT1) for SPI1. Confusion
matrices were reviewed; hit rate were improved most of the cases. Although the contribution
of simple data augmentation techniques can be limited with overly simplified models even
though the cause of poor performance is the lack of training data, some improvements were
observed by using a data augmentation technique overall.

To explore Al applications in seasonal climate prediction, this study aims to develop deep
learning models for post-processing the Multi-Model Ensemble (MME) forecast of 3-month
average precipitation over East Asia. Three different post-processing approaches are applied:
ensemble SubSampling (SS), DeBiasing (DB), and Transfer-Learning based Diagnosing (TLD).
High-performing architectures and hyperparameters are identified through extensive sensitivity
testing. The conventional Quantile Mapping (QM) bias-correction method is used as the
baseline for evaluating Al model performance. Among the 12 test seasons in 2023, the DB
approach was identified as the best-performing model for 7 seasons, followed by SS for 3
seasons, and TLD and QM each for 1 season. This highlights the effectiveness of Al
techniques in seasonal forecast post-processing. However, the significant variability in
performance across different post-processing approaches, model architectures, and seasons
underscores the need for the MME method to mitigate the uncertainties of individual
Al-based post-processing models. Therefore, this study develops codes for calculating both
deterministic and probabilistic MMEs of post-processing models and historical performance. It
finds that a simple composite mean of 10 post-processing models generally outperforms
individual models, with a 40% improvement in ACC compared to the operational APCC-MME.
Lastly, an effective visualization layout is designed, potentially introducing a new prototype
for an Al-aided APCC-MME.
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AT A= U-Net 7]§F mdllo] ALRE O} 1-2F S2S o= A% JfAlo] FElstA &e 37
£ R HChung et al., 2023).
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E£S 9% 9y md=E gt EAS 7}%_1 2AEE FA3stuA skt F 57H«1 LSRR

s =% CNN, CNN-LSTM, U—Net, Attention U-Net,

Residual U-Net =dlS $A3slo] A&} 7—.‘7—.‘91 PFE 7IHE Ha 3419 WU mdZ
SR dse Suiststaa ik

HE(Voting)> AZ ©E 217% =E(CNN, CNN-LSTM, U-Net, Attention U-Net, ResNet
=) =07 LA T, A7 o= ARdE s1EFa vl og Adsie HE ATE
TZstalAt skt OIE Bl et 2d Fxo e wYgsty o F HASEE FEATIAL
At 2 &3 EHOH/H g8t A8 A9
=

a-

“ i=
AAY mde WEdw saAz & na A3E 3 7sts)
o

4 Zola HH3Hoverfitting) S WASIH, AAHAHR] o F H5e FH3aA YT FH
(Boosting)> °F3t g5 7|(weak learner)E WHEZ O & ShGA| 7|4, ol EP9 x5 HUS
v Ao AYd FFVE FAHNES e olF B3 &R SIS ARAAE =& dF
dee 28T 7 Id& Ao=E 7. 28 HStacking)2> T4 9 29| oF dHE
W} Zd(meta-modeDoll JH3te HZHstd AAsS =E3tuA SFATE WA B AF4=E 4
e 7IHE T8 2o oA stg Aes MMATeEHA S2S A5 7% "] Al T
TS FstaA FAsAY. AFRHoR, V|E dd 2d Jd HIW oib A" d=
A5 RS AFTsAT

FA) = 8k5(SSL; Semi-Supervised Learning)S et 259} vty el A5 E A3t
o StEste WHOeRE (Figure 1.1, 28 v & AZMS A7AHAE 52 A5 A
& Adt}h A=< (Supervised Learning) S 2P E g oA AT, AR EAAE 2
© A57F EEEHA FE A9UE Bol ARE Y dte dH 8BS Ado] ARHE Ao
Z g goltt. EAETFL olHd ZAE Asty] sl 2 o piagdH A5 Tk
Hgd g e 2A8 8 83 2 A5S A7 otk 7% dFdAs 10 Azt 5
A727 FHEYSNE ERS 71F B0 = A FES g5 ABRE R AH F¢
7} 2th. E3), AAU-7AHSubseasonal to Seasonal; S25) < ZollA FQ3 <A F s}l
Madden-Julian Oscillation(MJO)-2 °F 30~60¥ 2] F7]5 7FAH, T W7} Yrol(1974d o]
ZIZ 1 o] Abel oF 62.5%) Held Ed ShFol Za3 vHolHE SE3 FH3Hr] ofHo} o
A3 AgE (55 SRHOE 8l o WHOE FAETFO] ALHAG



s

a. Supervised Learning b. Semi-Supervised Learning c. Unsupervised Learning \

Figure 1.1. (a) Supervised learning, (b) semi-supervised learning, (c) unsupervised learning.
Colored circles are labeled data and gray ones are unlabeled data.

FAEsG 7wk dagl=S =4 Consistency Regularization, Proxy-label Methods,
Generative Models, Graph-based Methods, Entropy Minimizatione] oA 7}A] Zle|aigl 2 yd
< A}t Consistency Regularizatione o] =u HiolH 7S 53 948 ARE dHIgs = ¢
#E =g FAFFEE dt}d. Pi-model (Figure 1.2), Mean Teachers, Virtual Adversarial

Training 5°] thE 2 o]tKLaine and Aila, 2016). 3}A|%F 7]Z dlolEle} o] F3HA EAo] =

_—

|

712 5ol W olth. Pseudo-labeling®} Meta Pseudo Labels Wi o] ot # o] (Figure 1.

3, TA= g5 HEF TAE M o =2 A5 AFedot (Pham et al, 202D. 38dF =

A A5e X5 FFd MER ARE AAse dagFoln, A EStsE Graph-based
24

Jo

AR E g3 vty Ao SFEe oS
t}. Entropy Minimization2 ol &3] JEZNE FHAdF sl nd A5 2.

Lo

NM-model

w(t)
S i » cross- &
. y b ‘;i » t b -
X; stochastic ' network » Sntropy ¥ weighted logs
:: augmentation »| with dropout 5 N squared » sum
& difference

Figure 1.2. Diagram of Pi model (Source: Laine and Aila, 2016).



Pseudo-labeled data Pseudo-labeled data
(%, Yu) (T, T)

Pre-trained

Teacher Student Teacher Student

T Student’s performance ‘
on labeled data

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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MIO+= dtiA| el F&Fo = o] 53} TE o7 Al="eE oF 30~60d F7I= &
Azt MJO= A = %ﬂ 2e 71 dAAERE ol Ay -l E(El
Nifio-Southern Oscillation; ENSO), #2d F=7] Zl&(Quasi-Biennial Oscillation; QBO), &%
(Arctic Oscillation; AO), EtjA] XJ%(North Atlantic Oscillation; NAO) e =3 Al 2H
I GsAgstH A AA 7% FEFEs m Rt MJOS] BE3 oA %ﬂ% 3 otdd] A9
A-AW-AA 5625 /Rl Fastth. MJOS AT El%ﬁ%“ﬂt ek At %*}(OLR;
Outgoing Longwave Radiation)2} 200hPa % 850hPa2] <=3 nlgrato] dis] EOFS % &3ta] A
HA e + WA =8 FA4E(PC1, PC2; Principal Component) Z2}2b-& RMM13 RMM2Z 2446L
RMM(Real-time Multivariate MJO index) A7} g A8dth dAe 7|sndo o= 7|7k
o] dojds5 MJIO dF ASE7F AA3 Dozt dHdS Algzt eSS aRH0 = S5
< F 3o MJO of Z-ol A “Jﬁ—ﬂoi Z8&H ot 71 HYd EdS &83 RMM o
T= RMM A+E A o =87 KShin et al., 2024; Delaunay and Christensen, 2022; Martin
et al., 2022; Dasgupta et al, 2020) 7]& 7]&Rd9o =78 FTAgst= WA(Kim et al,
202D .2 YA HT AFolA= CESM2(Community Earth System ModeD$} ERAS A&
(fifth generation ECMWEF reanalysis data)e} 7 o]s}<5(Transfer Learning)% 53 CNN 7|0 =
‘%‘Ol o3 7]ZFs ~259(0.5 BCORE AAstH 7|& Rdrt 53 Ass BAo (Shin et

, 2024). H 2o+ FuXi-S2S 21 E8+ E#AMAEH(Transformer) 7]H d8y 2do] A7)
E]Oiljr (Chen et al., 2024). o]+= flow-dependent 4% W& A3t & o A3 A8 2
zo} B S Mg e EA ECMWEFE EX S7hste d%e RAFAoh skAIT FuXi-S2S
gL 3ol o A4F vl Eo] w2 ©Ho] Utk XAl 7HE B3 HHWHST 4
S ol3ftaAt k= A3 Al=7F Ao gk} Shin et al. (2024)+= XAl 712 73}
2 A% 258 2 A7) MIO 59 Fo WFE stk 3 g8d 7wk
= 7/l 2EHY S AR #\AX(Anomaly) RS &390 WA AR = MO
AN1dE BEetA @A st 7Hd Fa FRo|AN WA MIO &7 dSd 83 A
BE 4 ok wHa ARoNE HFeta A AHE AR A
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< ML 71E MIO $174 ALt F 852 " #3I Wx A5 Empirical Orthogonal
Function(EOF) #4-& A3 E-(Principal Components)©.Z RMM, VPM, OMI 52
A 2E A B2 o)A, QY2 FHo wgl MJO 8 ®Ege] 29 A7 Aok wet
1, FAETE e 159 Hees vudn 3Ad=
O #1%8 ERolA APAIE MJO RMM A +E oS3k
2dS 7|¥to 2 MJO RMM &E49 = =S /)35t
A therst ol , sl g MBol Q=S u auq 3T
(20243) A7t= 2apd =0 AdE MIO 94 7oA ABAIzHE MJO RMM A& d S8tk
d= mdS 7]H © 2 MJO RMM & Oﬂz rds 7H‘?—__}o}9§«q.
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G APS ISR Gd vl °P7]E—*lf<19} 48 HEE HH §‘r’5 ] A AdEs 39
om, MA3PAZFEEZ RMM13% RMM2o] thdk ¥ w9 7 =5 &4st7] el A9rhss
91 & A 5(eXplainable Artificial Intelligence; XAD2] Occlusion W= #4418 A&} =3+ A
A Zto] Aojd4E MJIO FZo] THaste BAE sl d37] 98 RMM 33 ES 188t
HE5d EATTE EYE A5 Ag=e IF 5 ASg=E AT

HT AFA T okl A= 20183 H-H Ald) F2 /9 AFHEU; European Union)2] 7] U A
B X $(GDPR; General Data Protection Regulation) Aol w2l Q13X %}iﬂ o] 2]3| 3}
X AR s FAEsta Ao AAT =g el or] e AHE 87 dAYgE 3
3t= A1S 27 P Right to explanation)7} FZ1F31 A THNIA, 2018). :Lab_ 2018 12
ol A WA 2ol FME FHAFS Al &8 7ol =2F<I(Ethics Guidelines for Trustworthy
ADoll &= Al A]~H o] *@fﬂ —’F— A= T7HA F2 2702 Azte] Ay ZH=(Human agency
and oversight), 71&2 7314 2 <FdA(Technical Roubustness and safety), 7§1A R HE 2
dole A 2(Privacy and data governance), %9 Ad(transparency), theFAl, HIxPE, FAHA
(Diversity, non-discrimination and fairness), A3 % 274 EX](Social and environmental
well-being), #F-(Accountability)7} A A= o] Ut o] FolA FHAL o]y, A|~H, Al H|Z
U2 mdo] EyAda osf@A A A At WAoo w AR AA o] ArEojof gtk WA
o] AJTHEU, 2019). o]# 3 ol F= AFAT EokillAe= EHuE2R JIFA S 2o drts
3l 2lF A %5(XAl, eXplainable Artificial Intelligence) 719 < Zﬁ%ﬁ}lx} st =go] A&Ha
Aot AFA S 2d F olnx] EF(image classification), A ®X](object detection) 5ol A

A F A5 =2 RNNRecurrent Neural Network), CNN(Convolutional Neural Network) &
< EUZ JdzY-yZY, JAIY-gIygE A3 U-NETRonneberger et al, 2015),
ResNet(He et al., 2016), VGG(Simonyan and Zisserman, 2014) & T3t o}l7]€l A7} 573l A
o} X3 SGHAANA /FE83F A ¥ FFE 4 A= SE U E S A(squeeze-and-excitation
network), CBAM (Convolutional Block Attention Module) % ©JElA 1 7Y E(attention
mechanism)% 57339 tHHu et al., 2020; Woo et al., 2018).



olgigt d#d ol7|EA e} nds rwtoz AA o A A(S2S, Subseasonal to
Seasonal) AlZF R A3 7T o= mndlS A AWNE 229 JF W Adgd
3 o

ALO (atmosphere-land surface-ocean) Al2=®l #AgollA S2S Azt 2o} 34 7+ BA
0

E B, g APAte A= Ul7]e] 7] AEHE o= Hol Ta3tH, 2F A 4529 XA
A= AHe] AR, 0¥ S o7l dFol A= sl Uk RV 83 A=
) tHMariotti et al., 2018).

webA, e ob7lE A of Rdlintk ofyel ALO Al2=® #AA e 7R dF =
= T3k, FoA oA Y 3-6F 7IEE dF AAE F=IA Ik olE Hs e VN
71 dF 2l A, 94" 715 dHgdd ©mE e odF 2d 5, HA "J2d o

2 olg@ e 2 S YL o8 e dF 5l 75 58 35w
A ok EmR A1E NY 1L dF mEe AEn B AFAS md R Fx BAL
g9 male] 8% Fgo] I WAL RAES 2T R4S 2L o mdel AL
AP A A 71 A wdg Mo JeRE o= AAE 7= 2 APsky HSS

otz €l VT Ee AT F
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2. & A A=

21 A5 A4 g 2d Ae UAE B4 R dEd A=
A7

2.11. X8

2111 #3A=

HEAEE ARQARE 7|H o2 AT, gFHRE, Aod ARE T8I o &35k
t}. 24 A 4~(NDVLNormalized Difference Vegetation Index)= w= NOAA(National Oceanic
and Atmospheric Administration)oll A A ES A&t dom, NIR(Z2 £ wHAD3 Red =d
o] RHAgES wmgeol =4 -1REH 1Abol9] e 7HAW 0BT W Ao dHZE £2 A
< YEHI 0Bt Fow Foly w3 ZE AEo] ofd #W-E yebdTHFigure 2.1D). AR E
1981WH-E Auj2 st o NOAA =H%= $4 AVHRR(Advanced very High Resolution
Radiometer), VIIRS(the Visible Infrared Imaging Radiometer Suite)dlA 7]Wko 2 wrEolx 2 &
o]l NOAA-7,-9,-11,-14,-16,-17,-18,-19el| A A2 Ho|HE AH&3te FxHsdE=+= 0.05° 9
AFER dAEE AFst 7] ol dolxl A5E 15° dAEE HEsIHT HolEAl
£ GSFC(NASA Goddard Space Flight Center)¢} UMD(University of Maryland)2] A& ™ 7] 3¢
olH A9 stz A ®WH WhARgL, #AZAZL, 9B E AEFES netCDF-4 XAAE=E AF3skaL
271 W, oleld W& vie e R WA st

NOAA Climate Data Record of Normalized Difference \Vegetation Index

e By Y T
g F L
o

NOAA Climate Data Record of Normalized Difference VVegetation Index ()

-01 01 03 06 08 1.0

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



GPM IMERG(Daily Global Precipitation Measurement Integrated Multi-satellitE Retrievals
for GPMAIEE= dHEE ZA8" A AA A5 dHeolHE AFste product= dlo]H+= GPM
2ol A4 BY YA £ ABE AP LAFE F4F BE} A7 J5 v

BN
H 2 HEA ARE A F3ch. GPM(Global Precipitation Measurement) 94 & 7249 43 7
T HWEE SA5H7] fal Ku, Ka #lolt A e} mfo] 29} ojw|A MAE AHEst thekgt

OBl E AAkgiT}. o] AT oA ARH IMERG Final HlolEHE 20003 6¥€5E AE5E £33ty
ECMWFS} Z& F28458] 1.5° 2 Axgste] gga82 o] 8319 tHFigure 2.2).

o : o : f =
— = { i

—150 -120 —390 —BO —30 4} 30 18] 20 120 150

< (| - /©1o/preciitation (/)
1 .01 a1 1. 10,

0.00

Figure 2.2. GPM IMERG product.

GPM IMERGAL=Z 0] 2]o] #= 7425 NOAA CDR(Climate Data Records)Z 2 13O0 Z X
&3stal 9= CMORPH A= & F3 35l NOAAS] CMORPHe A== Monthly#Al&+= A3}
I AR 7] W Eo) daily AEE AAH S MonthlyAsE WEste] HFH o= daily,
monthly o2 flolgulo]~ 3k tkFigure 3). CMORPH A&+ TMI, AMSR, SSMIS, MHS,
ASMU, MWRI 914 AAztg9t BAAE AQd As5E A3t GPCPARE HASIA 4
=3 AEEA 1998@ 6€FEH 2023Wd@ 4€71A] AFsta Jom, 25kme] FIENER
NetCDFAl& 2 A 33t} g2 5t 28 == 60N ~ 60N7H#] A5 E A|F3=d ERALA}
o BA 9, A=E wAstd AAgst d=9 A" 1E3tE 93 AAEAT GPM
IMERG, CMORPH dlo]H o] £] PERSIANNH|o|E & 335t AA st om,
PERSIANN-CDR H|olH = 0.25529 1dHE TS EE 712 Aa=2A 1983d e A7t

A Hlolg Agsol At

_’IO_



NOAA Climate Data Record of PERSIANN-CDR daily precipitation

NOAA Climate Data Record of PERSIANN-CDR daily precipitation (mm)
<EE ] |

00 294 588 882 MLy 1471

Figure 2.3. NOAA CMORPH product of daily precipitation.

PERSIANN-CDRH| ¢ =  dailyA}5.0]7] o] & MonthlyAls2  &8317]  <2381A
upscaling dlelE] A st A5E TSI Axm HF dglFLS Gridsat-Bl(3-hourly
[R)E 7|¥to 2 GPCP(monly ZHAEE HASY ABE ATsE A2E 5359 HFigure
2.4).

PERSIANN System “Estimation” Products
Hourly Global Precipitation Estimates
. Global IR e . T - TR -

P % " : ¢ \“" - i P ) ;;}, -
: s Tt w;ﬁa P o NG gt
— (e | )] ; BT TVE i

e : ; & B <
P B = W h;&' N . Sy J

High Temporal-Spatial Res.
Cloud Infrared Images

PMW
‘ _(TRMM, NOAA, DMSP Satellites)

o el

Satellite Data

Hourly Rain Estimate

PMW Hourly Rain Rates

Figure 2.4. The PERSIANN rainfall retrieval algorithm of NOAA CDR program.

AEE 9% 60N ~ 60N, A% -180 ~ 1809 M$|2 A2 = NetCDFEHOZ AHE &
sl A st

Hom &%= NOAA OISST(Optimum Interpolation Sea Surface Temperature)A&S 3
Z3tAth TS E Ase HAMA A= W 259 siYgFo] 2 AuaE
HIF 7o 2 Abgste] AAF 4 | 25& 4bEstal ot va 97| $H o]

_’l’l_



EJAIEIINCDO) Al 19815 YARE 4b&stal qlom HZ Version 29 HlolHE 3
o} OISSTAIE+= “AVHRR-only” ¢+ “AVHRR+AMSR” ¢] & 7}A] wZeo] lom, &3t
= 0.25° x0.25° 9] =R AEEZHWS NetCDF4 A5 2 A-&3stal 9)2m™, AVHRR-only#}
w 30dzke] 71zt Z1FARE AT Aok Reynolds et al2002). AHEF § e W
Sea Ice Concentration, Sea Surface Temperature, Sea Surface Temperature AnomaliesE°]al,
o714 Sea Surface Temperature A5 1998 dHE 20173AEE A&7t HIHshe] Alg-3)
tHFigure 2.5).

ol
-

goboxR

-
Koo

o
2

Daily Sea Surface Temperature

Daily Sea Surface Temperature (degC)

>

-18 5.0 117 18.5 253 320

Figure 2.5. Sea surface temperature data from
NOAA.

2112 245

A-Y 7152 5= ECMWE 25 AlZWlA AZ7EA Y ATl B =9 o]s)
o]7] fl3t A=E A4tstar e, WMOWorld Meteorological Organization)e] A7
ZZAE 7dtsle] geFsk 71E w9 25 (NCEP, BoM, JMA, ECMWEF)E Al&3lal dth
ToA= AYE =& ECMWF A5+ 0-46¥€ 9 A5 FoA T =EYd 337 A5E 1998
WEE 201737tA RE W ARE s AAdsdo. W= MSLP, OLR, PREC,
Q700, Q850, SST, T2M, TMAX, TMIN, U50, U850, V200, W850, Z200, Z5002] A8 & = &
A SteAts R gtE AR gt

=
=

=
o=
o] &
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2.1.1.3 AR =

ERA5:= ECMWF(European Center for Medium-Range Weather Forecasts)oll A Al &3}
7] QA dolEAle] 5 Ao ARE HA #S HolEE dAEHA AA st 7152
T2 FFZ ol dAH AFRE AFs JrkFigure 6). ERA-5% o] F v @<l ERA-InterimX.
o adE 2 AR EFEE ' AFsa dow, 8 2d3 dHoly FEries M
of AFsta Yot ERAS Al@AAEE 1979958 AA7EA AAFHoE A5E AFsta U

Ar2atde 1372 AFHAA 80km7tA| o] 23 st JoH, &5, 5, 55, 3
I/HA 25 T s AFE AT 1998EHE 201730714 AZIAEE dARE HA
&1 I EE 15° 2 Wdkete] A8 tHTable 2.1).

Maximum temperature at 2 metres

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

2280 2454 262 8 2802 207 6 3150

Figure 2.6. ERA5 Maximum temperature at 2
meters.

SST, ECMWF =gl zt39} 22 713 Al/F3t sid=s w30
?‘“ Atk Bl WS s 1A dEAsE A

ERASE= #=2E<%1 N
Bk A5
A QExFE A g stg tHTable 2.2).

DVI,
717k 35 abe] B 4
sa, Ao L= WAE B
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Table 2.1. Data description of ERAS.

Data Description

Data type Gridded
Projection Regular latitude-longitude grid
Horizontal Coverage | Global

Horizontal resolution

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°
(ocean waves)
Temporal coverage 1959 to present
Temporal resolution | Hourly
File format GRIB
Update frequency Daily
Table 2.2. Overview of the characteristics of ERAb.
ERA5
Period covered 1950-present
Prgg?i%%on 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 0.0lhpa
Hourly analysis fields, 3-hourly for the Ensemble of Data
Output frequence Assimilations (EDA)
;égg}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?é?nné\eféegs For availability of specific parameters please see the technical
documentation linked below.

Handling of _ _

accumulated Accumulated from previous post-processing

parameters

_14_



2.1.2. ¥y

AF U A7 A= NAS e 2d A7 o]9e #=A59 A5ty 3
g Aol Mes tas dHeie Sasts UAE R4S Sl B3R AFAT ©
9 AAA4RZAY F447 AGE ANS AnsAriFigire 20 BE SuAmel Wes
FollA A W oA FA80 BRI ARE dolr] fsliAe B2 St Aolxrt oSttt
gA s BAS 9% dEY A2"ES NEdoER U Stegs T 344d EEs
AbZstarzl stok(Figure 2.8).
1. Generation data
Data correction Pre-processing data Training datasets
satellite data B ot s
— g o = — -
525 model data i - === W o 598 =
Satellite data ! | - = . 5 =
. # -
2. Data Augmentation 3. In/Out System
Variables(Precipitation, Sea surface temperature, Configuration of input data by condition(latitude,
temperature, NDVI) longitude, time, variable)
v v
Extend the period(Weekly->seasonally) Conditional data expansion and output data
" '

Evaluation of In/Out data for data expansion

Evaluating predictability by data expansion Sronifiiyanslys

Figure 2.7. Overview of sensitivity analysis and input/output systems.

2122 984 =4

A5 A mE RIAE B4S 7] fste] HEd 2de U-Neto] 714 W<l
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Figure 2.13. Sensitivity analysis methods for deep learning models.
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Figure 2.14. Correlation heatmap of observation and ECMWF model
variables.
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Voting Bagging Boosting Stacking
. «Sequentially
Eek:ldejciilgil i “The final train individual *The prediction
E]a de by prediction is member models | results of the
Learning/ | aggregating the | made by while mereasing membe.r model
o o . the weights for | are trained in
Prediction | prediction results | averaging the samples that the | the meta model
Scheme | of individual prediction results P
member models | of individual previous model as new features
(e.g., majority member models predlcted . t(.) make t.h ©
vote) incorrectly (Note: | final prediction
Weighting)
*Provide
+Use the same different data to | eInput the same | eInput the same
Learning | training data for | each member training data to | training data to
Materials | each member model through each member each member
model bootstrap model model
sampling
*Lower
Member . interaction : :
Model eInteraction between member eInteraction eInteraction
Interactio between member models than between member | between member
models models models
n other ensemble
techniques
+Giving high
weighting to *High weighting
Weighting | «Treated equally | «Treated equall data from of high
ghting quatly AU | models that performing
predict member models
incorrectly
B AT AR 7S BY, w7, 2"8F 2 R JH 4SS Agsiden, Z+

7ol v Rd=z= SdAldA 5" CNN 2 CN

N-LSTM(2019-2021'), 6+A 9] 22\ 3} 23
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Figure 2.28. Explanation of the voting
technique. Data is entered into m4 from
various models ml to m4 and voted on the
predicted data (blue circles) to output the
final predicted data.
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= 71Holth. 19, B AT A= bootstrap Fal St 2ell AL AukA uj
o 2L W 2dg ARgEHA] g o2 9w md2 74439 thFigure 2.29).
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(4) Stacking
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Figure  2.31.  Description  of  stacking
technique. Data is input from ml to m4,
predicted results are stacked (Prediction
Stack), and the final prediction is output
from m5 (meta model).

2EHZH 2 MEA]] oAy dagFE AR ZAFE odF AAE =Edue HelA wiA,
F283 ZFHE 7HAI Aot SRR 7P & Aol JE gaEFoE 453 ARE
ZIRES 2 OA] q &S FatE Aotk &, ME dugFe dF A9 A5E HFHA W
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222. ¥¥E 7Y AT AW 2d 74

FEE AES AT 9 B Fu Holx Al oA vl e Wy 2d dasith &
Aol ECMWES] 7%, 571 ®Wiw] e mF AN A her H4 44 9 2de &
A 2% AP W, T e =F 243 FdAo KMAGloSead) o] -5 47 \H RS
BT FoAAZl A 17H9‘r N A REE AR 23 U, F 5 2 AP TS
CHTable 2.4).

l-l:l

&

Table 2.4. Explain the types and main characteristics of the member models that
participated in the ensemble technique in this study.

Individual climate
models
participating as
member models

Key Features

A neural network developed to process 2D

CNN data such as images, and is effective in
(Convolution : 8es, . ECMWF, KMA
Network) extracting and classifying features using

convolutional layers and pooling layers

It is a useful model for analyzing time series
data or images by extracting spatial features
CNN-LSTM of images or images with CNN and learning | ECMWF, KMA
temporal order or continuous patterns with
LSTM (Long Short Term-Memory)

In order to solve the problem of gradient loss

ResNet” occurring in very deep neural networks, it is a
(Residual neural network model that efficiently learns ECMWF
Network) using a ’skip connection’ structure that

connects input directly to output

A convolutional neural network mainly used for
medical image segmentation, a model that
preserves  location  information  through

U-Net . . . ; ECMWF, KMA
symmetric skip connections with
encoder-decoder structures while enabling
fine-grained predicti
A model that enables more sophisticated and

Attention U-Net accurate medical image segmentation by adding ECMWF, KMA

an attention mechanism to the U-Net to focus
on the features of critical locations
* ResNet does not participant as a member model of KMA

(D) 43 214 (Convolution Neural Networks, CNN)
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stxd 5 217 "H(Convolution Neural Networks, CNN)-& Convolution Neural Networks®] <Fz}

2 AFH A EokollA olmA Y I TlolEE AT w ol o]&EHE EdolH, ST
(2019-2020d) AFA TF5 2 &8 FDo|HAPECZ] $41H, 2020). CNN2 & HRNEE
(Multilayer Perceptron, MLP)e] 7}z SHAIH S sl A3ty 93l 7gddE 2ol MLP+= ©]H|A|
of 2 2D 7z ARE HHA EAHA AL g AN, oA wjEd ojm A9 FXt
T2 A9 AV E4E F Atk S, olvA W] 3|, " 2A, F3HA BA 5o F
a3 AR7L FAEHY, o]AoE Qs MLPE AHE3F 52 oA A7 Aol HlaSHYd
T Atk CNN2 oldd ZAE 5317 el 5% dolt}. dukAl QlE4l 7 W(Artificial
neural network, ANN)S fully-connected A< o T, & 7]£9 ANN 7= <o

ol

=

o

i}

¢

g

rlo

=
Al
o

N

[s1s
S}
LR
=
5
al

Lo

A

1, Y
ol

Convolutional Layere} Pooling LayerE 713+ ++% ™ #Et} Fully connected layer
Tto 2 4% ANNY 8 Ass 1AH0iE) FH= A AT a9, g Fo] ] Al
32 Aot iR REO] AMEEHE oE Ao AR 43 A Roltt wEtA AR AR =
A AAFEC, fully connected) 41787 SFAIAC & -5, o] 3xA AR AEE 1AHUo=E
HHsIA| Ak ot AR AR E HHSIATE HAH A F J%ﬂiﬂ =49 b gl 23

Ao g oluz FUAR FARE A3 AHHEH RE0F ANNo|] EXSE F= 9 dh5o] H a3
ola AEE Eol= Aol WAV Atk oA FRAHEE FAF FHE St 29
HF= CNNoj|th

car

cat

box

. —=— 2 ;
/4'
O O [Ocow
Convolution Convolution
Input Image RGB + Pooling + Pooling Flatten FC Softmax
RelU RelU
Feature Extracting(by.CNN) Classification(by.DNN)

Figure 2.32. Description of the convolutional neural network model (Source: PhilAllog:
“[DL] CNN (Convolution Neural Networks) Concept Explained by a Non-Specialist®
Blog).

CNN—% UAE Y A WolH FUHAAGH YBE REFAA 54 AFS T
Fate R0l FHE Eoh ok F2 T /b G “GHF A4 “EY S B o) F
o2tk CNNO| 814 ololtloli o]W|x|& #& FRER o] mi Zloln, olalA e ¥
B2 Fa oluxe NGl AeP 5He AAFL &k o2 Tl omAe F WA
31 F HAENY ABYe YL olnA e FEE olsjste He] =42 th CNN
& Figure 2.329} o] olmlA|e] EQL FEsE FEI 2HAE BRAE FEOR Uy 4
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At 54 FZ=(Feature axtraction/learning) <2 Convolution Layer$} Pooling Layerg < 2]

A 2= FHE A48 Convolution Layer+ 98 A gl ZEHE 48 & A3} 5 W

Yst= " 84olth Convolution Layer thol 9% Pooling Layer= A81& <l Layere]t}.
u

CNN wupxg} R REo|= oju|x EF(Classification)E $%F Fully Connected Layer7} F7}€th.
olm| A o] EAS FE3= Pr%:'— olH| A& B/ F&E Akold oln A FEo] ARE HIE
el & wt=+= Flatten Layer’} ¢ x| 3t}

Q) A7) 719 A4

i

2174 % (CNN-LSTM)

A7) 719 FAdF 217 %(Convolutional LSTM, CNN-LSTM)E 5%+-A4]1(2020-2021'd) &3]
AT 2 &8s malZ) 2020 @9 753 CNNoj| =2lof 2019 @0 =3 Adr] 719 (Long
Short Term Memory, LSTM) 71&& A3sle] A3 mdo|tHAPECY] 3 A1E, 2020). LSTMS
MNAE A= (Sequential data)et #HF HAlHY ZAE dfdste ol a3z oltk AAE A=
o] dAlE "2ERlH], & S0, 2&clA 7 Tolv e wojo F&HHET. LSTM 22 o]
He =28 FEHEAS T3] Y mdolth kA Awd CNN2 o|u x| B&F, A &,
g 5 olnAY FF4Y #HE HAHY ZAE Aste €FY "HEd EEE,
convolution layergb= &3 F38 9] layers AF&3}7] wj&Eo HIFE Y &34 S5 oju|A] oA
St S olm Ao A Qx| FPAHA AR JHASFEE THEAY wiAHTE T
g F AUTh

wEtA CNN-LSTM2 CNN# LSTMS AA3fA olH A Y T94S 7HA9 8B 2EE &9
St slolrEle mdS A4 4 QthFigure 2.33). CNN-LSTM2 48 AF=(4d], o]n]
EAS FE3= 45 Aol % olo] &AH d &S Fdst= LSTM AFo] deos
TAET o] EdoA CNN2 F2 o o|u|AE - & 1Ak 4oy dud &
AT E AHEH I, LSTMS @*E—E— AAstE Iz AgdEdr & 5 Ao
CNN-LSTM 71&2 3 A8E CNNo| g8 o= Yol EXS FZaq, F
LSTMe] 48 gt g2 Y& 2o =r FAST. o] Ve AY 45, 224
T TE ANAYE dFo ®o] AgHT

UpSampling2

2 Conv2D Conv2D Dense
MNpne, 64, 64, 120Npne, 64, 64, [6lflone, 64, 64, TPlofe, 128, 128 [THine, 128, 124

2D MaxPooling2D Conv2D laxPooling2 O}
[Tdlone, 64, 64, T§Npne, 64, 64, §20fione, 32, 32,

_J S

Figure 2.33. Diagram of the Long-Short Term Memory convolutional neural network
model developed in this study.
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(3) #=k 2174 (Residual Network, ResNet)

6A(20221d) AToNA U-Net =& 843517 93l 7123 Residual U-Netoll A U-Net=}
Agstr] A A F zxF 27" Residual Network, ResNet)S =43t 283 tHAPECY] &
AlE], 2022). ResNet> FFE Bl oA Aol QoA CNNS 42 Rdo|t}. o] n|A]
HE= o) ofF 7o mdo] wtEo Ay 7 RuldSsE 7 Axo oo wdHRTh Holut
oA AZeld zZe muld2 feature representationg 2 Aoy @A Aiolr|=
Aor. Ty 2ol |iF ZojAdA 1070 olie] layer, & 4 7R layerg 7k =R A
ol 23 Yol dAdeo]l AT o] dgo] ulZ  degradation & goltt. HAHF:
(overfitting) @ Degradation®] =}o]& -2, overfitting Held =do] FHEAFo| YUY AgsA
FHE o] HY HZE ARdAE THEARANA BAFAE H5S BHAFA Xst= 7
25t} ¥l ol degreaddatione THA TS} H|2E AR Eﬂz“’ﬂ’ﬂ A2 layer2 7450
YEY AR & 038 RojFE @A BuTh 1TE, layerst UE ZolxM &
of overfittinge] = 4% = A7 mAo] 7oA A overfittinge] ¥ oWttt
< g Fd E4o] &2 mEoA ¢ Yool st HAE EHE EE0la 4
EAANA7EA] EE REARET 2)& mdo] Adso] ¢F FUT IHA " 2ES Edo] o
AFE A5o] oF oA = o]f+ overfitting wWl&o] ofyz} “md 2 3} (optimization)7} o]
H7] W&oty gl 2L Ut 2do] ZojA4= =) gradient vanishing &-& gradient
exploding &7to] A3}l wjF ot} Optlmlzatlon°] EAgH A2 OptimizerE =AY 2
oA H et = 47 Optimizatione & F e MEE oH7|FAHE WHEo] EAF HZ2E + Aot
T2 Optimizer& M2 R=s 22 uHT o2 EAo]7] wEe] AMZE NetworkE TrEE
d FHF3Ao. A o] Residual block®] skip connectione]t}.
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d& E°l, Figure 234ty ddbdQl CNNolA Yely=  “main path” <
“Skip connection” °l 9J&] AA=+E “short cut“S 7}XAl "o}t g4A Optimal depths & <
7} 9tk 2059 layer’} optimal®l=#], 30%©] optimall ], 1005-¢] optimal®lA] o}F%= T ET}
sl A7k, degradation problem2 HFE oA & & gl optimal depthE Aol7}A vlE dojd
t}. ResNet& AAHUA Ze YEYAES w+Eo]Fa, “Optimal depth” oA & HI=E
Outpute. 2 HUYME = ot oA oJEA 7}1571? vtE “Skip connection® wj&Eo]t},
ResNet2 Skip connectiono] &x3}7] wj&o Main patholl 4] Optimal depth ©]%2] Weight<}
Bias7} A& 0o +dst=E g5t Optimal deptholl 2] Outpute] ¥F= Classification . =
dolzd o o} o] L3 A, Optimal depth ©] %] blocke EF W7Z4Fo|t}

L2 9oF31H, degraddationS A3 H+= WHOE A AT Ao] 2kA} Shk(residual learning).©.
2 skip connections 7}%l Residual block<e "= Aol 1eA] Residual block 71& 4174 %
o Hx)7F ARgk yol Aes mEEs ses = How gt = AAWE o
stAA HX -yol #g HASIAZIHEA A= HX=y7} s AT Figure 2.34904
HoO& IdentityE vl = =rol”7] wiEZd HO-xE HA3stAA HO=x7} He As =
%2 FokFigure 2.34). 71E AA o] HX)-x=0& =8 Fthd ResNet HX)-x=FRE Fo
FOE HAasIA7|8 1 th &, F=00lgte H%E 71 TF& gt olgdA 55 3
et F=00lgh= % Fho] Fo{A7] W&ol stgol ¥ Ao 2= HX=-F+7} =+

=
T
pzd



g olu] YHZ xZ AH&3sHr] 98] & Aol Skip Connectione]t}. =, Skip Connection&

(o3

A8 ol €A FES AYH =" g & A = 9T

weight layer | weight layer |
1
lu E0) | Relli .
. entit
weight layer | weight layer |

Hix) = F(x) + x

7|E Y4y Residual block

Figure 2.34. Residual learning
block. The left side is the existing
method, and the right side is the
residual block with skip connection
added.

(4) 4 (U-Net)

718 U-Net& 2015 Ronneberger et al. (2015 oJa) Atz om 694 12322
W) Ao 7]E gl o|tHAPECY] ZAE, 2022, 2023). U-Net& o]m|x]2] #nutAQl
£ Ad7] 9%k &= &g (Contracting Path)e] WEL F e A3 AYstE 93k A e

(Expanding Path)®] VIEQIZE UAF Y tid FeiE zted], 715 EokdA 857 52 &
do|th (Weyn et al., 2021). o]v]#] A 1wl g o] d(image segmentation)o] g ojw|x]o] ZE Al

o] ol ZlH| (S EH AT, AFE, B2 )l £3=A BEFsleE AL @3t ojn|x
AA o] sl @Y FHE g E o &35t o|u|A] EF(image classification)2b+= &3], ©]u]A] A
JdEH ol I el 9 gatu 2 dutA o= ¢ oy EAE JdAHIL AT

= =3
mT= T

r{u:

U-Net& o]r| A9 Atz &4 ARE d7] 9% = ¥ =(Contracting Path)e] W E ]
I A3 A9sts 93 WA Fel(Expanding Path)e] WEYE UAE e A = zt=y
(Ronneberger et al., 2015; Weyn et al, 202D, X# <oA= TimeDistributed #o]ol&
U-Nete] Convolution #lo]ojol] F7}ste] AAE &E3E F3x ot TimeDistributed= =H
W73 glo] 2testAl 2D convolutions AREE = 9loB =g 5xkd wide FHAET} vtE oY
Hoh.
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Figure 2.35. U-Net model built from previous research. Convolutional layers are
wrapped with TimeDistributed layers (source: Chung et al., 2023).

Figure 2.359]14] semantic segmentation o]u]z] o] = AAES 2v A= TGH=E
Lo FhElagldl &t MR & AAZEA 9
g3sla] semantic segmentation HE A3 Ho|th olu|A] M IWEHolHLS oF o]u]X|
(T 3A = ), AT AFHEEH, B3z 74 ) ¥ FAIAH 22 FHAS
Foll A AFEE 31 9tk U-Net2 ’'U-Net: Convolutional Networks for Biomedical Image
Segmentation’o] 2t =&l A At FxEA S H& o st HolHEZE A3 ojn]
A AladEeld Aess RAFAom ISBl Al 32 YA 2015004 & AT 2ol2 53
o gt} U-Net2 2 E<I3 T (auto-encoder)9} 22 <1309 -t] s (encoder-decoder) 7]®F X
o] &3t BE A3Y @A E A oA EAS TAS F UEE ALY FE =
gHA 2HE F48 Wb, Had dAdA s AxHoRE JAFdH FHEE o] &3t Ad
o FE =ola AUE S¥A TAYY oH|AE EHTTh AN AIZY SANA A F
25 AXEA oA Ao tigk AAITE 91A] HH A9 GANME A=A

g3 Y= 7lo]al, instance segmentatione

&y

M Mr e Ao
2o

o

(5) A= #4 (Attention U-Net)

A AFF wEe} Fo] U-Net ==& image segmentatione HHOo=Z A <kH
fully-convolutional 7]%¥+ =2 &ej7} UAE 2 context 23 AQ3F localizationS 93l Al
ez FAFHAT. old ¥l CNN2 QIZtY] AAA S FallA RG] Hole AoA 2¢hst
o e "Held Edo|tt (Oktay et al., 2018). 89 w2 AAE BAT HE HAFA B

© A3 2ol HA= FEol A=H, oA CNN2 ojmz| Agd 53] F3HEo] glor
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convolutional layer, pooling layer”} 1t} U-Net, U-Net++, VB-Net So| thaFslA A& = ol
712 U-Neto] stx A5 JfAst7] 93 Attention Gate(o]sl, AG) x]7} #=2k% Attention
U-Net-& A3ttt (Figure 2.36). 24 6GA 2xbdeoAl AGZE A2td U-Net& 539
(APEC~7] %418, 2023).

—~
Q
~

q
SEINE
g s = C +RelLU
E o
25| |T| |g] |&
o i I >
ENERENE =
Gl P
= |5 & (S HY
R Pxd w2 Conv.+RellU | E— Conv.+ReLU
= &) |E| (& S
| > = 1
T | (] (|]] S e <
X x § g He Skip connection
e = e
Sl s (3 convax3, ReLu
i i Ci RelLU [———3 C RelLU B C
x| =
< | § vaxo

Figure 2.36. Attention U-Net developed in a previous study. A model that improves
U-Net by inserting an attention block into the expansion process to better extract
spatial characteristics. 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.

Attentiono] & o] A A 2wl o] oA Attention2 g5 wf HA
H F9Es Axste otk d3oly RS Aol #H gle Id9=
g F7] wZel] A4E Hl&o] Fojethe Aol dedHl, olnA g
(Attention)3tth= Aot} o 7)o U-Nete] F2 EA-& Skip Connectiono] th= A
Z o] AP expanding patholl A 2AHAA F7+ A R(HS M Z = =contracting pathol A
TR 2)E A Ttesd, A= o] ARIVF B st slolth ZLEIW U-Netol| A
= Skip Connection o] &34 th& A Z"3}l= contracting pathe] FHARE AWM =7 path
l gl o] EAE o= A= s|Adrct kAT Skip Connectiong AlggoZH FE28H EH
=°] FEATUE FUHEQ A7 AT AAEe x7] layergY 5A %3] ZFH(poor)
0}7] o Zo]t}. Attention WlHYEFS 2016%3 o] computer visionoll 4] A}&-= 1 thBahdanau et
al.,, 2016). Neural Networkoll A predictionS W= Zo] FolAA o]alslr] A AH&EHA
o} Attention MAUEFS dgo WE ths AAE dZFste AFolA 58 HE © 53
oF s}7]ell encoderell A& o|® groll FFsloF st=A5 = oIt

o
M HU

AG(Attention Gate)2 ThA] Awald CNN ol7 el 9t HA B8 4 9, HA3do A
AF ST A Rd HigRe o5 ASEE 4= —’F OAE} o]AL U-Netx=
Convolutional layerell ReLU <=7} ZA3}3sE layer7} g 222 CNN o
Z gks Zlolm, dimensione] £o]&7] wjEl BIE(d, A £= % o] ftadtge AL S
Artgol 22 FHAAE AS=E 54 + Aoy E&Folth oA layerrt ZojxH =
g /) A S(parameten)7t FEEA FEHIL FAS A5Fe] gH(feature)7t WHEFHoE
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attention®} Soft attentioneo] ¢l+&=dl, Hard attention& &4 Z o2 3lo|glo]|EF J oS A A3
A ZAxsiy n|iRe Brlssta 73Eese "o AR Soft attention® St E=Fol WA
Z o2 taskell FE|d HRE Hxsly BHQ3 HARE @ FxdeE &9 FE Zlo] EH9
t}. Oktay et al. (2018)9lA A|tH AGES EF U-Netd] S@H Fod3 He F=E3h,
AGE AW g2} AWd gxoA BE w9 435 EHIT vl FIoA A
3l gradients= 9wek wjx Fok EEAIE Yirh o]AL Fojz FHdo] AYH T IYS
ZIRko. 2 &2 #Hojoje] ndE ui/HFE HUHEY F JAEEF F= Aoty T3, ALE
4

9] feature map, & A WA skip-connectione AG 7150 AF&HA Fe=t) =, x99 Ft
A g HolHE YelA &t} deep supervisionS Abg-3le] F3F feature mapo] Z+ o]w]
ZALo A QuEZ o7 FHEEE 3t} skip connection®] 2 FEEFHIJto|A 23 9
o] AFAEE Ae WA AT s Aot 1A 2Rt A8 7hs3td], time-series 2
5o feature B2 LT 4 At o] w&ol, Dual-Stage Attention o}o]t]oi7} 2 7]
THLiu et al, 2019; Qin et al., 2017). =3}, Attentione Zo] thA] w3l time-sequence
AoAAFE, Y2 dabo 2 £5 A3/ vl Aty 43 A Atk Beam-Search &1
= AHEEtH £x Ast wAE 2w BRE £ AN BR EAdA A9 Jhsst
3|7 FAdAME A E7}H53stth o & =9, Encoderet Decoder®] time-series’} ¥4 31

F(dE S99, oF 20071 o) 2 o), wj FAA Fro} Yyt AR By =R+ H
gFo] Qthal gk}, Attention2 s Z Time-Sequenceol| A7t FHF& 4 Ath. 1A Attention
ANAE dHolgl dZo et A7t Hlnd HIHE AFEHJASY AT @4 EAe g=E
o}, AA deolgrl 100¢ WHLAZTE AAH=E S
200 A d©lo]E 7} Attentione] o # #H <
o ol dlolE F/49] %% Attentiono] & F&stA vk TS, R A A W2
o] CNN& o]&3}a AttentionS R 33}7] wj&oll, CNN& # &3t FEo] dHolgsla 23
2d op7|dlA FxJAALE AT Hof diE A5t tiShih et al, 2019). 1 tlo]E ¢
ZhEl e 7t wg- A Aol HA A AH&H #HHA~E FolE 4 ok Shih et al
(2019) o W= AttentionS ©]83} Time-Series Forecastings st+= A2 Al7]d=zekash
. Attentione o® g A|HES 7|ELE {33 TdolE FFAIT7] A8 HAFE HoJda, &
A AANA Frrel ZE F3E A 2 A dF ZAldAE 88 5 gtk Aotk
T2 %%t 2 A 73 fe g2 XSt AT EA gt FHE &8N sta b
Aol WojRthar shof. =3 Attention 7]WHe] Time-Series Forecastinge @A 241 &= &= 5t
3 ol o &Aool BEsg Agstdt. 18 A seq2sequt Encoder-Decoder 7]1%Fe] BI-LSTM
FJHZ FAStE Aol AANEZAE 7HF &el- <l Time-Series Forecasting ¥ ol 2kal A Qbs}
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223. AAU 7% & FEAR
B Ao 7= Afoa ALd TEAa(MA 20182 FLax Uy Az 2022

W Ad oz wA s tHTable 2.5). d|ZAo] 74 <3ttt 7t a1 9= European Centre
for Medium-Range Weather Forecasts(o]st, ECMWF)e] S2S o= =}=(Vitart and Robertson,
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2018; de Andrade et al., 2019)¢} 4 B dAHF A+ o =Dl Global Seasonal Forecast
System®] WA 5(]3}, GloSea52] S2S(Scaife et al., 2014; MacLachlan et al., 2015)& 7]& <
TFolA 83 67 ME 7S ED F 2719 /8 7S Ednk o] 835t R T

N

FAAE AFolA E 7TrFe] 7|F Haes 229 AT AdodA A-dY o Havl
o deld ™ H dFolA FEFS FIAE 7F Hy FHCE AR A, =3
dAxgol d¥e ME 7Frde] 1% Wes TMAX 2 TMIN(Maximum and minimum  air
temperature at 2m), T2M(2 meter air temperature), SST(Sea surface temperature), OLR(Top
net thermal radiation), Z200 2 Z500(Geopotential height at 200 and 500hPa) & <F 77l°]th
(Table 2.5). S2S o= 71% WY AIZE 3=+ TMAX 2 TMINGGAIZE A 2] AF A 5)<=
ALstr dEolm(daily), 33 A EE 15EEFE FZolA oF 100km)e] HAAT FEZ %
1217 @ A= 2409 AA wjEE zk=thFigure 2.37).

2
L.
el
| LY

=5, dFE g, FA AE o =(o]s), Hindcast) AE] A4 W, AP =AITE
(lead-time), Hindcaste] 717k, o= A 59] A4 F7] So] EF tE4d|, S2S o= #A539] A+
7 () 48R SVl 7| SdARAA= 7132d

£2 715 7§ M7
o =90
==

(0]
o
O

Table 2.5. S2S (Sub-seasonal to Seasonal) climate models used in this study, number of
ensembles, forecasting time range, length, and period of hindcast of each models.

. Producing Hindcast Hindcast Forecasting  Forecasting
Climate model . .
center ensemble size length frequency  time range
4/month
KMA (GloSea5) Seoul 3 1993-2016 (1.9.17.25) 60 days
2/week
ECMWF ECMWF 11 2001-2020 (Mon, The) 46 days

2.24. 7% 874, 47 A9 € Hr} ¥
A FdzAE tig T4 7|37 H2E 717k ¥ 71329 Hindcast 713t whah

zy7y @efx] =4 Hindcast 7]3F AA ol thsl] 80%= &8 713k, 20%+ HZE 7|[Ho = A4ke
Bl 2016 dol2= 1995 7-¥ 2010744 16
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30°E 60°E 90°E 120°E 150°E 180° 150°W 120°W 90°W 60°W 30°W

Figure 2.37. The domain of the constructed training data of Sub-seasonal to seasonal.
The black box indicates the input and output domains of the deep learning training
model in this study.

o FAT AAY FE 5S 13T v wxt AZ(k-fold cross validation) S Al
AR, &3] AFAAE 71E AT} Zo] oA HE& st 4-fold 4) wA}
A
1892 wo g 2 &9 =rde AX 5204 160, 9=
7

5000 4] 589 155 % y& (AE)oz 7270, x& (E)= 720 AAE sbal EolAo} AP0
A A 311 chFigure 2.37).

Table 2.6. Information of hyper-parameters and their ranges set in the study.

Hyper-parameter Setting of the study
epoch 100
batch size 64
learning rate 0.0001(1e-04)
Optimizer Adam
Activation function ReLu

16, 32 (CNN, CNN-LSTM, U-Net, Attention U-Net)

Filter size (Kernel size)
32, 64, 128, 256, 512 (ResNet)

AdA4E U Wy mde Aztx (Keras) ¥ BAZZ$ (TensorFlow) ZHJYIAE AH&3)
1z

Aom, Ztzte] Wy mdol AT AAY ndEo HZFHE i £243% (loss function)=
YA 22 (Mean Square Error, MSE)Z Al4tE o™, A3+ (metrice) 2= € Harv|2
o oxe s HrrsE Y8 HFH W22k (Root Mean Square Error, RMSE)E A4t

oo
stol Sherstelth o1 B9, A3 L Husleol YHHA A3 Ao BE L Hu7) ),
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ERAS A&4 #2A7)e HAE Uelle &4 AtEs Aoty & dFolA ARE3h 2
WA= Table 2.60|th. &4 @l olol(Convolutional layer)oll 283 HE =7|(Filter size, #
9 =7])(Kernel size))e] A% ResNet mdlo] AS= guizxloz 7} @o] Al&E= g I
7], 32, 64, 128, 256, 5122 T%3k%], CNN, CNN-LSTM, U-Net, Attention U-Net mle] 3
He A A7dA =53 16, 32 AH&3tA T

4

FEE 7IHY g F dF A FHH o= A 2 AE HEAHe HAGEA
%= (Temporal anomaly Correlation Coefficient, TCC) % FZrH2#A S (spatial Pattern
anomaly Correlation Coefficient, PCO)E Al4tste] B71slAth (Eq. 2.2 2 Eq. 2.4).

N N
2(x, = x)x(y,— »)
7CC = L — [2.2]
| 2= 0t B
A7 xie St A F2 Ste F 47| JE 7] EAKMA 81 ECMWE) 7]Rke] 825 o=
1FARY] dF G gAY o, e FE /I B AE 3R SN AdY 9%
71¥A 5] Ht, & EA JF FAgS deEbdTh yie A dA Y #F AR, yie £
71 ¢ B35 AR B, F UFHS BT j& A AFAZE, NS dF A+-E 44
veRi o
TR XA o2 ALkE TCCO AbolE H7bstAwh. 2hzhe] & 719 TCCAA #=
Atz 9] ACCeHe] ztol & AlLbstaith (Eq. 2.3).
Di AcCq, ‘pred —A Ccmw [2 3]
fference = ACC .

4714, ACCpredt= #d mdlo] ojs] FRAH BEWSo) oS 45 BAW A5 FL &
B7b8 ACOlL, ACCraw: Ed =dlo] 94¥str] 4, & G&uA 2o BEuee AN
2 oz 4% B A% (Fd A B7hE ACOel T

PCC, = —— [2.4]
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=l

A7NA, je dZ Ag7Itela is AAolth Axij¢F Avyije AR oA A =73 jo] 3
7 ob=Ze|(anomaly)o|th N& AFAS AA Az} 74|t

23. FASHEE B¢ MO A5 82 AFASED A2
231 A" AR 3 AAE WY

MIO 97 &/ dAFdAe "Held Edo A8 48 W= gy

el ~21 RMM  Al4tell AR8-%]+= Outgoing Longwave Radiation (OLR),
850hPa 2 200hPa®] A3l T4 Wk ulera(U-component winds at 850 and 200 hPa; U850,
U200)3 VPM ¢ld»~o AR&% & Velocity Potential (VP)S AF&3F¢ith U850 @ U200 A s+&=
A =% ECMWF ERA5 A&z 5 (Hersbach et al., 202002 A4td 1.5° F3ta|4
To dY HHF ARE ALY T OLRS AlE o] 5% NOAA Interpolated OLR A&5E &
23199+ (Liebmann and Smith, 1996). NOAA OLR A&7} 25° FIEHSE=E AlFEHa o
B2 AR3 Umx HEES AY B i oR Pt 22 sAERE wio] FR3HT)
VP+= 200hPa &A1 ¥ & vlgadS Ab&ste] Al4bstdth (Dawson, 2016). MIO 914 &/ =
Ay e ZAHEE F 9o F2(class), 8712 MIO ¢} Inactive MJO (Amplitude 1 ©]3h)
2 A3t A8 AAgE 71822 0% Wheeler and Hendon, 200494 AAE HHES wE
o MJO o]99] 35 F&FE A A Al FhE Al 7Hx9 &7 A" 2 A3 Aad AA
A8l AaE-L Figure 2.38% 2t} Climatology mean, first three harmonics7} A A=W, o]
A 120¢ B AA dAAEo] &9 AAY @ HFES V|WeE EOF &40 35,

active MJOZtaL Aolstath A8 F4(Data leakage) ZAS o¥sl7] & e Axjgy 2
T3F A4k EE 71z disiA Fdstger Ed VA AdEd S SAXE AF
B ~E 280 283t F£=3 ) Figure 2.398 HFz oz 339 7
gk obx=dg] 47 Composites)s HolEoh ZF 9149 olnA] LEH st HdEE T}
&3 olm ] A5 JFE BAFTH

ded 2dS &<53lr] elA EH(Training A8 T8 Fo wde 323
(over-fitting)S WA|8l7] 98] 7HZ(Validation) AR E AFL3F 1, Stsd HF wd &
7] YA B 2E(Test) AE7} AH2ETH H2E A85E= 2y T8 AFLEA e A3 =
JHoz FEHE AsAHoY. FAEEF 7|vF MIO 94 ®F o
e nd X5 H2ES] Yl ArAE Egl(Temporal Split) 2 F2H9] £ (Random Split)
WS ALt (Figure 2.40). Az EEls AA AAE AEE

Z+7ZF 1975-2005 (31%3), 2006-2013 (8\d), 2014-2022 9o & U5, 729 B8 sy

:

APAZEE MIO RMM A% o A7eMes F2 94d W42 850 8l 200 hPao] U-4d+
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vFEH(U850, U200), OLR, 200 hPa VPo|t}. o] ®"g4E2 MJOY Uit:E difF ¢3S Higst
(Wheeler & Hendon, 2004). 712 & 2%(TS), TCWV(Total Column Water Vapor), dqdt(ss
% 7¥A]) 9 horizontal advectionthadvect; % 43 o]f)o] 1HFH At hadvect= dqdxet
dadye] 4t #ro = AbE AT 8 " A AEs MIO AlZ1dSs A xste H AREE
Aow, viAA FEE wgstr] fs A dE HeE ALt WiAR dHe dA R
oA HAE wie WA OE FEHT AR FHH AAYE A HAEES A LA T
g At EOF &4 1979-2001d¢] 43 v OLR FEo] #-&=o RMM1¥ RMM2E
AT 1979-2021d o] HA AsAlL EH(1979-2012), #H3(2013-2016), H 2=E(2017-2021)
tolBl 2 U3tk dlelE Aqtste &9 dHolH o grHE 7|WteE F3Eo] oy

T =AE ARG,

= Climatology Climatology-mean
Ozg{gal mean-filtered & harmonics-
data filtered data
STEP2 STEPS )
STEP1 STEP?’ STEP4 Subtract previous
T ) ) 120-day mean
. Climatology - Cimatology . ohics
Mean \ Mean

Figure 2.38. Steps of data preprocessing for filtered anomaly data.
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Filtered OLR Anomalies (Training) Filtered OLR Anomalies (Validation) Filtered OLR Anomalies (Test)
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Figure 2.39. Composite images of the filtered OLR anomaly (W/m2) 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.

:  2006-2013 2014-2022
(a) 1975-2005(31 years) —i+= "gyears) ~"|* (9years)

Training Validation Test
Random Split
(b) |- 1975-2013(39 years) 2

Training Validation Test

Figure 2.40. Data split strategy used for semi-supervised learning-based
MJO phase classification. (a) Temporal split, (b) Random split method.

ol

2.3.2. X =84S L3 MIO YA 28 nd s vy

f

-

2321 FAESF 7l RY 75

FAZEE HE MO 914 BF ZdoAes EAESGS A 71+
o] 718k 2 dS Hrisldh Table 2.1 thokdl W4 =
=

1723

Ay

A ThFgt olm A 3, A5 2 9,
rd 7 2 wdeol Fully Connected Layer(FC &) w& mdo] fizs AHS 93 thak3l
ZAES HoEY 7g Ao 2E Adam H A3 F4E A8 2(Kingma and Ba, 2014),
%27] stgE(Learning rate)S 5e-30.82 AAEPom, wlx] =7](Batch size)= 32, dl=x=
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(Epoch)= 5002 A o}%l“f HHE BAS 99 =7] Z=2(Early Stopping)= 10 epoch® A
AotRa, AHgH 2dELS go] EX|(Pytorch)e] EX M| A(Torchvision)oll Al Al &%= ALA Shey

w2 o] ImageNet AFE Ao s Abd &45H
=S ATS BT

Figure 2.412 £ 3HAolA F£AH &8I VGGl6 =R F2E EHAFEr. VGGl6
Simonyan and Zisserman (2015)°] <&J3s] 7ddE ZE =2 Tgd] 2l Fx9 Zol(depthhE F7F
NFE o Aol AGA FVhsteA Adstr] 98 Akd otk olHd HIHE oY

oA 7 EA9 BIFEE A T AT AN Fo] zlojFA4F gradient vanishing,
exploding gradient, #}& & T EAZE FASA Hol zlo|rt YF ZoAH 23] ATl

AstE e S BT =3 VGG REe stEsfiof & detu|E o] #7b @ol gl B Al
kol 28xE FAZE do VGG BEe dAHEES AAdstr] A He et al. (2016)=
ResNets (Residual Nets) =&-S A QtstA T Figure 2.42+= ResNet Z@e] Residual &5 %
2 HoZth »dL skip connectioneldlt FEE 29 JHEXS =9 AAste] b
(Residual< 8tFste Mds EYsiATh olH3 F2HE BFEE Fr|do=E &2 F 93
< Bk olye}t g AR A SHA =9 Figure 243 2 AAAA A &85 ResNet
rdl 2= 01%‘:}. E3F FC Foll thsliA & el =9 Jiet 9 5 2835ty Y
7FA1 o] Bkt WE WA FCE li-‘f—’é}iiﬁ‘r.

41x240x64

20x120x128 1x1x4096

S E ¥ 10x60x256
= /  1%1x1000

H MJO

I Phases

5%30x512  2%15%x512

-—meos T r il e

w Convolution+RelU
¥ Max pooling
w Fully connected+RelLU
Softmax

Figure 2.41. Diagram of modified VGG16 model used in this study.
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X

Y

weight layer
]—“(X) J relu
weight layer

X

identity

F(x) +x

Figure 2.42. Residual learning structure of
ResNets model (Source: He et al., 2016)

* 7x7 : Kernel size

7x7 conv, 64, /2 « 64 : # of feature maps

A\ + /2 : Downsampling by half

' Skip Connection

4
\\/ )
-
/\
/J
™
e
)
e

7x7 conv, 64, /2

MJO
Phases

3x3 pool, /2

3x3 conv, 64
v

3x3 conv, 64

3x3 cony, 64
v

3x3 conv, 64

3x3 conv, 128, /2

v

3x3 cony, 128

3%3 cony, 128
v

3%3 conv, 128

3x3 cony, 256, /2

v

3x3 conv, 256

3x3 cony, 512

3%3 cony, 512
v

3%3 cony, 512

avg pool

’
C

3%3 cony, 256
v
3%3 conv, 256
| 3x3 cony, 512, /2
v

Figure 2.43. Diagram of modified ResNet-18 model and different versions of fully connected
layers used in this study.

2.32.2. A EEF 7|6 MIO 94 7 22 75 9 17 % "HX2E 9y

Figure 2.442 Mean Teacher FA|=3%4% WHel BAEE HoFr}h (Tarvainen and
Valpola, 2018). Student =¥ X]=38h¢, Teacher @S H|XZdhgy WAooz dhGHT)
Student =29 EHZS 7|&9 ¥ 59} vlwsle] Classification cost (Supervised loss; ]
T £4)E A4ket) Teacher Rde A <4= o] 3 #(EMA; Exponential Moving Average)
(Eq. [2.5D< &3l Student =2 wtew|E]e] I FEo] dolrle WAl 2 =Hlo vebr| g7}
Adlo] EEITHS, Backpropagationo] 3= A ¢F+). Teacher B&-2 HlgtAE 5o tfsf A
E(inference)s}al o]= Student =23} W] 3}e] Consistency lossE Al4Fsioh AA| A<l =g
Classification cost®} Consistency costE& 34 ileisle] g<5¥ o)

rlo ¥

0,=ab,_,+(1—a)l, [2.5]
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Figure 2.458 Mean Teacher &1&]& ol 71&9 A8 &7 WHS HoFEo B 34
ol & MJOS] 3 o]sste A0 wet 3 whdoly gt AAE s AblunstAY 29
Aess v AR T4 PHES H2ENH & dFdAe EAETSE ¢ugFY 49 I
g Ho mE AgS Pyt vl x| =7](Batch size), Labeled batch size, Consistency cost
weight, Consistency rampup, EMA decay, #t&%7}(Data Augmentation) <] s}z}u|Elo] gt
Ablation 2¢S 43314t} Batch size ¥ Labeled batch size:= ZHz AA| Aol tid wjx]
Aol P dE dE Az gk vfjx] 2715 ZA 3t} Consistency loss weight= A cost
k49l consistency cost &ell F+= 7FaXx o]t} Consistency ramp-up2 FA =8 Z@S A
= Azt o 7] 4 o PP H ARE FE3t oy XVIFH HgEE A5 HH
7F AHEER 23] StEg A AStAZ F 7] wWEolth & AA A= Mean Teacher &
Azsts g ES 83 Ao FHF 3. Pseudo-labeling ¢ El&S HIZEJ oL 37

de Fde HolA AUt Figure 2462 HFZ A EAESE 71 MIO 94 &7 E4ES

o

prediction prediction
S 5 “
| | classification ] [ y consistency X m
cost cost )
A
]
2
exponential | 0
moving (
average
label input student model teacher model

Figure 2.44. Diagram of Mean Teacher algorithm (Source: Tarvainen and Valpola, 2018)
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RandomHorizontalFlip RandomTranslateWithReflect(10) GaussianBlur
= ]

Original image from CIFAR-10

¥ ¥ ¥ B B . o

4 s » n x F.3 ]

B . ®» B X =2 »

RandomAdjustSharpness RandomAdjustSharpness RandomAdjustSharpness

{sharpness_factor=0) {sharpness_factor=-1) {sharpness_factor=2)

o s 2 B X =2 » ° s ¥ ¥ 2 B3 » ° F ¥ B O 5 »

Figure 2.45. Data augmentation methods used in Mean Teacher algorithm.

Table 2.7. 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
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“Labels” Noise

Labeled | ~Phase &* | ) Classification Cost
abeled Images ‘Phase 3° | Student Model (Cross Entropy Loss)
i “Phase 2
“Phase 1" W T L M
o 3 o @3 33 = SR ’ S8 S8
N * g1 §-§~§§ “pr ke g 5 5§§ — ) |
’“\zexm B Bl REE g8 88 | .f..h,.,,_.., LR ]
) ariablés : Latitude x Longitude; ResNet18 ver.3 »
- : | Consistency Cost
EMA(Updating Weights) (MSE Loss)
2
N
Unlabeled Images Teacher Model
s 3 ¢/ 3333 z : L ; sl (SE J -
" o I S SR g i (3 13 B TR I
o S 2 S Se Sis 2 203 83 22 °
w26x144 t' = o AT N A 1% A7 W 0 ‘ ' l . . - -. -..!<
/nu' riablds . Latitude x Longitude ResNet18 ver.3
Noise

Figure 2.46. Diagram of semi-supervised learning-based ResNet-18 model architecture
with the version 3 of the fully connected layer used in this study.

2.33. AY¥AE MIO RMM A FEAQZF AFA s 22 /AT Y

2.33.1 APAZEE MJIO RMM A= dF AEA & 2d 75 TH

FAEEE 7IH MJO 917 E/FolA AaAIzEE MJO RMM A dF Rd=29 g4
AsMA 0309 dPAIzbE RMM1# RMM2 o= CNN ~7]8ke] ResNet-18 = @o] 7= it
71Z ResNet-18 =& Fxo|A A TS WA 37 & =Fol(Dropout) (0.2 2 0.5 &=
H2E)S F7ista dF S5 Aty Bl F2E T80t &2 34 A5 &

AOMSEE AT Fh2 dALe) Aol ek MO A% eeivk Srkshe s1Ee) &4

e MAstE & Wetez MJO FZ gk &8 &43dd 285ty o3 22 25y
(Custom) &4 &+E 2A AT

L= Lpyn + Lepee T Lawy [2.6]
714 Lawwi= RMMIO| tigh E4AE, Lawes RMM2o] tigk &A%<, Lampe MIJO

Amplitudeol] tha ELFrE QrlsiH, HF EATFe e S4Te] o= AtdEnh

E£HdL2 Adam JElufo] A (Optimizer) #H A3} 4E A3l Sh5E le-3, WA =27] 32,
109 HE AYm fAo] g A 5E 7] FR3oH HU o3 & 50002 24
3T 2l Ase ofgfe} Zo] oWz A ASBCORE o= HFAF AF 2xHBMSE)ZS

AL&3e] BH7Egth (Kim et al., 2019; Vitart et al., 2017).
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2 (0, ()P, (£.2)+ 0,(1) P, (1,7)

BCOR(z) = [2.7]

/i [0X(t) + OZ(t)] i t)+ PX(t)]

BMSE(z \/ :Z [|0,(t)— P (t.0) |+ | 0,(t) — P, (t,7)|?] [2.8]

o714 01D} Ol()= RMM13 RMM29] AJzZE toll o] =gho|th Pit, £)9} Puolt, )= AIZF ¢t
2} APAZE oA o &H RMM1% RMM2o]t}h, N& MJO E<4o|th. MJOe] ZZ(Amplitude)<}
$’4(Phase)= ol e} Zo] A4kETH (Lim et al, 2018).

Ay(t)=JOLt)+ O} ¢) [2.9]
Ap(t,r) =/ Pit)+ Py(t) [2.10]

[2.11]

02(1,‘)}

0,(t)=tan" [ j

o (t
P, (t.0)
et } [2.12]

Op(t,r) = tan~ [ 77)

714 Ao, Pov BFH RMME Z3 945, Ap, @p= d5E RMMO| UZF3} 7ot}
MJO WZF3} £73e) eat= thadt 2ol ALE A (Lim et al, 2018).

[Ap(t.t)— Ap(t)] [2.13]

Op(t,t)—0y(t)] [2.14]

2.3.3.2. AYAE MJIO RMM Al o F AEA5 24 34 TE

dg WFY 79 EE A5 &, B HAd A= Occlusion S WS AHE
(Zeiler and Fergus, 2013). 3x3 =Z7]9] AES 3 ¥ olFAZIH 4™ o|nxE v}~
A H

pesd

X o
& Jodur o

s

o
0 vlagE 9ge 7 usel NEgo AR oA/A JEge A gold =7
Wogkoz Aolsarh NEgoR AHYS W U RMM gkl A oS8 RMME w4
2 7 99 =g At o) A(HHA Fehe Y Fol vhad Aeld
2ol FEF e Gt Y FGejo] npaa
Aelg W olZ8 RMM ghol Z7kshe AL omatth g

ELt_,

M rlo

71Zb s}t 24 agE ARl A



719 =9 do] HF EHae=® Az

TR NEs QEiA 7] e RMM X4 &
) GAE JIHES FH&sAY. o= ECMWFo
ensemble rund} H| 223+ WAl o 2 =z A(initial conditions)ol] %S FAY md Ao AHE

& Ft WAL Agste] (Chen et al, 2024),  AFNAE D) 2718 A5 W7 2 24
setrl e s WS H2ESAT 271 AdEs WHEeE WA ECMWEAA Al gsk= 1070
o] dE<S 7HX ERAS AR A5TI ARE &8st HZES AT, 27| 459
& WP O = Perlin noisegtl st WH wol2E dE g Frlstes WA o= 5070 %
AE A5 E WHEY] HAESAT. Perlin noisex= perlin-numpy Python 3j7]#]| & &-83}9th

Figure 2.47% Perlin noise® 98 WHFEY 7)Ao 5L F= H2082 S JAE B
oty =2d gguy A% WHoEE MC dropouts # &3kt o= HIAE A8 thdt
ZZ(inference 32 o) FA|AE dropouts FA3lsle] d=zke] BxE A&
t} (Figure 2.48). %2714 A% W7 wzrx 2 508 B Ss3ste] 50719 SaE 2
2FZ3H o

ol
rlr
T
I,
i
o

[e]

:Jd
it

Figure 2.47. An example of perturbed input data using Perlin noise
perturbation method.
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Figure 2.48. Schematic diagram of Monte Carlo dropout
(Source: Van Katwyk, et al., 2023)

o8 71A s WHES FE3e =" RMM s 7IHeZ, MJO RMM 43E o
£ MIO f1do= WHEste AxE E433AT 194 MIO 97 &E oAS3kel dig

% AFE golstydr) o2 ¢J3s] RPS(Ranked Probability Score)gtil &&= o5
PAAEE &89t (Marshall et al.,, 2016; Martin et al., 2022). RPS= o}

1 N
RPS:WZ

=1

SEE

)— (Zl Ocﬂ 2} [2.15]

o714 N& o= A4, Me MIO 94 71<F, Pce 3 MIO f4olAel o= &&, Oce &

ﬂ%’, m2 MJO $7 ZHe222](0: inactive MJO, 9%41~8)E uYeRATE RPS7} 0o]® oo

3] A &3ta, RPS7F 1o]H 43 xS vttt wetA RPSe gho]l ¥&5 A
o= |43ttt Table 2.8 £ ATolA A3 7HA Y s AP ik A4 HHA &
A3 o] As(ensemble) 5 HoF3 T}

HM§

03'1 >.\|l [‘N

Table 2.8. Perturbation methods used in this study for MJO RMM probabilistic prediction.

Experiment Perturbation method Number of perturbations
Noise to initial conditions ERA5 ensemble 10
(2714 A% Perlin random noise 50
Perturbing the model
Monte Carlo dropout 50

parameters (2@ %)
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2.4. 3-6F BolA o} 7|LEE 9= AFA T 2d
24.1. AFA=R

2.4.1.1. ALO (Atmosphere-land surface-ocean) A&

B AFgE dEyd 71HE o] &3] T2M (2 meter temperature) 7] A&
dS Jfetsty e mdS EGE 365 7SFE = A3A mdS )

o
Bl

A
of

]_

M
e e

Rl

= ZF
o},

ALO (atmosphere-land surface-ocean) Al Z=®lol|A S2S A|ZbytRe} oS4 1 #AE Bd
7= &2 A A AE ti71Y 271 B E obs o] T3k, 254 459 A8 A
oA e AW AR, 3092 Horte ASolA= afdel tigh BR7E FasttkMariotti et
al. (2018), Figure 2.49).

A
MO )

> 1t

b=

e SST

B NDVI ’

© /’ /

o land /

< /

(a1 ocean
|
I

‘;~.~.7,: =
7 days 30 days Time

Figure 2.49. A schematic of the role of ALO
(Atmosphere-Land-Ocean) systems as a source of S2S
predictability (Adapted from Mariotti et al. (2018)).

B A= T2M A4S 2838t AW JAH=Z Ay A4 A <S(Normalized difference
vegetation index, NDVD), &% AR E SST HEE o] &3t

T2Me} SST W= FH 7149 BAE(e]st ECMWE, European Centre for Medium-Range
Weather Forecasts)olA] A &3} ERA-5 AEXAZE o]L39th ERA-5 AEAAE=
0.25° X 0.25° 3= AA ARE AlFstH, 7|=o A|F3std ERA-Interim reanalysis At
58 MAS Asolth 6/\] o Eelel T2M (2 meter temperature), SST (Sea Surface
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Temperature) AFASE X3t d TAEE HISt AESHA T

NDVI #5 % Parente®} Hengl (2020)°] MODIS2} AVHRR A& Z o] &3le] Il =
bkm=zZ =3+ € @9 Z X5 NDVIE o] &3} tHTable 2.1).

Table 2.9. Summary of ALO (Atmosphere-Land-Ocean) data used in this study.

Variable Long name Unit Period Frequency
T2M 2 meter temperature K 1965 to 2022 Daily
SST Sea surface temperature K 1965 to 2022 Daily
NDVI Normalized Difference Vegetation Index 1982 to 2019 Monthly

24.12. 944849 g2

2 dAFoAE ALO AEE EUE HHY F5AEE 753 tHTable 2.2). &5A 5 S
X d8€AsE A4 T2M, T2m climatology, SST climatology, NDVI monthly A&, Y 425
TAS T2M A5 E o] &3t X d8ase gFAE 7Y ARE Yo E £AE 4
5ol g5AE(train_ratio)®} HZAE  H&(validation ratioZ =AY FFAERE
TDSV31-1_SHUFFLE, TDSV32_SHUFFLE, TDSV61_SHUFFLE, TDSV61-2_SHUFFLE,
TDSV61_3_SHUFFLEE % 5/1& 7289t}

rlom[

l

TDSV31-1_SHUFFLE 85Al8s X QA8 2 T2M, T2M Climatology 154, Y g&xz=
H7)7F 149, 4272 1Y 2 skE 198604 20159 7|zt A8E 7 of 3 HI&E &5
go AFAEE FAS 201619 A4 20223 7|7He] AR E HAEARE T3S

TDSV32_SHUFFLE sts2te+ X 4845 = T2M, T2M Climatology 159, ¥ 485 =
?;%]717} 149, =717t 192 &&= 196504 20154 712+ ARE 7 o) 3 v&E 54
Z9} 7 x}i—% TFAska 20161304 2022\ 713He] A B E Eﬂi_e_xh@ =3ttt

TDSV61_SHUFFLE st&zls+ X d8A5 =2 T2M, T2M Climatology 159, Y ¢85 E=
A7 149, =73 192 &= 198204 201549 713+ ARE 6 o] 4 v &R 35A
2o} AFASE FAS L 2016104 20193 7|7He] A B R El]&.EX}Ev— F=39 ).

TDSV61-2_SHUFFLE gsatas X 48xs& T2M, T2M Climatology 151, SST
Climatology 151, €%9] NDVL, Y 488+ U7zt 74, 371 192 ah= 19821 ol A
20151 717ke] ARE 6 W 4 HISE SgAEet AFARE TS 20161d9A4 20199 7]
ko) ARE HAEASE FE390

TDSV61-3_SHUFFLE &<%Al8E X 832 T2M, T2M Climatology 154, SST
Climatology 151, €99 NDVL Y d8€aAs5E 4g7|zt 144, d=713F 192 3k 1982d 9



A 20159@ 7)17te] AB= 6 U 4
71t ARE H2EAZE T=
N2 9 Figure 2.509 2t}

Table 2.10. Summary of Dataset.

st

Hle2 Stgatast ASA8E TASaL 2016104 20194
do]E]Al TDSV32_SHUFFLE®Y] dt&5atz o] H| &S 9

Dataset name input_x1_var
train_ratio

test_period_start

input_x2_var
validation_ratio

test_period_end

input_x3_var
test_ratio

input_time_step

input_x4_var
train_period_start

output_time_step

input_y_var

train_period_end

T2M Climatology

TDSV31-1_SHUFFLE ToM oy ToM
0.7 0.3 1.0 1986 2015
2016 2022 14 1
TDSV32_SHUFFLE ToM M Clliglyawlogy ToM
0.7 0.3 1.0 1965 2015
2016 2022 14 1
TDSV61_SHUFFLE T2M 2™ Cllig“yamlogy T2M
0.6 0.4 1.0 1982 2015
2016 2019 7 1
TDSV61-2_SHUFFLE ToM T2M Cﬁ“yamlogy S5T legl;tmogy NDVI Monthly ToM
0.6 0.4 1.0 1982 2015
2016 2019 7 1
TDSV61-3_SHUFFLE oM T2M Cllifr)‘;amlogy SST Cli?;mlogy NDVI Monthly oM
0.6 0.4 1.0 1982 2015
2016 2019 14 1
. Dataset 1986~2015 2018~2022
Training/Validation data (7:3) Test data
A
/ \

2 4

1965~2015
Training data (7:3)

Figure 2.50. Ratio of training, validation, test data of TDSV32_SHUFFLE

dataset.
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242, 3-6% FolAcl 7| L%E 92 AEAE =g AP

2421 71 1712 71L& 9= 7g 7=

g 712 o= 2d2 Azad et al.(2019)7} A|QFsH U-NET 7]wte] eSS o] 83t 7|t
sttt U-NETS =4 74 Z(contracting path), W& 7 Z(bottleneck), 4 7 Z(expansive
pathZ TAEL =4 AZE J89 A85E o AZYsEA HE ~E(contex & E 25,
3 AZe= AESTE sgUAd dE 22 G EH@upsampling)ghey. 231 AZA(skip
connection)> 4 ZAZ29 EAH(feature)s JAZH A gt 4 HE HAGolA
AE ARE BAst= < gt U-NET2 AladH oS 9 td mda 259
A T oS Aldo] AlAlE de] Atk ol & B estr] 938 prediction layerol| ARE
ZHinput 2)ste] o]2 Rt F7F YHAFEE prediction layer Hol| AAET 4 AR
o} & AR 7[E FAdF #olo E5F2 conv2d + conv2d + attention blockS.Z T4 E o
At gurz oz ALg3t= conv2d + conv2d + BN (batch normalization) + activation —-3zol A
BN¢} activationS w3l attention blocko. 2 43 Fxo|t} ofeld E2L Hu et al(2018)9]
A|QF3t squeeze-and-excitation networks (©]3} SEblock)e} Woo et al. (2018)¢] A|<tst CBAM
(Convolutional Block Attention Module)g ©] &3}t SEblocke i@ oA w7 Y E(channel
attention mechanism)& Hlgo 2 AAHoH, 2d G2 75X E B o A= A
dol AHE S UEYAE 92 F Ae AH o] AtkFigure 2.52). CBAME zj'd o€l o
AUEH 33 oAdA AvUES 23 722 Ho| JrhFigure 2.53). 1Y 712 dF =
g2 T2M |59 T2M |52 A4ksk 7133 d gh(climatology)S 98 A5 o] &3t}

R LY

Prediction

m
H

W,

m skip connection m
W, H

i W/2,H/2
v

Input 2

Input 1

i W/4, H/A 4 w2, H2
\/ H
7 4
Contracting path I N Expansive path

w/8 H/8

4w n/a R
77 i
I Input data ' BiConv2DLSTM a Conv2D 1x1
i
i
Conv2DTranspose
' Conv2D 3x3 +BN +Act.

Bottleneck Attention Block Concatenate
Max pooling Dropout

Figure 2.51. A Schematic Diagram of the 1-Month Temperature Prediction Model.
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FC+Relu(filter//ratio) =) FC+sigmoid(filter)
Global average pooling

(I = E TE \
/ multiply
>

Figure 2.52. The overview of SE block (adapted from Hu et al. (2020)).

CAM SAM
ol .
(Channel Attention Module) (Spatial Attention Module)

> @ > Q—>

Figure 2.53. The overview of CBAM (adapted from Woo et al. (2018)).

2422, 49 ¥ L T 7L 4F 22 75

T2M WHeRbs ol &ste MY 7egE dF5 =2dEFigure 25De ui®e=®E ALO
(Atmosphere-Land-Ocean) A]2~®lS 1 sle] T2M W< Qo] AHAZZ NDVI, IAHRZ
SST W5 F7lste Hejd RdS 753t

SST W= T2M WHef o] ERA-D AEXAEE ol &3ttt T2M W= T2M A= ¢

TOM ARE olg3te] TE@ 159 w9l /1 FRIAEE o §shsith SST Ami SST W
A87h obd TM Z1F@dAEs} ol 159 wele] /FHINEE TE3e] o 3T
NDVI #}&(Parente¢} Hengl, 2020)= ERA-5 A EAA 5} FIHN Y=} AAte] 417 o
27] w2l ERA-5 A2t 5(Figure 2.54)2] AAAHEE THOE I d=st THARE
BHAsk= AAEE sk

NDVI A5+ &3 = Skm=E T4 = o AthFigure 2.55(a)). ERA-5 A &A42t5 9 22

& 937 8 2lAEP(resampling) WS o] 83t th NDVI A 5.7} ERA-5 A&
AAtg R a8/ E(high resolution)o] i &l AFE(ocean)= flolA M EE Wl wabA =
AASGH s LS A9 Ad=E AgEHA FeokFigure 2.55(0). B AFolAl=
bilinear, average & ZAEd WHO AFE F3) average WHS S WHo=E MY
o AAE PAED PR A5 AAMYE FIdsta AR FAHEE ERA-S A4 A
o} HEE D= P18 dregrdding)S <3 51 thFigure 2.55(d)).
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Figure 2.54. A overlay map of the Korean Peninsula topography
and gridded data of ERA-5 reanalysis data: Jeju island (red
circle).

# : i

(d)

_»a;’r’

Figure 2.55. Results of NDVI Data Preprocessing: (a) Original NDVI Data, (b) Bilinear
Resampling, (c) Average Resampling, (d) Regridding (Including Average Sampling).

SST 713 gk, NDVI A5 F71=2 € 712 o= 2d(Figure 2512 +2& 7/435HA
o} =do] Input 29 FIH& Figure 2.563} 2.573 o] 2714 A= FE53I9h A HA 2
Mo 71E Input 29} Zo] 7l CCA (Conv2D, ConvZD, Attention Block) &2 43 % Input

_6‘]_



2, 3, 49Jr AA ¢ o]oj(concatenate layer)E o] 8 3}01 gt 3 prediction FEQ YHAZE o]
|3tk 7 HA ES Input 2, 3, 45 WA FF HoloE o8&t WY F CCA EELZ
&)t al prediction FE 4 ABE 0]%—6]-1’4.

¢

<
M
2
Q
£
o™
‘5 e
e Prediction
; ”
-
a >
[=%
£
g i i H
g skip connection
- ; t won
IS
3 W/4, H/4 b w2, 2
V4 7 e
i ] Input data BiConv2DLSTM Com2D 11 |
i W/8, H/8 A i
v b wia, n/a o |
; onv2DTranspose i
Conv2D 3x3 om0 :
i
Attention Block Concatenate i
i
; Max pooling Dropout ;
Bottleneck !

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

Figure 2.56. A Schematic Diagram of the 1-Month Temperature Prediction Model
Redesigned with Two New Input Data Sets.

<

=

=

Q

£

3]

5

g Prediction
; ”
-

=1

Q

£

=

2 . .

‘_g skip connection

W, H ¢ Wi2.H2

; mmmmsesm—ss
1

. i ‘ it data BiConv2DLSTM ' Conv2D 1x1
* w/a,Ha '

i

i

i

Conv2DTranspose |

2D 3x3 1

Convan 3 +BN + Act. i

Attention Block Concatenate H

X 1

H Max pooling Dropout E
Bottleneck

H 1

Figure 2.57. A Schematic Diagram of the 1-Month Temperature Prediction Model
Redesigned with Two New Input Data Sets.
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2423 A2 Qe oHAE o]8F /1L 42 =l T3

718 18€

71 odF 2l
Reloadded)2] Stage-N blockS o]&3te Hd mdS

ol7|elA F Kim 5(2024)°]

A ¢+3 RDNet(DenseNets

T=35} A thFigure 2.11). 7]1& CCA

(conv2d + conv2d + attention block) &%-<S RDNet] Stage-N blocks 883} convad,
LayerNormalization(LN), conv2d, GELU, conv2d, attention block®.Z CLCGCA E&+z= H7F
33t CLCGCA &5
o] +AsATh

Input 2

Input 1

ol g3te] W

3AS 183 2dS EUE Figure 2583 2.59¢ 2+

Prediction

skip connection

Bottleneck

i
H @ Max pooling @ Dropout

Modified Stage-N block #1

: i
‘: ' Input data ‘ BiConv2DLSTM ' Conv2D 1x1 i
H i
H |
i Conv2DTrenspose . !
i Conv2D 33 il ' Modfied Stage-N block #1 1

i
Concatenate ‘ Modified Stage-N block #2 1

H ' LayerNormalization 'GELUAc(ivalion

Figure 2.58. A schematic diagram of the 1-month temperature prediction model
redesigned with the stage-N block of RDNet.

Input2 Input3 Input4

Input 1

Figure 2.59.

iOW/2,H/2
v

skip connection

Bottleneck

H N
i
i
! 'ledava

! ' Conv2D 33 ‘ C“""’m'ﬂ"swse Maodified Stage-N block #1 |
! ' Attention Block ' Concatenate ' Maodified Stage-N block #2 |
H @ Max pooling lﬁ Dropout i

Prediction

Modified Stage-N block #1

1 i
I i

i
' i
! i
1 i
! i

i

Modified Stage-N block #2

' BiConv2DLST™M ' Conv2D 1x1

H ' LayerNormalization ‘GELUAm-vahan

A schematic diagram of the 1-month temperature prediction model

redesigned with the stage-N mlock of RDNet and two new input data sets.
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2424 FHE G PL oW J1L AF mY 73

=

2H A GAE VIHE ol8ste Y 7 dF 2EE |
B 8¢ mde T3 okFigure 2.12). 2~81A 38 71He AE g <]
ZA(concatenate)dted prediction layerE %3j 34%- o Sat= WHolth IHE s
prediction layerE 2714 FFZ #3519t A WA= prediction layerE =3 4433 7
g 3717  1x10 FAAF dolofE o] 83ho 45 d =3ttt + WA= prediction layerg 7]
= Ulg 712 oS 2d A" F4dF dolo] 279k o J/E gojo®2 Pt HF dF
ot =3, SAE SE Ede 2l S AACdA NE 2E O biaset weightE 18 A Y
delolEsl= W prediction layer: biase} weight7} fulolEx= Wiloz FA =T

rlo
AN}

Deep leaming model
. i
{trainable parameters)
(@) L p—
™\ Prediction layer §
™ (trainable parameters) ERA-5T2M
Dataset
« i 2
Input DATA |« Final prediction
.4
\\\ £ Prediction result
“1 Modeln
pN ®
Deep learning model

(trainable parameters)

® 1 N
y rediction layer _
VR & (trainable parameters) ERA-5T2M
Dataset Vs et A g |
7 : :
/| >
Input DATA . L Final grediction
% [N
\ )
L ———

Prediction result

J/

—
i Pre-trained model architecture

:r“} Meta Learner i Concatenate ‘ Conv2d ' Attention layer

Figure 2.60. Schematic diagrams of ensemble learning models: (a) simple
prediction layer (b) CCA prediction layer.
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2425 N 2§ 62 ¥He o|8% 71e 43 2d 73

N 28 4 WHS o] 83 7|2 dF 2d22 3-65 dF ZAdA o= Fuith o=
Hol $5% mdg N9 oY mag oz ddstd Je 43¢ s mdoln
Figure 2.61& 3-55 o &Aool =& A 2l 653 oS40l & B RdS o] 831 3-65 ¢
Z3le B4 mAzo|T,

ECMWF S2S Model Deep learning A Mode mi
A A A
1 week | 2 week 3 week 4 week 5 week 6 week
I

Input data of DL A model (n days) ) nput data of DL B

Figure 2.61. Example of a schematic diagram of a re-learning model.

24.26. Ags WYL o8 7|2 dF 2d 75

He ded 2d &5 AAHAA YA FF o2 &gkl FHEH gF
ZTsl= Z71F H(earlystopping) ol wel Sho] FEdE w ES #o] 3
(transfer learning)®} #o] ol 3dtFERT A AAHSI3
(Figure 2.62). B39 22 LA o] &4kl MAHX
A& (learning rate schedulen& ©]&3tt}. sh<y
g5ES JAs A 2Hste F8% 9T 53 : 5
A-sHA 2R HA 1 27)FE W 93 TFo] F5E 5 Ioh IHEE A W
o B3 ° o] &

23 wagte] HxsE B3 /e o

¢

A
ko
i)
lo
£
A
oX,

Deep learning model The Same deep learning model
ERA-5 T2M ERA-5T2M
Dataset = The Same Dataset o
| Input DATA| ——» Model > _ | Input DATA > Model -+ =
y "y raE—
Prediction result Prediction result

Figure 2.62. A schematic diagram of re-learning model.

243. IAFI 4L T ¥ 2d 4
4 F 217 (Convolutional neural network, CNN) *+x2] g&#¢ 2dLe e (filtenNs %
Hat= FAo A FA(neuron)o] FAHdead) F3Ksaturation)dhE @idel o] = E3

(feature collapse) &Ato] A& THFigure 2.63). RHo o ZA S EHol7] Ysixes dg A8V}
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convolutional layer <
T At &, A5 e
ARE AAdstet WelrE H A3 ors oS54 50l

T4 5 =AY 2=

| A= layerrt We
d =

saturated
neuron

dead neuron

HE: BEE™E
AEEEE¥EL

Figure 2.63. Visualization of activation map (input
https://github.com/ismailuddin/gradcam-tensorflow-2).

images obtained from

vl 283 #AA-S Activation layerd] A1zbatE
H AT A= Woo et al(2023)0] CNN dlojoje] A5 &4
distance (Eq. [2.16DE o]-&std Had =Edeo F8 3t A5 ?i*&% 1"&: 1 5F AT
cosine distance= AFAA g FEokoA] EA] EFAE AHEH

1 & & 1—cos(Xy, Vi)
= S [2.16]
c’ ZX]: 2
o714, c¢& A|'d(channel) <, F°} F+= convolutional layer, activation layer < &gk
45 94

ioh jAA WA (feature), (9 j= WA Ade] £AE ojuldtth. ZARl ATt %

gol A3 FeFs BABYel 4T AL & 4 AUk

244. 7|LSE A5 7t BH
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Figure 2.64. An illustrating of 5 points in South Korea.

5= g3d =dS rolling prediction &2 ECMWF S2S mdlo] 1-2F ARE
dEAEE ol&sty 3-6579 LTS 7|2S d3%o. ECMWFE S2S =29 forecaste}
hindcast A 22 tlaoz 2-3)5te] Py e 7|uke] forecaste} hindcast <27} A= T},
hindcast At5& ©]&3td ECMWFS Hed d= A8E=Z 3589 9 =2 AN (above normal),
BN (below normaD®| AAIZLS AT YARS B E4HE ©]&3to] CDF (cumulative

normal distribution) 7Y .2 A 43ttt

AAFE hindcast AN, NN, BN zt W9 &= forecast AFE5 S o] &3l o Z(forecast)e} H=
(observation) ™} E 3] ~(Figure 2.65)%2 ®7F3ta Eq. [2.17]1& o] &3t HSSE Al4kskch. HSS #k
2 -0 < HSS < 1 ¥HHjolH, 0ol s =g} Zo] ~Zo] glas vt

Observed category

o O1(AN) Oz(NN) O3(BN)

% Fi(AN) | n(F1, 01)| n(F1, 02)| n(F1, 03)| N(FD)

*‘E F2(NN) | n(Fz, 01)| n(Fz, 02)| n(Fz, 03)| N(F2)

g F3(BN) | n(F3 O} | n(F3 02)| n(F3 03)| N(F3)

o

- N1  N@©Oz) N(O3z) N
Figure 2.65. Matrix of Forecast and Observed
category.
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in(FZ-,OZ-) ZN N(O)J
i=1
HSS = N N [2.17]

[ i:N(F N(O)]
L

NZ

2do] Frh 7|z 20189 1€FH 20199 12¢, 2018 1€R¥ 202293 12€=2 7|
Urol dAstdt. A" A=<l NDVIAREZF 1982Lﬂ‘jE1 20193 74A ¥ F=E 7] wEoll A
H AR7F 365 712 FE AFd vAe IFS E457] BUF 7I3e WA 20229 12
E7HA 713 247 7= NDVI A5 E 2020878 2] NDVI A5+ 20199 AsolA i
do] A7rE ol &3tAH

AU 3=(El Nifo)oh 2 uklLa Ninia) B4 Al719] 7€ &8 242 24890 Ayt
20189 9¥€~2019'd 69} 2019 11€~2020d 3¢, ek 20200 8€~2021d 5€, 2021 8
2~2023 19 AT 717k ARTL ol sl AYPEE EAST 2018-20199 7]7ke]
EALe AR BEo AUne Uy B2 A9sian

2.5. A2A371HE ol &7t AT ATEL € 7| FF A
251 A% 3 2 AAT

Ay WTE A, dedes, 572, AfAE, oﬂ‘ﬂﬂom o] &3ttt

2D QPEA A5 F 9E Z5E CPC Global $4 #4, 99 7= CMAP A8 E o g:s}g} o
™ (ftp.cdc.noaa.gov/Datasets/cpc_global_precip @ ftp.cpc.ncep.noaa. gov/prec1p/cmap/) a2
S += NOAA OISST a3/ %= A= (ftp.cdc.noaa.gov/Datasets/ noaa.oisst.v2.highres), 3}%7]-2
(850hPa), ]9 a1%(500hPa), ¥ 7]%tS NCEP/DOE Reanalysis I (NCEP2) A5 835t
(ftp.cdc.noaa.gov/Datasets/ncep. reanalysisZ.derived/ 2 ncep.reanalysis2.dailyavgs/)). #+= A 57}
FAG 71zt dsiAe 9rde] qFARE &5, €T oA "o tis] APCC
MME #A5E 33t o] &3kt

=i c%]

J]Nv

32

JE

N7 EHACNN)Y] gPo s Agstr] $Jsid BE A8E 25° x25° AFEE
B goel 7x14d AAE FehRArr. TAZAAPRGGNNES  siA =
T2 gAZsia TE 992 12x24 AAE YA AtFoRE BE A
BE Zt ARl thste] 7]1F71711991-2020)0) thal] ®=3F AlAD A 28k

4

25.2. AA87371H A&
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dzts AZHE Z3FH(semi-monthly)S &85 Am7stel €45 F3HF A ZFH(Cutmix
|)S B8 A5Ast F A 7IHE A L5t ST St ARE HUE £ s
54tk Semi-monthly WM E 48 AaES AL, Aur])(1-15%), shr1(16-LD)e] o) 3
M) e Bt &Skt dEARY THE 7I167/0E A3 -FAD sk #
Am7F EA ek 713 A E, ], s S Add ¢ glow ASAETE EAEHA] Ee
7172 APCC MME €3 AETHs Algstn=z dY A5ThE A8 Cutmix H(Yun et
al. 20192 22 €& 9% 4D AR HEstH, W dafixdes s (A%, A=, 7]
el 3D Faol thsl| x|gste] FEuulE 7+ JhEH g JEAE wete dolEs AHEEA
o Aq7)A 713 R JdHARE &t o S A
o} Aol thaiAe HA e 1/8 o4, 7/8 olstE 2] &a}
Y o), 671 oldtE A &R sttt dHAES FUt A
&l CutmixE & 833t

253 AFATRE & 43 74

zdof ol7|Hlx A tigt AP o}
2de F e AT o]
Softmax &9 £7F WEHIZ FA}IT ¢

E; e o ™
UHLA 23} k2 Adam, €234 categorical cross entropyS AME3ATH BEAA B
s Fdste AFol thetd 7 FEFAAE E5H SAAZZ N ts) 0.29 dropouts Z
&3} tHFigure 2.66).

25600 A2 51208 L&
12804 HE

GlobalMa t
@ @ faxPoolaD @ @ ou
Squeeze

Figure 2.66. Structure of the 3D CNN toy model used in this study.

=@ (Figure 2.67)3 18 EFE $3F =d(Figure 2.68)
o

=]
R .
& A7 PASYY =5 B 2 A A 1HZFYFAAY BEo2 ojRojn 54
AAAZ o

< % Softmax <o &7 UEHIR o] FoA flon 2z do] s}
o] yo= :rmsp:}(ex 20174 79). == EAWNode features)> (A=, A=, 7|1 ®MPE
0] 1D ¥z 743 d=HAR geolm == 2PE8Node label) ¢yt B7]L AES
= 7helaE] 37holth dAl(Edge)= =& Abole] dF B AE A=E ‘%E}W%Eﬂ AA A4
2 7R 2R 4 mERC HE == 54 HE Abe]o] IARI FAREE Tekal O
#ol 0.1 =3l (= 49 25% A=el sies) AAE ddste 1 AR FAES 7F
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FTA 27|FoE AAZY. AAY VtFAE SEVFET ﬂﬂﬂ%%fri A7gste, Relo g5
HoA A 52 F ARE AT BdY HZHF Feot EATgsE CNN 2y 2o
= gulgd e 2= E GCN (Graph Convolutional Network) =98 Al-&3} T},

] [l

Figure 2.67. Structure of the GNN model for Node classification used in this study.

AT $f mAe A Aol TATE FAen D179 THHES A A48 Aol A
BE IYEE TEAY TdEe sl B§ o RE Fd, 4%, HAEHNOE ARE U
fow ez ANgraph abebel FeIel BEALel HES) AT ATk Lo ok
7 REE U AR, ADE o|FolAn xE B (I ¥MHE F 1D MEH 74
A YYAR golth dA(edgos F =S thal k= ST Ao TA AAEE
S 7 ol 0.1 2F AP EE AP 2= Aol o AR AFAE AgtA
ity mulel HAs §49 £4W5E ON 23} 2ot

<«

Figure 2.68. Structure of the GNN model for Graph classification used in this study.

AE5H6YE LT1, 7€ LT2, 8¢ LTI ALH12€ LT1, 1€ LT2, 2¢€ LT3) H#7|L 2
A (SPID odE AE Aol Hxdd €, dPANEE mds 2 5= 45 78 &
59 7t ulg At wEgA] AEE HERE Ao d&) 2d £ A ZE €9 AR5E T
AH&-3t= 7d-7-(Month-Agnostic) 9} &3 @¥F AF8-3h+= 7d-¢-(Target Month Only)E Bl s}t
AA 713elA B A5S AT H7HE H2EAS AYsta Uz 73k 349 EEE
o] B ES skt

l
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26. AT 71&¢ T8F TFRY PAE 25 %S FHTY
2.6.1. ¥4 A5 & AAT Y

A 11707 157 =do] APCC-MME AA|F o Zol] o Fo|H (Table 2.11), ol&d =
THA#S] e N Bd 5yAY 8] WL dHE EXE Qe MMER o 73
T B 4 9tk APCColA AA o2 Auixrt BA- o2 Alzg 20139 1€95E 20234
1297b4] 11d < 39 By FollA QM R Aol 7t wF FE A5FS 7
g 3R 523 & 4+ dor, 7| U 2E 2¥ Real-Time Forecast(RTF) AA YAE
S22 3460201tk MME #od =3 Ji4E= 20139 1€ 67004 20233 129 1374744 At =
7Hgan, A 2dE AlE AR ﬁﬂ AR ZrE GFE NFE 8t mEA,
MMEd] &&=+ F IHE M= Hiloz Z4F dAndoz sous AFS Bt
20239 12¢ 7|Fo = 71 Be og%-g% 717 =3 KMA GloSea6-GC3.2(847))o)x2 1 o
S I1F-S METFR SYS8(517H), CMCC SPS3(507)), JMA MRI-CPS3(507M)e|t}. w2 7p 2 &
AES 747 3 S NASA GOES-S$25-2.1, APCC SCoPSE 10709 4AES 71Aa ok 7
AF A2 g By Jje, 2 WA oy T FHRE oty 7T FH A E T

o

7}

Hj

Ok 03 o

3t} (https://apcc2l.org/prediction/global/model?lang=ko).

o] AFell A= 2013 FE 2023714 11d F<ke] RE 98 mdl RTF 8 45382
As FAYE AT SFFARE &3 o] F 20139 FE 2022714 10 gk
tra1n/vahdat10n~ A3l 4/19] ¥lE&R AGsHA Ve THE dsta, vpAE 202313 124
el Hes HZE s

HH=E frequencya

d Eh0 A E =

_—

2 o of

9% 2d 3489
! L realization> wj-9-
o]t} o] 2= Qo] SAlol aEstE WA o Z (season-agnostic) S 7t
Al At o] A olA 71]75:;1 Afo = | f8lA BE 2d & H A &%
= AZAA ARG AAstE Baer =5 45U
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3T
=

APCC MMEd| &85 & Bt GAE sl 8719 thr] T3 L—’F(PRECIP) 3= 7)1
(T2M), 3l sA/dE vFE2HU850, V850, U200, V200), T%F A= 2HZ500), siH 7|t
(SLP))JJr leH 2= SSDE FE8A shgol &8st ol L%O}—E ERA5 (Hersbach et

, 2020) AEA A5 WF A FE2AA EEEAH. JAFA T A B 5 Wl
50}/‘]‘5} AA Zao sl e 5 A4 FA40] s F dey o] AFelA = ERAS %
S4e Hesan. 98 422 Bolslt nE Wsswe Yy
979l B8 neAL W, ERAS JrgoR A Aol @
2olth, Folalol e 75-150° E, 15-60° N |
& Bas

BE@ 71+ 712 e 2d| AEEY AF o w2t 22k MME dSeAs 1 &
T71e BF JIee®E A do MMEE F=38h7] 913 Hd 7I1e 20219 1de 7
o= 1983-2005°14 1991-201002 A=A dEHAAIE WMOZE F4dst= 30 Azt 71
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o =& & e ole NE AYs 4o A4 Ad A=Hindcast) A4F 7]31o] =

, "hal/mi e on-the-fly Fei= HAl A7|= JHEHHAAM At &5 7Zto] ALz

Frobx7] Moty & AFeA= MME 7|&el Fste Hd 7133 daHGA oS
o

423D o] ARE AFAF BY ol BEIT BA AA 4% Bl A gshack

RIAN

dd A4 9= nd 25 $AH BAS H3] do] FgFE HEL £ A, olE A3
9Jx md 25 CESM2-LENS (Rodgers et al., 202D)E 33l shgoll &3k th 185019
A 20143712 16539 thsl 10078 th=F A+HE historical simulation 28 A5 2 A YA4E A

[e)

3 A A ol o gt A 5 Av-e & d| o] Z] of] A A T At
(https://www.cesm.ucar.edu/community-projects/lens2). 24l A AIgE 97] th7]/a]F HSG o] ]9
3} specific humidity (Q850), 3t% 12 &% (OMEGAS850) W& F713te] thket o1y W

3l Ule =Y AYe Fasnh
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https://www.cesm.ucar.edu/community-projects/lens2

Table 2.11. Dynamical seasonal prediction models used for developing an Al model to
enhance EA rainfall forecast accuracy.

Abbr. Organization/Nation Model system name Main reference/URL
] SCoPS (Seamless Coupled
APCC APEC Climate Center/Korea L Ham et al. (2019)
Prediction System)
BCC  Beijing Climate Center/China BCC_CSM1.1m Wu et al. (2010)
Bureau of ACCESS-S2 (Seamless seasonal .
BOM . o To be provided.
Meteorology/Australia prediction System)
. ) CMCC-SPS3.5 (CMCC operational  https://www.cmcc.it/it/publications/tn
Centro Euro-Mediterraneo sui . .
CMCC . o Seasonal Prediction System 0288-the-new-cmcc-operational-sea
Cambiamenti Climatici/ltaly . o
version 3.5) sonal-prediction-system-sps3-5
Central Weather
CWA . ) . o TCWAITv1.1 Paek et al. (2015)
Administration/Chinese Taipei
) ) CanSIPSv2.1 (The Canadian https://collaboration.cmc.ec.gc.ca/cm
Environment Climate Change . .
ECCC Seasonal to Interannual c/cmoi/product_guide/docs/tech_note
Canada/Canada . .
Prediction System ver. 2.1) s/technote_cansips-300_e.pdf
Hydrometeorological Centre of http://neacc.meteoinfo.ru/forecast/do
HMC . ) SL-AV-0721L96 )
Russia/Russia cumentation
. https://ds.data.jma.go.jp/tcc/tec/produ
Japan Meteorological ) o
IMA MRI-CPS3 cts/model/outline/cps3_description.ht
Agency/Japan 1
m
Korea Meteorological GloSea6GC3.2 (Global Seasonal .
KMA o i ] Kim et al. (2021)
Administration/Korea Forecasting System ver 5)
METF http://www.umr-cnrm.fr/IMG/pdf/sys
Meteo-France/France MF Sys 8 )
R tem8-technical.pdf\
Monenpb o6me#d UUDPK
. . . yagauuu atTmoc ®e perr
Voeikov Main Geophysical
MGO ) MGOAM-2 I'TO (Bepcusa MGO-03
Observatory/Russia
T63L25) /| Tpyaert 'TO. B
prrr. 571. C. 5—87.
GEOS-5S25-2.1(Observing System
. . Atmosphere-Ocean General https://gmao.gsfc.nasa.gov/cgi-bin/pr
National Aeronautics and Space | ) ) )
NASA o i Circulation Model and Data oducts/climateforecasts/geos5/S2S_2/i
Administration/USA o i )
Assimilation System Version ndex.cgi
S25-2_1)
NCEP National Centers for CFSv2 (Climate Forecast System  https://cfs.ncep.noaa.gov/
Environmental Prediction/USA version 2)
PNU-RDA CGCM v2.0 (Pusan
i i i National University-Rural
Pusan National University-Rural . .
PNU-R Development Administration
Development ] ) ) Ahn et al. (2018)
DA . . (National Institute of Agricultural
Administration/Korea )
Sciences) Coupled General
Circulation Model version 2.0)
https://www.metoffice.gov.uk/resear
UKMO United Kingdom Met GloSea6 (Global Seasonal ch/climate/seasonal-to-decadal/gpc-

Office/United Kingdom

Forecasting System version 6)

outlooks/user-guide/global-seasonal-
forecasting-system-glosea6
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26.2. AT i A9 2 Hs BIF YH

B AFAME SolAlol B4 24w B2 Aol FUEXIL dvht FABIE T
7}sH7] 2] 3h ACC(Anomaly Correlation Coefficient,
https://confluence.ecmwf.int/display/FUG/Section+6.2.2+Anomaly+Correlation+Coefficient?form=MG
0AV3) A5 A&ttt dZH3 AZHA Z2e 7|33E AAN dAxEE 41, A%
HE Folte WA dig 7tsAE 1ys] 7 FEEAA FLE HAA O A= #dE Ihol

FBAGE ANSA 0, AL obelsh 2ok

ACC= 1 . w;=cosd,; [2.18]
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(e o

HAFHo2 A" Al 7HA FA 2 A2 ofef Figure 2.693 2ot A WA= AAZE 4
Z GFE oA FHY PFES AE(SubSampling, SS)3HE WA olth Wl 30077F E= 4
FEEC EAst I FoAAs AASt wie & Wde] dE s Hole FFE teolth o]
23 B dFEES v AEsA g8A7I Thed e ddEETe HsH dod
o e vt 2081 AR B 2aS AEsiA EEAI7= Zlo] ofy 7)ol o
3 YA FASH Ha wEtd 7E gsREAGEE 7IHY AHe AT F de A0
ok ACC #toll wet SdE< vgEstar 49 10, 30, 50, 70, 90%°l 3B 3t= &S HsH
= B4NA ACCHE A GE B il =okx+= Ao =E Yehdt. 7|& %tieo] =&
= HF e g vEder Serta, AFE, AR AR daEFHA Yetu=d, o
23 e e AR FAEe AXNTTL = 5 AT 7€ A7Kim et al, 2022; ofej
ZIFAE AFERIA) “FotAo Ag T AT dF A FAS A7 Thol=gel” o
nEd, 715 HE B2 94, FBE AF ARt WEE, aga ol & ojd 59 B
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g 2ol s F JA Fo=A 30077 He FEE FToA FEo HEEe AED
FA Ha, AR o2 F o UL FEAGEE AHAE =T T e AR BN

T WA EA g Bae o =#3 #=ZS one-to-one (F-&, multi-to-one) St5IEE

O 2H FotAol g AdFo & DeBiasing, DB)A 714 =™, 71&9o] AFESA F

2 gg3t= lolth mA $XE] WAl Hol g 7|vke] ok w2)(Transfer-Learning

based Diagnosing, TLD)] =HZth #F YFEES TgFsie 49 S S 2ol §rE 4 gl
d of

N J

A dgets HA BE AdE 114, 12 A 238 o A7A BAEA e Az Aol
2ol B elZol W] ok Wt A AAE SeE do] AR 9 mdS 3
s st AaAsE ol UlE Wk mASAL, 16590 A7, 10070 B FAE
bl

NIO op

zkZ CESM2-LENS =49 X]—E’-_gg %L%—?'SH Z o] ?5_}’“ < Z3PstPTE et A7|A BA HE0l
FTE dYAolA AJAA 7 F2lgt 2EEE F1th, ol NVIDIA FourCastNet
(Pathak et al., 2022)9|A] 75 Eﬁéﬁ prognostic W2jo] ofd TE WHERHE Y FFE
diagnosedt= WAl A FEE AL Aotk Al 7FA HEWd 7% A B A=7 9 E
Zv7] Y3l e 71E9 A WA $RA di¥] o U2 d5s §RT 5 ojof gtk ol 9

ncg&Lmlr

N
- VPN
Om

3 RHom 7h o] 2ol FA oA B4 ¥l Quantile Mapping(QM)& #-8-3F Fof
Aot AX a4 ARE 712A0E HrtE A

TLD

QM

e

SS DB

Figure 2.69. Al-based and conventional statistical
approaches for enhancing EA seasonal rainfall
forecast accuracy. SS: sub-sampling, DB: debiasing,
TLD: transfer-learning-based  diagnosing, QM:
quantile mapping.

GdE A 2l Fx+ ofge}t Figure 2.709 2t dFE FIYstE €S VFER
T=0= Fi1, 3A 3/hLe] AZAEDES vl IHLe FE dS2S oo Zola A
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8/M7kA 2] 52 E WHael land-sea mask(LSM) 5 A A W4E Fol g AF AdE T
AstAl Aok oS 8 A(T=0)0 g GFE e o)A 29 lead=20 NFst= YFE A=
< olo] B ARl AHKAS IHse WAE AIE SIS Agees B ALt
obd J¥E YFE ACC #s 53 WFE F Zlo] 7€ d7¢9 AEse e Holgk & + vt
olFA HAl thr)deEel tid HRE SEsiA JNE FES ACCE F483ta, 73 Z

lm

ResNet o}7]€l x| (He et al., 2016)S # &3t o]z YL A
BH YAE =02 oo = A - T3 FSIF GHE 9=
o] AL F 2} = 7H Z1dkgkt}, g 7)ol AAlEteE 7%

4]
2 A2 2
o Hf HEoox X X Y -

& A4 o Z(forecasting), W& 37/MLe GFE 4
2oz ACC 4 ndo 7]o3tta o]

+
X0
o
Py
o
o

N7 Adge 7|EHoE md Zo], JHEWHsy, W Ao s ol FoFt
(Table 2.12). ResNet #o]o] zlo]E 18/34/50/1012 =&7tH d& Q

<=3k ResNetl83} 714 E%3F R

F7F Aol olFojHT. dH€A
zkol 7t fla= g, AAH J M= =1

- dgw ol SST F7F o7, LSM, 9%, Ad w5 F7F o7, ol o o]

= T3 A3(T=0) OP@P% o= F7} o, 1Y 7]$ A$EL multi-modal input &
AdstA Ho. §AE zero

= StFol HEe A7 o

o} static H-Es A3 WTE AL LSM# ¢
by 3 T2 gAY, T=0 49

Bz dHo| F71EA A7 5
padding 2|3 SST A=E <
Bl A" Ao+ SST
T 2%l Ae Ml w9
S F7 taiAe I , S =7lale AE AAE
O 43 243 =3A= B} B HFHo 2 A9sA Aot o)
Ao A4+ learning rate, batch size, epoch tolerance & ZA3tHA HA MEES ZA He
o, % =4 A& leaning ratex= 5x107, 1x107, batch size=8, epoch tolerence=20,302.
2 NEE AY3sA ek 53, batch size Eole AL $d 55 =Y B olYg HAE X
574 =Y £ Y= WetolgiE 8 89 AokS FuFr) batch sizeE ZFol= tjAl JHE

= T MT o u E]u
== =
A8 FHE

& 2l
W S%EE

gpu memoryol] 3 ¥ o Yoz Ad¥s g & AT ¥E &
= 7€ 97Ex¥ F=2 MSEE &3t custom WA o= %o 7IFAE F= MSE A
A& Herou, deol 238 fadste 4dFe Hol HFHoEs 24 A"EAA Alske]
o A FA 2A ZIosts Ade] HArt FHE F2 9oz dAHHEAY HY, A=
=2 7FEAE Fe B0l A WEeR Stge = He Aol obdrt g o+

of that AFZAA A3t HA HiAe] 2gshA] &Fkal, HFH o
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Spatiotemporal Evolution (from OBS to ENS) ~DSP SKILL

7(6) months seguence of Recent Atm. Condition
(Issued 1 month before)
. Preceding 3 months (ob.z) T:. 0 (ens) o Following 3 ‘nonths (ens) o
Obs (Feb) Obs (Mar) Obs (Apr) ENS(May,—1) ENS (Jun) ENS (Jul) ENS(Aug)
FORECASTING DEBIASING

A. INPUT B. RESNET block C. LABEL (1D)
WS o Acc
: j k| TP ¢ EA, Rainfall (UA)

CxWxH
C: 8vars = 7(6) time steps
N: samples (over 20K ENS.)

ResNet18/34/50/101

D. SUBSAMPLING

Figure 2.70. Illustration of the ensemble subsampling (SS) approach: (A) training input, (B)
deep-learning architecture, (C) ACC metric value as the label, (D) selection of ensembles with
high predicted ACC for the new ensemble mean forecast.

Table 2.12. Sensitivity test setting for the SS approach.

ARCHITECTURE

INPUT

HYPERPARAMETER

- Layer depth
(ResNet 18/34/50/101)

- Adding attention module
(CBAM) or NOT

- spatial resolution
(2.5 vs 5 deg)

- Adding SST var or NOT

- Adding time-invariant (LSM,
LAT, Orography) variables or
not

- Adding T=0 input or not

- Adding climate indices or

NOT

- Learning rate
(5x10-3, 1x10-3, 5x10-4,
1x10-4)

- batch size (8,16,32)

- Epoch tolerance
(15,20,25,30)

- Loss function

(MSE, lat. weighted MSE)
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2 AAGA = &t A GAE A md A oA nI AR g F AH T=0 7|EL
2 3A MY ASZ} v MY GFE dASHEES dEHA B dE9FES FAEEA H
1, 53 ¥es $Evt deke Y B AT ot o E A"etA | okFigure 2.7D.
e ol9ole] oAy tiy] e W, F AFES 1= mEt FF:A ZF A8 Az A}
S5 dH0=Z e WAooz 5 A Ads FASA Aok 48 AJ8 EYAE 23
stAl H=d oleld Ards xFS HA M dir|AE sEdA o Fobrlor AlA A
Ae FAsE Ao E o AA RAS AASIARoH, /ME FE g Aol g
Ao R HAFE AH}E =FshA "ok g8d ob7|9-E 7]E UNET (Ronneberger et al,

RESUNET (Diakogiannis et al., 2020), v}A|=to 2 dtA 3 21742 swin-transformer® off | g+
SWINUNET (Zhou et al., 2022)°.2 ¥3 AP FhstAtt. olzfg oz A|lA 48 =d A
Ae JA BZAAFE GEE AF0E olofX = Al - I3t X&7L YFE S 2xHbias)9}

A A #dAol de T dv= TP 7HEn.

Spatiotemporal Evolution (from OBS to ENS) ~ DSP BIAS

7(6) months sequence of Recent Atm. Condition
(Issued 1 month before)

Preceding 3 months (obs) T=0 (ens) Following 3 months (ens)
° ® ° ) ® ° °
Obs (Feb) Obs (Mar) Obs (Apr) ENS(May, ) ENS (Jun) ENS (Jul) ENS(Aug)

FORECASTING DEBIASING

A. INPUT B. UNET block C. LABEL (2D) + Composite

11 Y

I—1
- i d
I ; _’! I INPUT I ConvzD ﬂ - ?"

CBR
(ConveD+an+re UMl Concatendte

CxWxH H
C:8vars * 7(6) time steps I I
N: samples (over 20K ENS.)

MaxPooling2D I UpSampling2D

UNET/ATTUNET/RESUNET/SWINUNET

Figure 2.71. Nllustration of the debiasing (DB) approach: (A) training input, (B) deep-learning
architecture, (C) 2-dimensional rainfall field as the label.
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g Fgstdth. 48 A, BT g A Azt dig o3y =3t disl, HF |
o F7F AR didEl, 48 sz digt AgsiAch HFHOo=ZE= PRECP, T2M,
'U850", V850°, 'Z500°, "U200°, 'V200", 'SLP’ 871 22| W T-30M T+37b%] 6 (D7) A A
s Al AgstAnt. AT thal 140 AHWMEE LSM, A= 205 Frlske A
o] 7} kA ZHololA HF mEdlo] ALttt Sdeg A BN
ztol7b AR kol AMYE MESE Attt ZuNHT=
ol 4} FAL8HA batch size=8, epoch tolerance=20,302.8 A &3}
AEE 274 AEdlon, E3] SWINUNETS A9+ 1 #= leO'4 So 71 o3}
AT

[l l-‘ﬂ l‘ﬂ rl
R
i :
ut
Fot
e
QL
32
o

Table 2.13. Sensitivity test setting for the DB approach.

ARCHITECTURE INPUT HYPERPARAMETER
- spatial resolution (2.5 or .
. . 5deg) - Learning rate
- basic UNET and their _ different variables and (5x10-3, 1x10-3, 5x10-4,
variants (ATTUNET, 1x10-4)

lead-time combinations
RESUNET, SWINUNET)

- layer depth

- batch size (8,16,32)
- Epoch tolerance
(15,20,25,30)

- adding time-invariant
variables or not (LSM, LAT,
Orography)

SA AAZ 22k AA B2 UNET 2d 2705 A Tehe Wy W2 24 AlA AF=
7Fet Rtk Yang et. al. (2023)2 5438 Fold o a2 7] SHWNPSH) 2 AAE F 9
nd Q@A o g FrlstE FEYRE 2SS ZZd= W2 (Two-step U-Net modeDS Eaf <
& TR AFH AE A dFo] AdEE AT o 9 Wi x| up &l EobAof
< v DB 23 FolAof 4 DB 2d DHE A TSk W
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atm. variables

)
.ol

—
U-Net - J)

>

u850EA debiasing model
g

rainEA debiasing model

Figure 2.72. Second DB approach using Stacked Two-models (ST): one is a
model for debiasing EA lower-level zonal wind field (left) and the other is a
model for debiasing EA rainfall field (right).

2.6.33. Mo| gt Ed 7= ¥ 17 49 WH

AY AH 2 AeE BEF Tde) AR 2 WAL A2 W0dolPE Fe A M3
WEo S5d 5 Y HA reizatione] $7 @A REsTHE Holth of wWE, HA
Ae/@ gl talAE % AFEE 7oyl otk ERAS AHE7} 19408 3}

e JJr74 Ad A=

el

olE 7Hd & = A, 4 €l disl & A9 hindcastE A8t Tt Aol &
Fattts A diEo =olA AYGAAT gl Z71(1659)e] diEg GFEA00/N)S 7HR &
2d CESM2-LENS A& Z o] &3 A pre-traindlil o]S AEAAH O Z fine-tuningsl= o] s
& WAl mdS HATF ﬂl HHFigure 2.74). CESM2oA EHHE H 7133 34YE 23
He] #EAo] AN AXHEA #F VIHtoE ZAHEHI oA Aol Rl HFZH o
2 MME =#A&9 E%H H2Ests Ade #3390 /M8 Adel sl 16,50071 <]
pre-training £H MEES SR F Y7o, B AAE e =

Al B H g2 AdEE S99 B2Eds FAEAANAY " He 2%
< FYstFa(Figure 2.75), HA ML #HSF AEAA ]
specific humidity (Q850), vertical velocity (OMEGA850)S 37
Ao dsiAe A HTEE AdTo=ZN W g one-
7] WEERE  Ad(diagnose) WjogE IRAH  ADES "4‘5”0}95‘\‘4 °]&= NVIDIA
FourCastNet(Pathak et al., 2022)9] 7 2E HZHFS IF 283 Zolth. ATTUNET,
SWINUNETS 7|8 o}7|8lx 2 AL&3FHi I < =3 < step-wise
reduction, loss 7ZF4o] W& %2 %A w24S pre-train¥ fine-tuning Z+ztol 2 &3t

—|—‘

i

Fli‘
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CESM2 100 ens. ERAbS ERAS+MME
(1850-2014, 165yrs) (1940-2013, 74yrs) (2014-2023, 10yrs)

Figure 2.73. Process of transfer learning for diagnosing EA rainfall.

T-3/T-2/T-1 q
. T+1/T+2/T+3
, N "o'[uasoi [vssoj

%

B;" - B ‘?‘@s.v N
) g R

Figure 2.74. Physical variables used as training input
for the TLD approach.
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3. 21}
3.1 A8 A9 w2 md Ao uze BA
311 FeAs ez

A5 g 2 Ao HIREE WMEA Hrislr] Yt AGgE Ado] oH &
Sl tisA Attention U-Net=@e] JHA8 2 ECMWFS ZAmel #3452 GPM %
FAEE DUFARQIATL A=A MPZ P, o)FlA 158X = SFAER U
HA 5dX = HZE A5=E FHAES 74T Attention U-Net= 2 oAl convLSTM2D <
£ ol &3t FAHFLE HolojE A3t activation relu S AHEst RdS A%
Atk £A434+E= MSEMean Square Erron)$t4=, optimizer 34+ Adam3tE o] &3l
batch_normalizationg #&3l# &1 HFHo =z e 3Fa 79 AFHFART YES
ERASAEE T3 g5& sttt Figure 3.10A4 H T Mo Wvto 7 shsdl Axt
+ FAF BEstE & FAHA Xeke AL B Utk AEFe] A $ol= Attention
U-Net=do A 7 EAo] ZlEetY 3F7HA] ASEHA &+ 2

o}

o]

M

A U-Net PREC ERA5 PREC ECMWEF PREC

‘IlW
70°E  B0°E 90°E 100°E 110°E 120°E 130°E T70°E E80°E S0°E 100°E 110°E 120°E 130°E 70°E 80°*E 90°E 100°E 110°E 120°E 130°E

[ I I ]
01234567890 20 30 234567890 20 30 234567840 20 0

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

3.1.2. Filter 71¥{d @& V7= £ Ax

#ZA5<%] NDVI, SST9} ECMWFe] =& W& ERASSHS] a4 e Ao 24
WE ERASS AL S 4oy Fo4 71 doyel B WSS FHOE YYAE
T3t tHTable 3.1). Z+7+e] M= TMAX, TMIN, T2M, Z200, 72500, Q850, Q700, MSL, PRE,
NDVI(Obs), SST(Obs)e] At #4ol Egith JB4o]l £ WS Hdsty 2ze W

,ﬂ
T
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TFooA dodel =2 AR Attention U-Net2do| dHAE= T4t o

AT

A
o
™
(g{é
QL

Table 3.1. Index and variables of subsets for filter method.

Description of subsets for Filter method
TMAX(ECMWEF)
TMAX, TMIN
TMAX, TMIN,T2M
TMAX, TMIN,T2M,Z200
TMAX,TMIN,T2M,Z200,Z500
TMAX, TMIN,T2M,Z200,7Z500,0850
TMAX,TMIN,T2M,7200,7500,0850,Q700
TMAX, TMIN, T2M,Z200,2500,0850,Q700,MSL
TMAX, TMIN,T2M,7200,7500,0850,Q700,MSLPRE
TMAX, TMIN,T2M,7.200,7500,Q850,Q700,MSLPRE,NDVI(OBS)
TMAX,TMIN,T2M,7.200,7500,0850,Q700, MSLPRE ,NDVI(OBS),SST(OBS)

lEslEall=sl[olissliesliwli i@l lvelit-2

Filter 71 2423 Table 2104 HZo] A 7lE|1elel ECMWF AXEY =d9
TMAXE ©@E0 2 Ag3le] ERAS9IS] | =EFY 353 ACCEo] T2 RE AfAo] & W
TR 853 Huex9t ERASY H1 L& %7} ACCRT =9kt ECMWFEFS TMXZEe] ACCEEo]
0.312 ACC 0.2th9] 44 =& WFEY 527 Bty A5yt 9kt ECMWF =9 #}
Ao d&Asol £ Zoz ATdTKFigure 3.2).

03

0.25

0.
0.1
0.
0.0
: i
A B C D E F G H J K

Variables

ACC
- ul o

w

Figure 3.2. Trained results obtained from variables based on filter
method.
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3.1.3. Wrapper 7|l & A= &4 A=

Wrapper 71¥ el AxE EX3sl7] st #=x2 NDVI, SSTS 7|¥lo g ECMWF =4
TEZ o] &3} Attention U-Net 2SS 43 Hu 25259 ERAS H1% 9 ECMWF
5 Wy Ju2E A5E JHAEEA 4= T

A4 A521 NDVI(OBS), SST(OBS)2} ECMWFE =de] OLR, MSL, TMAX®#H 2] 3o =2 ¢
A28 S FA3a(Figure 3.3) Attention U-Net==o] &3 H12EZE ERASY Hu2x¢)
Hl w3k 237 ECMWFEF Edlo] Hue% t=07 ERALGS Hlwsk ZyRt ACC/F =uY+=
As & F JthFigure 3.4). o] & #=25 NDVIOBS), SST(OBS)¢} ECMWF =@ 9] OLR,
MSL, TMAX, T2M, SSTe}e] & %3o Wiis BAMoix wxo ECMWEF Rdo] Hu2Er
o ACC7F &2 78S BHAFA X3t A3 35kl g Held 2do] 859 ofH S
HolErh

NDVI(OBS), SST(OBS), OLR, MSL, TMAX, T2M, SST W9 2o 2 <5
sk53k 243 7hdlaig] DI NDVIOBS), SST(OBS), OLR, MSL, TMAXe] fg€mad o 714
ACC7F &t As glstdth ©Eof Q700, Q850, U50, U200, U850, V200, W500, Z200,
75009 WE Hled saddE vlastaal skl wEbd HFAHAZE NDVIOBS),
SST(OBS), OLR, MSL, TMAX, T2M, SST, Q700, Q850, U50, U200, U850, V200, W500, Z200,2500
dYAEE TS ZE ol td shas W38k ti(Table 3.2).

B NDVI(obs),0LR,MSL

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

=]

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

H(Obsevation)

Figure 3.3. Datasets of category for wrapper method.
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) D2 018 ?
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B 0.08
008 I
0
A B c D E F g H

Variables

ACC

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

Table 3.2. Index and variables of subsets for wrapper method.

Description of subsets for wrapper method

TMAX(ECMWE)

NDVI(OBS),OLR,MSL

NDVI(OBS),0LR,MSL, TMAX

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

NDVI(OBS),SST(OBS),0LR,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, TMA X, T2M,SST,Q700,Q850,U50,U200

Z 2R~ —=Z|omomoo|w | >

NDVI(OBS),SST(OBS),OLR,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),0LR ,MSL, TMAX,T2M,SST,Q700,Q850,U50,U200
U850,V200,W500

NDVI(OBS),SST(OBS),0LR ,MSL, TMAX,T2M,SST,Q700,Q850,U50,U200
U850,V200,W500,2200

NDVI(OBS),SST(OBS),0LR ,MSL, TMAX,T2M,SST,Q700,Q850,U50,U200
U850,V200,W500,7200,Z500

_85_



rln

o] z+zbo] A4 R7FA| 7EHlngle|A] ECMWEF 9= HuLeT Bt} ACC/F =2
7} ] 2] D¢l NDVI(OBS), SST(OBS), OLR, MSL, TMAX w9 J@L =29 A}
=9}t tHFigure 3.5).

rlr Hj
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o M 210l
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) Im4 I I I I I [I I I
0 — |

< o O O Ww > Z O o O

ACC

Variables

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

3.1.4. Embedded 7)ol w}& uizs ¥4 4

i)

i

Embedded 71 ECMWFe RE W=
Hiu2zo) dsiA AL o] &3l 3] l
S SAHUE HFE FEI **E“o}oi‘:‘r
NaN# o2 H Agox= oA A 2fsk3d D1r

o}g3le] P =ERY 3573 7Y tid ERA5S]
g A3 HAASTAAN AR AT =
229l NDVISH SSTE #3487 s A%e)

Jle —\> 4

IAAT FAEANA BH WHagFo A U8S0, U200, V200, Z500, 2200, TMAX, TMIN, T2M,
V8509 MEEe] FAEI ¥l HES AT T4 WFEY RE 2 BE 4 A
& 4#ske] v w3kYTHTable 3.3).

Table 3.3. Index and variables of subsets for embedded method.

Description of subsets for embedded method
TMAX(ECMWEF)
U850,U200
1U850,U200,V200
U850,U200,V200,Z500
U850,U200,V200,7500,7200
1U850,U200,V200,7500,7200,TMAX
U850,U200,V200,7500,7200, TMAX, TMIN
U850,U200,V200,2500,72200, TMAX, TMIN, T2M
1U850,U200,V200,7500,7200, TMAX, TMIN,T2M,V850

— [T |Q ™ mg 0w >
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Hl@ B4 A3 Filter7]W 3} o] ECMWFS] 2®l &% H 1L ACCHol 7M4 oo &
- ‘th‘r. 019] A= dAFAdEg s gEe g 2o r|FEoke] A&HH o] Hagk
7 (Figure 3.6).
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Figure 3.6. Comparison of the result of all variables by Embedded
method.
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Al St dd tolHE AARE + Ao
Z1FEEA A F HOlHE 7HAE F AESF =0 A9l Jhsstt
- A8 2AYY
el & AistetA v £EFsetes 59 2AYE FAol Alsdn
gole AAEE Tl st 2do e FAE F =S Addn
- st&5ALR Split
St dHolE ok HIZE HolHE Zests Bles AT & Assuvkel: 80:20).
ol mAlHd R g3t ATl AR
- 7HA &
HolBE AlZgtete] Adegh el Aol izt JRE TJ=Z= &<l 7hesttt
deolg el s o) FAE Flst= v &5ttt
- HF g5 AR A4E
“Generate” HE<S T HFHoR A g+ HolHE A3t
ol HolH = HAHYE B Shgol iR AEE = s FHE SHdT
o] N2’ AREAF T4 B A o] 29k Thekek HlolH AY sAde ATkl sk A
5 Ak BEo afA o, 7| Fd S A5E EA5ta St AR E WSsks H HASEHES
7N &= A oh(Figure 3.7).
322. 934 24 A8 A4E AR AT
HE Ase SgAs Xof HAE 2R YE AEHH, dojE 2AY srxe st
53 2AL"E gEARTE ASHES ) o EAsEE 7HE Bl ol&HA e ARE
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Add observational data
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Data Scaling:
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£ i _- Split train data
U101 el _Putput for Deep Learing Model: -
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Figure 3.7. Advanced Input/Output System.
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1<{ TEOKE
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2} 2 NetCDFAIE.¢] WEIAIEE
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(Figure 3.9).

Variable "msl"
In file "Split_Train_x_2001_2002.nc"

double msl(variable=3, sample=2,
: FillValue = NaN:; // double

Figure 3.9 Meta data for verification of output data by advanced

input/output system.

w3 2428 ABRE NetCDF Hol8 a4 @] ©A Aus) 4% QA Figure



3100 A=V AEg ~ALE AA g gFo] YLAHAEA G A3 ALY 9
0ol A 12 & Aqstd Z2e AT 5+ AUAHFigure 3.1D).

e

msl|

msl ()

959676 97503.1 99038.6 100574.1 102109.7 1036452

Data in = 95667.6, ax = 103645.2, Mean = 101075.0

Figure 3.10. Output data by scaled method.

ms|

Figure 3.11. Raw data by Advanced
input/output system.

HEHo 7 Holg AZ3Z 934 matplotlib, cartopyﬂPOl‘ﬂEiﬂl

g A= 716k HolE AZ3E o] &stal AMEA ZIwke] o] At o
7Vs3HA 7HAE HEE s do] ©7 = 9 okFigure 3.12).
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Unit: mrv/day

Figure 3.12. Visualization of ouput data for
verifcation.

HEE A AL HolHE AEtd HITHo=E Held 7]
223} 519 cH(Figure 3.13).

cccccc

RSy SNEeee i |
Normalized data =55 =l Raw data

Figure 3.13. Steps of outcome by advanced input/output system.
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A mde) ZuANsE /o o A W 7H L 48 B S5 L A3
2ol U@ BE HFe)S A FRG-4P)E] AME BE nFAW 1279 o5 45 A
ahsich

321 4% FFE 7Y 75

B Ao A 53 GAE 7|HL 4Fo|H(Table 2.1), YA4E 7|HA 3+ o
Z AAW mde 5%6(Table 2.2) ECMWFlE= 5% 2571 W md=2 ZHo3d9gA v
KMA(GloSea5)oll+= ResNet2- #| 23t 4F 2] Wiy mdo] o3t

Final prediction

Voting

‘_ed\(,{\?f\ _— ();\(:?\00/ ’ ) '?rg'g,(: Bfegicthn
p o ¢ prediction ~op, el
Attention
[ CNN ][ CNN-LSTM ][ ResNet ][ U-Net ][ U-Net ]
= R 7 Pz
g \ ) pr
e 3 .

Dataset
ECMWF-52S / GloSea5-525

Figure 3.14. Voting technique developed in this
study.

WA, RE(Voting)e A= e AAYW =
ResNet)& Z@z o g sh5A7| 1, 242t o=

& =Z3I9 tHFigure 3.14).

vl 7 (Bagging)2 FTd A Eo|A AMEHst= W2, bootstrap aggregating®] =UL=E,
bootstrap &3 :WH MW=L FHAAE
A3E EXE(voting S A 2
LS AR o 0 ] 2dE
A BHEA 83 dE AT AW EEdES HERE 5% & 2d AHRE H7s)
3} 4 tHFigure 3.15).

= o
[e)

_92_



Final prediction

Voting
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Figure 3.15. Bagging technique developed in this study.
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Figure 3.16. Boosting technique developed in this study.

2~ 7 (Stacking)->
of gollA % dee B Syt fith 1A F2 7l =(kaggle)

=l 1 3ol A wpA] et
e =97 A% HHAIEIDE 2ol ZIHE F stuolth 1y FEARS vkl o
EAY Bkl g2 277 S0l Hud 2l oF 32 BR Aol A3 "oz A
Atk dukstd 2eid e F 9, & A HAE e Rde AAs, F HA e =l
ANZ e s AXNA HEE E-W AR FF 3 overfitting) B = 7] wiEo|th 1
A 2HF e AHE Bl EEE e w Eu Ase FEHEAN G HHge] € 5 2



o B A7 2"HF JHdAeE oA dEd 9 Bde o5 AxE dE 24
(meta-model), ¥ A= Linear regressions WE Z@ = HA3}l3 Linear regression®] o
£ AAYW 29 J=(EFH) A3E dE€std HE A5 234E == thFigure 3.17).

Final prediction

[ Linear Regression J

=32} Stacking

Prediction of CNN
Prediction of CNN-LSTM

Prediction of ResNet

Prediction of U-Net

Prediction of Attention U-Net

(Bt O Q-’?g/c,. —~LPrediey,
g el prediction o e
Attention
CNN CNN-LSTM ResNet U-Net U-Net

Dataset
ECMWF-52S / GloSea5-52S

Figure 3.17. Stacking technique developed in this study.
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Figure 3.18. Test results of four ensemble techniques (stacking, boosting, voting,
bagging) applied to daily maximum temperatures from ECMWF-S2S. The ACC (Anomaly
Correlation Coefficient) for the 46-day time scale of the forecast lead-time(left), the
PCC (spatial Pattern correlation coefficient) for 1-4 weeks of the forecast lead-time as
weekly average(right). ECMWF is ACC and PCC before training.
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Figure 3.19. Test results of four ensemble techniques (stacking, boosting, voting,
bagging) applied to daily maximum temperatures from KMA-S2S. The left is the ACC
(Anomaly Correlation Coefficient) for the 46-day time scale of the forecast lead-time,
the right is the PCC (spatial Pattern correlation coefficient) for 1-4 weeks of the
forecast lead-time as weekly average. KMA is ACC and PCC before training.
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Figure 3.20. For the four ensemble techniques (stacking, boosting, voting, and bagging)

applied to the daily maximum temperature of ECMWF-S2S, the spatial distribution of

ACC for 1-4 weeks of advance forecasts was calculated, and the difference from the

spatial distribution of ACC before training at each time scale was expressed as a heat

map.
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Figure 3.21. For the five member models (CNN, CNN-LSTM, ResNet, U-Net, Attention
U-Net) that participated in the ensemble technique of the daily maximum temperature
of ECMWF-S2S, the spatial distribution of ACC was calculated from the results
predicted for 1-4 weeks after individual training, and the difference in the spatial
distribution of ACC before training was expressed as a heat map.
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Figure 3.22. For the four ensemble techniques (stacking, boosting, voting, and bagging)
applied to the daily maximum temperature of KMA-SZ2S, the spatial distribution of ACC
for 1-4 weeks of advance forecasts was calculated, and the difference from the spatial
distribution of ACC before training at each time scale was expressed as a heat map.
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Difference of ACC

Figure 3.23. For the four member models (CNN, CNN-LSTM, U-Net, Attention U-Net)
that participated in the ensemble technique of the daily maximum temperature of
KMA-S2S, the spatial distribution of ACC was calculated from the results predicted for
1-4 weeks after individual training, and the difference in the spatial distribution of ACC
before training was expressed as a heat map.
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Figure 3.24. Comparison of PCC changes according to member model combinations in
four ensemble techniques applied for the postprocessing of daily maximum temperatures
of ECMWF-S2S (left) and KMA-S2S (right) for 1-4 weeks of the forecast lead-time.
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Figure 3.25. Comparison of the average ACC at four grid points in South Korea for 1-4
weeks of the forecast lead-time in the ACC spatial distribution of four ensemble
techniques applied for the postprocessing of daily maximum temperatures of ECMWF-S2S
(left) and KMA-S2S (right).
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Figure 3.26. Summary of model skill for MJO phase classification for the test data.
Colored bars of each panel show the test accuracy (%) of the models of the present
study, and the ANN (Martin et al., 2022) and CNN (Delaunay et al., 2022) models are
represented by dotted and dashed lines, respectively. Left column panels are the results
with  RMM input variables (U850, U200, OLR), the center ones with VPM variables
(U850, U200, VP), and the right ones with OLR only. The upper row demonstrates the
results with temporal split data and the lower one with random split data.
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Figure 3.27. Ablation experiment results in terms of (a-d) hyperparameters such as batch
size, consistency cost weight, consistency ramp-up, and EMA decay and (e) data augmentation
used in the Mean Teacher algorithm in classifying MJO phases in the test data. The
ResNet-18 model with the original version of the FC layer was trained on the basis of U850,
U200, and OLR with 4500 labeled data.
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Figure 3.28. Performance of semi-supervised learning
models for MJO phase classification on test data with
different numbers of labeled data with comparison to a
supervised Resnet-18 model using all labeled data and
previous studies including ANN from Martin et al., 2022
(ANN(M22)) and CNN from Delaunay and Christensen, 2022
(CNN(D22)). The colored lines show the average accuracy
of the 10 independent runs with different random seeds
with SSL-based Resnet-18 model for three input fields
(RMM, VPM, and OLR). The shaded regions denote the
standard deviation of the runs.

- 105 -



18

Z- 2-un 13
8 H g
H] v 16 ¢
" a .
] a_ g
b} )
-] =1
. 2- = A
-
2 S w0 b} 13
] ] -1z
B2 2 10 3 3
g7 g
L] - - 10
2 a 13
] 8 --
2 (=
~ ~ 13 B8
] 2 - -
- - -
5 10 3
& g - o8
-
~ ~
8 8 1 g
] H - - 4

Autumn  Spring Summer Winter
Season

10 185
- w0 10 10

2015 2014

e 16 2
& i
10

-12
9

2
- 10
-8
n m .
[
- 8 13 n 8
4 w
@
L]
2

Autumn Spring Summer Winter
Season

22 2021 2020 2019 2018 2017 2016

H

Year
2022 2021 2020 2019 2018 2017 2016 2015 2014

Figure 3.29. Monthly and seasonal SSL-based model performance heat
maps with the test data for MJO phase classification for (upper
row) RMM and (lower row) VPM index. The number of errors in
each grid shows the MJO events misclassified by the model.

- 106 -



AMM E100 latels RMM B100 labels

- nactive

i
- Active s —active

4
an
0

0
1

o

- ~ = - “ o - ® o a - N

Month

2

Error cases
2

Error cases
&

Summer

WPM B100 labels VPM B100 abels

- nactive - nactive
- Active - Achve

Error cases
z

Error cases
&

=
z
=

Spiin
Sumemer

- ~ = - “ o - ® o o o o

Manth Season
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Figure 3.31. Comparisons of semi-supervised learning (SSL)-based
and supervised learning-based models in predicting MJO with
BCOR on test data over lead times with a 5-day interval.
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Figure 3.33. Model performance of bivariate correlation
coefficients (BCOR) on test data for winter
(November-April) and summer (May-October).
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Figure 3.34. Model performance of bivariate correlation
coefficients (BCOR) on test data for winter
(November-April) and summer (May-October) using the
ResNet-18 model trained on only MJO anomaly input
variables.
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Figure 3.35. Model performance of bivariate correlation
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Figure 3.37. Relative contributions of input features for both RMMI1 and RMM2 by
simple spatial average over lead times with a 5-day interval.
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Figure 3.39. Attribution maps of TCWV Anomaly and U850 Background variables for
lead times of 5, 10, 15, 20, 25 day.
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Figure 3.40. Ranked probability score (RPS) for

MJO phases for different perturbation methods at
lead times of 0 to 30 days.
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Figure 3.41. Ensemble results with different perturbation methods for MJO RMM
probabilistic predictions with 10 ensembles with ERA5 ensemble data. Solid black line
indicates the ensemble mean, and the gray line the ERAS reference data.
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probabilistic predictions with 50 ensembles with monte carlo dropout perturbation.
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Figure 3.44. Probabilistic predictions of MJO
phases produced by predicted MJO RMMs with 50
ensembles of Perlin noise perturbation.
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DL-CBAM+BIGDATA+FLT2+BTLNCK-14 °]w¥, 2z} w9l Dataset, Epoch, Loss, Validation Loss,
Input length+= Table 3.49} T} o714, Atel|™(case name)e] 7|+ DLo] %Fﬂ‘/‘ 24, SEQ}
CBAMo] oj’IAd &5 wWiAUS W4, BIGDATAﬂ Sl H 717} A4, FLTZO]

W B4 WUE o85cl  BIGDATAS FLTZZ} 488 5@ Bk ol2gd Jue
L 2he NG mdolth

Table 3.4. Summary of ECMWF S2S Model and baseline deep-learning-based 1-month
temperature prediction models.

Case name Dataset Epoch Loss Val loss Input length

ECMWF ECMWF S2S Model

DL-SE-14 TDSV31-1_SHUFFLE 18 0.00189  0.00326 14
DL-SE+BIGDATA-14 TDSV32_SHUFFLE 21 0.00155  0.00306 14
DL-SE+BIGDATA+FLT2-14 TDSV32_SHUFFLE 17 0.00139  0.00303 14
DL-SE+BIGDATA+FLT2+BTLNCK-14 TDSV32_SHUFFLE 19 0.00101  0.00292 14
DL-CBAM-14 TDSV31-1_SHUFFLE 16 0.00167  0.00328 14
DL-CBAM+BIGDATA-14 TDSV32_SHUFFLE 20 0.00156  0.00298 14
DL-CBAM+BIGDATA+FLT2-14 TDSV32_SHUFFLE 19 0.00247  0.00322 14
DL-CBAM+BIGDATA+FLT2+BTLNCK-14 TDSV32_SHUFFLE 19 0.00093  0.00300 14

Ade 9 H3Y 7 Ui 712 oS 2l 728 AR WFAYSE, g% dHolH
A, deolo] HE & & & sty AAEAN. o' vMAUEE TAHSE SE, CBAM,

o
aga SEdlely A, #Helo ¥y o+ gFe WEsiin. =Y DL-SE-14,
DL-SE+BIGDATA-14,  DL-SE+BIGDATA+FLT2-14, @ DL-CBAM-14,  DL-CBAM+BIGDATA-14,
DL-CBAM+BIGDATA+FLT2-14°] t.

2do A 14Y ARE o] &3ty 1Y dSste RdE FASAY. &4 $4(activation
function)= Relu, &E]w}o]#(optimizer):= ADAM, 3&}<5sE(learning rate)e le-4, £43+<=(loss
function)= MSE(mean square error), 7@ Alo]Z(kernel size):x= 3x3, #@olo] ZH(layer
pooling)-& MaxPooling, && o}-2-&(dropout rate)& 0.55 o]-&3} ).

249 Hrte 379 479 dSARANA GRAHY Sl AAE st AL SE4
=4t ASOS(Automatic Synoptic Observing System) #2852 Al4Hs 389 gk(above normal,
near normal, below normal)3 HSS(Heidke Skill Score)E o]-&3le] #H7lslch @eld 7]6k 1
ME 7l o= mdS 0|83} rolling prediction methodZ ECMWF S2S dlR 2tz o] 1-2F
A85E JHYAEE o]8&sle 359 4FE Ao ZF(reforecast)stR . Ad =2 forecast,
hindcast A& =5l &34t EAzAA 2016934 2017'd-> ASOS #SAFE A4S 3
=9 A=7F floiA Al 9 skt
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Figure 3.45. Plot of model training results by batch size.
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Figure 3.46. Plot of the comparison of the ACC by season.
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Figure 3.47. Plot of the comparison of the ACC by vear.
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L gFAHe BYon, 20203 ZE HEY 2do] £ X :
Y Edo] ECMWFR T Y& Ad5S HAokFigure 3.5). F2olA] 2018d-&
Edo] &2 dFA4S BHon, 201992 DL-SE, 202082 =& Hed =Edo
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Figure 3.48. Summary of the HSS assessment for lead time of 3 to 4 weeks (F1 to F2): (from
left) ECMWF S2S model and 6 baseline models (DL-SE-14, DL-SE+BIGDATA-14,
DL-SE+BIGDATA+FLT2-14, DL-CBAM-14, DL-CBAM+BIGDATA-14,
DL-CBAM+BIGDATA+FLT2-14).
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Figure 3.49. Summary of the HSS assessment for lead time of 3 week (F1): (from left)
ECMWF S2S model and 6 baseline models (DL-SE-14, DL-SE+BIGDATA-14,
DL-SE+BIGDATA+FLT2-14, DL-CBAM-14, DL-CBAM+BIGDATA-14,
DL-CBAM+BIGDATA+FLT2-14).
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Figure 3.50. Summary of the HSS assessment for lead time of 4 week (F2): (from left)
ECMWF S2S model and 6 Dbaseline models (DL-SE-14, DL-SE+BIGDATA-14,
DL-SE+BIGDATA+FLT2-14, DL-CBAM-14, DL-CBAM+BIGDATA-14,
DL-CBAM+BIGDATA+FLT2-14).
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Figure 3.51. Line chart of training loss of a deep learning model.
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Figure 3.52. Feature pair-wise cosine distance analysis of a deep learning model.
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(feature cosine distance)”’} AF&EH ™, A7l 77 +E 03 37t AdlE s AL ot
24 A3, ofeld w#AYE SE9F CBAM =5 U-NET o}7]1=) %] 9] bottleneck ?7%1]%1 J of L}
= ASZ YElt. 184 bottleneck T+7FS contrasting path$} expansive patholl A AF-&-3F
CCA(conv2d+conv2d+attention block) &5-& ©]-&3}% thFigure 3.55). CCA &5 FLT27} & &
# F 2d(DL-SE+BIGDATA+FLT2-14, DL-CBAM-BIGDATA+FLT2-14)o 2 &3}3 g5 & 34
¥ 4= sttt Bottlleneck 7 A3 £ 913 AR AgrE A4 AAEE Ae BA

tH(Figure 3.56 % 3.57). Table 3.5 bottleneck #+3te] 7jAd =do|t),

Feature pair-wise cosine distance Bottleneck
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Figure 3.53. The results of the feature pair-wise cosine distance analysis of the
deep learning models with the SE block.
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Figure 3.54. The results of the feature pair-wise cosine distance analysis of the
deep learning models with the CBAM block.
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Figure 3.55. Design of CCA block.
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Figure 3.56. 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 3.57. 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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Table 3.5. Summary of improved deep learning models using feature pair-wise cosine
distance analysis.

Case name Dataset Epoch Loss Val loss Input length
DL-SE+BIGDATA+FLT2+BTLNCK-14 TDSV32_SHUFFLE 19 0.00101  0.00292 14
DL-CBAM+BIGDATA+FLT2+BTLNCK-14 TDSV32_SHUFFLE 19 0.00093  0.00300 14

Bottlenecko] 7A® =d-& o] &3t HSS H7IE F3ystATh A 7]3te] disiA= Fl
o| 5 DL-SE+BIGDATA+FLT2-14+= 0.17°|4 0.25, DL-CBAM+BIGDATA+FLT2-14+= 0.17 4|
0.20, F2oll4 DL-SE+BIGDATA-FLT2-14+= 0.04°l4 0.08, DL-CBAM+BIGDATA+FLT2-14= 0.04
of A 0.05% 704 = L eH(Figure 3.15). o = 1(F1, W+3)ol A 20219 =
DL-CBAM+BIGDATA+FLT2-14 24 A 9] sla = =5 AAE o, 20224
DL-SE+BIGDATA+FLT2-142 22 0.120]4 0.335.2 2u] o] /N4 = I okFigure 3.45). 4= 2
F(F2, W+hollA+= 20206 DL-SE+BIGDATA+FLT2-14, 2021@ DL-SE+BIGDATA+FLT2-14,
DL-CBAM+BIGDATA+FLT2-14, 20223 DL-SE+BIGDATA+FLT2-14, DL-CBAM+BIGDATA+FLT2-14
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Figure 3.58. Summary of the HSS assessment for lead time of 3 to 4 weeks (F1 to F2): (from
left) ECMWF S2S model and 8 baseline models (DL-SE-14, DL-SE+BIGDATA-14,
DL-SE+BIGDATA+FLT2-14, DL-SE+BIGDATA+FLT2+BLTNCK-14, DL-CBAM-14,
DL-CBAM+BIGDATA-14, DL-CBAM+BIGDATA+FLT2-14,
DL-CBAM+BIGDATA+FLT2+BLTNCK-14).
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Figure 3.59. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model and 8 baseline models (DL-SE-14, DL-SE+BIGDATA-14,
DL-SE+BIGDATA+FLT2-14, DL-SE+BIGDATA+FLT2+BLTNCK-14, DL-CBAM-14,
DL-CBAM+BIGDATA-14, DL-CBAM+BIGDATA+FLT2-14,
DL-CBAM+BIGDATA+FLT2+BLTNCK-14).
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Figure 3.60. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF  S2S model and 8 baseline models (DL-SE-14,
DL-SE+BIGDATA-14, DL-SE+BIGDATA+FLT2-14, DL-SE+BIGDATA+FLT2+BLTNCK-14,
DL-CBAM-14, DL-CBAM+BIGDATA-14, DL-CBAM+BIGDATA+FLT2-14,
DL-CBAM+BIGDATA+FLT2+BLTNCK-14).

- 130 -



0.2765 — 2023 Models La Nifia

0.30 0.1747 0.2226
0.2176 -
025 0 ‘
2041 2166)|
0.20 B i
0.154 0.1460
0.15 0.1086
0.089 01184
0.0833 00880 ‘ .

0.10 lovoos7—% 2% gy ‘ L o | o
0 = W00 (007 0.0306
2 ‘ o 0457‘ 0.0160 ‘

0.05 . | |

‘ ‘ ‘ 0.010
0.00
-0.05 =0.0156
-0.0650 -0.0626
-0.10
-0.15
F1 F2 F3 F
u ECMWF = DL-SE-14 # DL-SE+BIGDATA-14
DL-SE+BIGDATA+FLT2-14 u DL-SE+BIGDATA+FLT2+BTLNCK-14  m DL-CBAM-14
u DL-CBAM+BIGDATA-14 u DL-CBAM+BIGDATA+FLT2-14 u DL-CBAM+BIGDATA+FLT2+BTLNCK-14

Figure 3.61. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nina events: (from left) ECMWF  S2S model and 8 baseline models (DL-SE-14,
DL-SE+BIGDATA-14, DL-SE+BIGDATA+FLT2-14, DL-SE+BIGDATA+FLT2+BLTNCK-14,
DL-CBAM-14, DL-CBAM+BIGDATA-14, DL-CBAM+BIGDATA+FLT2-14,
DL-CBAM+BIGDATA+FLT2+BLTNCK-14).

342. ¥y W gL T 7R 45 =22 43 R 2%

7IE UiE 712 45 Edg 7Htes 3 FopAlopxd d 7R &E dFEPDe
T2M WHprbg o] &ato] FHEQIT 5-6F A FolAs th7]-AH-3] HALO) Al=Hlo weh =
[e)

Z1Zo 7 M|, djoko] o3 e IckMariotti et al., 2018). 71F /€2 71L& o= mdoj
2™ 252 NDVI, sdAs=2 SST 7|13HdA=mE F7)star DL-SE-7, DL-SE-7+SST,
DL-SE-7+SST+NDVI, DL-SE+FLT1+BTLNCK-7, DL-SE+FLT1+BTLNCK-7+SST,
DL-SE+FLT2+BTLNCK-7, DL-SE-14+SST+NDVI, DL-CBAM-7, DL-CBAM-7+SST+NDVI,
DL-CBAM+FLTI+BLTNCK-7 % 107/} R2& F=39ch zF Atdlol A ALL3 dolE A, &<
Z87 ox3, &4, AF &4, 985 dol= Table 3.69 2l Ab#%(case name)S
A At A3 2o SST, NDVIE 71+ M€Y 71 dF ZdoA F71gt H4E or|dirh
rdol  JE¥aAsE  Aole JIE EEH} OEA TS of&siin. Ad  HUle=
TDSV32_SHUFFLE ©o]EjAle] HI2~E ARE o] &35ty 2018~20223@2 EA39 T NDVI A=
7F 1982~2019@7FA1vF F=Eo] 7] wiFel 2020~2022 32 20199% AEE o] &3
NDVI A&7} 59 2018-2019d £4 & 59 2d HA Y FolA oA Y 5-65 7|25
= FFEAHL 347 FFEHANA g3
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Table 3.6. Summary of deep-learning-based 1-month temperature prediction models with
NDVI (land) and SST climatology (ocean) variables.

Case name Dataset Epoch Loss Val loss Input length
DL-SE-7 TDSV61_SHUFFLE 29 0.00268  0.00371 7
DL-SE-7+SST TDSV61-2_SHUFFLE 20 0.00170  0.00319 7
DL-SE-7+SST+NDVI TDSV61-2_SHUFFLE 26 0.00185  0.00343 7
DL-SE+FLT1+BTLNCK-7 TDSV61_SHUFFLE 25 0.00279  0.00384 7
DL-SE+FLTI+BTLNCK-7+SST TDSV61-2_SHUFFLE 20 0.00115  0.00324 7
DL-SE+FLT2+BTLNCK-7 TDSV61_SHUFFLE 19 0.00178  0.00356 7
DL-SE-14+SST+NDVI TDSV61-3_SHUFFLE 23 0.00140  0.00314 14
DL-CBAM-7 TDSV61_SHUFFLE 30 0.00274  0.00381 7
DL-CBAM-7+SST+NDVI TDSV61-2_SHUFFLE 17 0.00215  0.00354 7
DL-CBAM+FLT1+BLTNCK-7 TDSV61_SHUFFLE 25 0.00279  0.00384 7

B7F 23, 3F(FD 52 ECMWEFED £2 d3Ads Bl 2do] gilen, 45(F2)
=2 DL-SE-7+SST, DL-SE-7+SST+NDVI, DL—SE+FLT1+BTLNCK—7+SST DL—SE+FLT2+BTLNCK—7
2do] ECMWFRT £2 qFAS Bt 5FF3) 932 9 =d =% ECMWFRT =
AZAHS HAeH, 657F4) =2 DL-SE-7, DL—SE—7+SST+NDVI, DL—SE—14+SST+NDVL
DL-CBAM-7 mdo] ECMWFET F& o F5A4S EAthFigure 3.62). AA 7|13t oS &9+
19} DL-SE-14+SST+NDVI, 29| DL-SE+FLT1+BTLNCK-7+SST, 3% DL-SE-7+SST+NDVI <=o] 1 th.

AU By A7) 3FFD o =& DL-SE-14+SST+NDVI = do] ECMWFRET & o=
& 19 thFigure 363) 47([F2) =& DL—SE—7+SST+NDVI, DL-SE+FLT1+BTLNCK-7+SST =
do] ECMWFRETG £& o4& Bl 57(F3) o= DL-SE+FLTI1+BTLNCK-7+SST =.dlo]
ECMWFXET} =& o%l—f—*é—% HIom, 65(F4) oﬂ%—oﬂﬁ{— DL-SE-7, DL-SE-7+SST+NDVI,
DL-CBAM-7 =do] ECMWFET}H o &Ao] #:3uth dYyx LA A7 dF &5 14
ECMWF, 2% DL-SE-7+SST+NDVI, 39 DL-SE+FLT1+BTLNCK-7+SST <=¢.& byttt 2huk
WAy Al 719 3#(F1) d=2 107 =d m5F ECMWFRO v o =4S B tHFigure 3.64). 4
F(F2) o2 DL-SE-7+SST, 5F(F3) ¢ =< DL-SE+FLT2+BTLNCK-7 = 2lo] ECMWFR T} o=
g o] m}E} a8lal 653(F4)  o|=S  DL-SE+FLT2+BTLNCK-7, DL-SE-14+SST+NDVI,
DL-CBAM-7 =do] ECMWFRT o Z4o] E4t} Uyt FA A7]9] odF &= &5 19
DL-SE-14+SST+NDVI, 3% 1% DL-SE+FLT2+BTLNCK-7, 3$]+= ECMWF <=o]lth
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Figure 3.62. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model and 10 models with additional input variables (DL-SE-7,
DL-SE-7+SST, DL-SE-7+SST+NDVI, DL-SE+FLT1+BTLNCK-7, DL-SE+FLT1+BTLNCK-7+SST,
DL-SE+FLT2+BTLNCK-7, DL-SE-14+SST+NDVI, DL-CBAM-7, DL-CBAM-7+SST+NDVI,
DL-CBAM+FLT1+BLTNCK-7).
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Figure 3.63. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF S2S model and 10 models with additional input variables
(DL-SE-7, DL-SE-7+SST, DL-SE-7+SST+NDV], DL-SE+FLT1+BTLNCK-7,
DL-SE+FLT1+BTLNCK-7+SST, DL-SE+FLT2+BTLNCK-7, DL-SE-14+SST+NDVI, DL-CBAM-7,
DL-CBAM-7+SST+NDVI, DL-CBAM+FLT1+BLTNCK-7).
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Figure 3.64. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nifia events: (from left) ECMWF S2S model and 10 models with additional input variables
(DL-SE-7, DL-SE-7+SST, DL-SE-7+SST+NDV], DL-SE+FLT1+BTLNCK-7,
DL-SE+FLT1+BTLNCK-7+SST, DL-SE+FLT2+BTLNCK-7, DL-SE-14+SST+NDVI, DL-CBAM-7,
DL-CBAM-7+SST+NDVI, DL-CBAM+FLT1+BLTNCK-7).

343. A HEY oMIPAHE o] 8T V2 dF Ed 49 3 AR

Kim 5(2024)°] A¢tst RDNet(DenseNets Reloadded)e] Stage-N blocke ©]&3}4
NM-SE-7, NM-SE-7+SST+NDVI, NM-SE-7-RELU+SST+NDVI, NM-SE-14 & 48 ®H4 84S 5
g 7|2 dF EdoA 2 d3AHs B ZEE FHOE 4 RdS FESIYtHTable 3.
7). NM-SE-7-RELU+SST+NDVI =&& A 9)gt 37] =deo 7]& 43} ¢4 RDNeto] 7]
43 320 GELUE o] &3ttt

Table 3.7. Summary of modified Stage-N architecture-based models for 1-month temperature
prediction.

CASE NAME Dataset Epoch Loss Val loss Input length
NM-SE-7 TDSV61-2_SHUFFLE 27 0.00140  0.00331 7
NM-SE-7+SST+NDVI TDSV61-2_SHUFFLE 23 0.00165  0.00336 7
NM-SE-7-RELU+SST+NDVI TDSV61-2_SHUFFLE 24 0.00159  0.00342 7
NM-SE-14 TDSV32_SHUFFLE 21 0.00164  0.00312 14
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H7} A7, 353FD 9= NM-SE-14 =dlo] ECMWFRET £& g=248 Bygon, 4F
(F2) d=2 47 2d 25 ECMWFRTH 22 =4S Ryt 5—r(F3) o] =S NM-SE-14 =
do] ECMWFXRTF £ d3A4E Hon, 657F4) o2 NM-SE-7+SST+NDVI Zdo]
ECMWFXTH £ o242 HAtHFigure 3.65). AA 717+2 o= £+ 199 ECMWF, 29
NM-SE-14, 3$] NM-SE-7+SST+NDVI <=o] 1t}

AUs A Al7]9 3F(FD 92 2d »5% ECMWFRTH e o =48 1 kFigure
3.66). 45(F2) o] =S NM-SE-7-RELU+SST+NDVI 2 &o] ECMWFRTE £2 =4S BT 5
F(FI)} 657F4) dSoM= RE Rdo] ECMWEFRET v o248 Bt dys &4 A
714 4= &= 199 ECMWF, &% 291 NM-SE-7+SST+NDVI, &% 29
NM—SE—?—RELU+SST+NDVI =0 2 vebgth gk 2l Al7]9) 353 (FD =S NM-SE-14 =
do] ECMWFRTH £& =4S ®uhFigure 3.67). 4F([F2) o|Ze »E wdo] ECMWFETH
PFo AqFHS H%{B} 55(F3) o =& NM-SE-7, NM-SE-7-RELU+SST+NDVI =9, 6F o Z&
NM-SE-7+SST+NDVI ®E&o] ECMWFETH o Z4do] =4t Yy LA A7 oS &9 1
9] ECMWEF, 29 NM-SE-7+SST+NDVI, 3%} NM-SE-7 <=o]%ith.
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Figure 3.65. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model and 4 new models (NM-SE-7, NM-SE-7+SST+NDVI,
NM-SE-7-RELU+SST+NDVI, NM-SE-14).
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Figure 3.66. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during

El

Nifio events: (from left) ECMWF S2S model and 4 new models (NM-SE-7,

NM-SE-7+SST+NDVI, NM-SE-7-RELU+SST+NDVI, NM-SE-14).
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Figure 3.67. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during

La

Nifia events: (from left) ECMWF S2S model and 4 new models (NM-SE-7,

NM-SE-7+SST+NDVI, NM-SE-7-RELU+SST+NDVI, NM-SE-14).
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A% 1D 71 % Bl 9Eus 34 B 7L A3 2d F d340 Fe B
WE ol gt AR H /WS B /e oF A dZHL Fols PPES B
Aol YL TUE THET APSATHTable 38). FAE AW 26 AL ol gL
o EM-7, EM-NP-7, EM-NP+FLT2-7, EM-TR-7, EM-NP-14 % /M9 2d& FEH3IAT

EM-7, EM-NP-7, EM-NP+FLT2-7, EM-TR-7 & 47§ =9 DL-SE-FLT1-BTLNCK-7+SST,
DL-CBAM-7+SST, DL-SE-7+SST R &S o] &3t o EM-NP-14 =22 DL-SE+BIGDATA-14,
DL-CBAM+BIGDATA+FLT2+BTLNCK, DL-CBAM-14 24-& o] &3}t =do] o]Eo A EMS
44HE md(ensemble model), NP+ new prediction layer, TR trainable parameterE 2]v|3gt

o},

ECMWFet & 5o HSS %7F A3, 357(FD o5 EM-NP-14 2d, 43(F2) <=
< EM-NP-7 ®dlo] o] ECMWFE T £& o344S Btk 557(F3) =2 EM-TR-7 24, 6
F([F4) =2 EM-NP-14 242 A 9§ 47) =do] ECMWFET 2 o344S B thFigure
3.68). MA 713t o= &9+ 191 EM-NP-7, 291 EM-NP-14, &% 39 ECM\X/FQ} EM-7 <=o]
Atk dYm FA Al719] 3FFD 52 EM-NP-14 Edlo] ECMWFRETH £L& o34 HY
tHFigure 3.69). 45(F2) o5& EM-NP-7 ®2do] ECMWFETH F& 01]%—*3—% HAo 5F(F3)
=2 EM-NP-14 Edo] ECMWFET £2 A< HAoH, 657(F4) oM EM-7T &
do] ECMWFET ool =gtk Iy T A71Y 4= == 19 ECMWF, 29
EM-NP-14, 391 EM-NP-7 <22 uYetwo. gy 28 A7 337:FD o952
EM-NP+FLT2-7 ®2dlo] ECMWFE T £ o543 EAtkFigure 3.70). 457(F2) A5 57 =
2 25 ECMWFRT @2 oFA4de BYor, 55(F3) 432 EM-7, EM-NP-14 ®do]
ECMWFETH o FAdo] =tk I8ja 657F4) o2 EM-7 2do] ECMWFET dFAdo] =
ok By By A7 A S 9= 191 ECMWE, 29 EM-7, 391 EM-NP-7 o] {th
Table 3.8. Summary of deep learning-based ensemble models for 1-month temperature
prediction.

CASE NAME Dataset Epoch Loss Val loss Input length

Pre-trained model

EM-7 TDSV61-2_SHUFFLE 87 0.00182  0.00329 7
DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+5ST
EM-NP-7 TDSV61-2_SHUFFLE 63 0.00114  0.00323 7
DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST
EM-NP+FLT2-7 TDSV61-2_SHUFFLE 43 0.00110  0.00321 7
DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST
EM-TR-7 TDSV61-2_SHUFFLE 34 0.00074  0.00330 7
DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST
EM-NP-14 TDSV32_SHUFFLE 43 0.00090  0.00299 14

DL-SE+BIGDATA-14, DL-CBAM+BIGDATA+FLT2+BTLNCK, DL-CBAM-14
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Figure 3.68. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S Model ECMWF S2S model and 5 ensemble models (EM-7, EM-NP-7,
EM-NP-FLT2-7, EM-TR-7, EM-NP-14).
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Figure 3.69. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF S2S Model ECMWF S2S model and 5 ensemble models
(EM-7, EM-NP-7, EM-NP-FLT2-7, EM-TR-7, EM-NP-14).
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Figure 3.70. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nina events: (from left) ECMWF S2S Model ECMWF S2S model and 5 ensemble models
(EM-7, EM-NP-7, EM-NP-FLT2-7, EM-TR-7, EM-NP-14).

e g rdS o]&3l= EM-7, EM-NP-7, EM-NP+FLT2-7, EM-TR—7 =43}
EM-NP-14 ®21¢ 98 welo] Ag3 Adsts was 27 vz BAs.

EM-7, EM-NP-7, EM-NP+FLT2-7, EM-TR—7 =93 DL-SE+FLT1+BTLNCK-7+SST,
DL-CBAM-7+SST+NDVI, DL-SE-7+SST Abx 8ty =dlof A A 7] 24 A, 3FTHEFD A5
/N Ed =5 ECMWFET o &Aool Yetom, 45(F2) o &2 DL-SE+FLT1+BTLNCK-7+SST,
DL-SE-7+SST, EM-NP-7 =do] ECMWFRET £ 434 < E?&E}. 55(F3) o &2 EM-TR-7
BAS A 67 Edo] ECMWFRT o ZAo] =3kor, 657(F4) 432 EM-7, EM-NP-7,
EM-NP+FLT2-7, EM-TR-7 = do] ECMWFXE T &2 o4& HYHFigure 3.71). A=4 <
A+ 19 DL-SE+FLT1+BTLNCK-7+5ST, 291 EM-NP-7, &5 391 EM-7¢ ECMWF o]t

AYs B A7 3FFD =L 7/ 2d 2% ECMWFRT @2 d=24< Byt
(Figure 3.72). 45F(F2) =& DL—SE—FLTI—BTLNCK—7+SST, EM-NP-7 ®dlo] ECMWFXR T} £&
=4S Bttt 55(F3) =& DL-SE-FLT1-BTLNCK-7+SST = ®o] ECMWFET &< o=
e BYom, 637(F4) 01]%—01]/\1{— EM-7 2do] ECMWFETH & o248 Rt dun
A A7) g2 #9E 19 ECMWF, 29 DL-SE+FLT1+BTLNCK-7+SST, &% 39
DL-CBAM-7+SST+NDVI, EM-7 =90 & u}epytt),

gy Ay A7) 35FD o) & EM-NP+FLT2-7 =dlo] ECMWFE‘_E} =2 d3SAHES
B oHFigure 3.73). 45+(F2) ol&2 DL-SE-7+SST E & o] ECMWFRET &2 oS4 S BHIS
H, 5F(F3) o= DL-SE+FLT1+BTLNCK-7+SST, DL-CBAM-7+SST+NDVI, DL—SE—7+SST, EM-7
Edlo] ECMWFRET o &40 4ot 18la 65(F4) o3 EM-7 2do] ECMWFRET &2
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Figure 3.71. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model, 3 ensemble member models (DL-SE+FLT1+BTLNCK-7+SST,
DL-CBAM-7+SST+NDVI, DL-SE+7+SST), and 4 ensemble models (EM-7, EM-NP-7,
EM-NP+FLT2-7, EM-TR-7).
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Figure 3.72. Summary of HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during El
Nifio events: (from left) ECMWF S2S model, 3 ensemble member models
(DL-SE+FLT1+BTLNCK-7+SST, DL-CBAM-7+SST+NDVI, DL-SE+7+SST), and 4 ensemble models
(EM-7, EM-NP-7, EM-NP+FLT2-7, EM-TR-7).
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Figure 3.73. Summary of HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during La
Nifia events: (from left) ECMWF S2S model, 3 ensemble member models
(DL-SE+FLT1+BTLNCK-7+SST, DL-CBAM-7+SST+NDVI, DL-SE+7+SST), and 4 ensemble models
(EM-7, EM-NP-7, EM-NP+FLT2-7, EM-TR-7).
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EM-NP-14 zd3} DL-SE+BIGDATA-14, DL-CBAM+BIGDATA+FLT2+BTLNCK-14,
DL-CBAM-14 5 A8 Abd Stgmde] @4 717 24 Ash 35(FD ol =& DL-CBAM-14
wae  A9@d 34 mdo] ECMWFRTH  olZxo]  gtom, 4F(F2) =&
DL-SE+BIGDATA-14 do] ECMWFRET =2 434S Bt 557F3) 9= 47 2d »5F
ECMWFET o &Ado] =3ton, 65(F4) o= DL-CBAM-14 2do] ECMWFET &2 4=
e B 3 tHFigure 3.74). o =4 =9 = 19 DL-SE+BIGDATA-14, 24
DL-CBAM+BIGDATA+FLT2+BTLNCK-14, &% 399+ ECMWF<} EM-NP-14 <o]| 3t}

dyx A Al7]e] 33F(F1) =& DL-SE+BIGDATA-14 =d-g Ak 37 =L
ECMWF X =S =4S HAHFigure 3.75). 4F(F2) o=  DL-SE+BIGDATA-14,
DL-CBAM-14 =do] ECMWFET £2 A4S BAth 57F3) odF2 EM-NP-14 mHlo]
ECMWF Xt} =2 A58 Heom, 65(F4) oA A=
DL-CBAM+BIGDATA+FLT2+BTLNCK-14 =do] ECMWFRET =& 4S8 Hrth dyn &
A A719] = 9= 19 EM-NP-14, 3% 2%] ECMWF2} DL-CBAM-14 o2 yElytt),

gk A Al7]9) 3F(FD) o523 EM-NP-14 2d& A 93 37] 2do] ECMWFRTh
dZ44< BAtHFigure 3.76). 4F([F2) o= DL-SE+BIGDATA-14 ==o] ECMWFR T}
dFde BHilen, 553F3) dF2 4] 2l 25 ECMWFRG 9 Z4o] w9ttt 121
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Figure 3.74. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model, 3 ensemble member models (DL-SE+BIGDATA-14,
DL-CBAM+BIGDATA+FLT2+BTLNCK-14, DL-CBAM-14), and 1 ensemble model (EM-NP-14).
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Figure 3.75. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF S2S model, 3 ensemble member models
(DL-SE+BIGDATA-14, DL-CBAM+BIGDATA+FLT2+BTLNCK-14, DL-CBAM-14), and 1 ensemble
model (EM-NP-14).
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Figure 3.76. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Niia events: (from left) ECMWF S2S model, 3 ensemble member models
(DL-SE+BIGDATA-14, DL-CBAM+BIGDATA+FLT2+BTLNCK-14, DL-CBAM-14), and 1 ensemble
model (EM-NP-14).
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N 2" 9= =49 nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDV],
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 s 270 248 TS5t
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+55T+NDVI e
DL-SE+BIGDATA+FLT2+BTLNCK-14 <} NM-SE-7+SST+NDVI =24,
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 = -2 DL-SE+BIGDATA+FLT2+BTLNCK-142}
NM-SE-7 24-& o] &3t}

Table 3.9. Summary of deep Ilearning-based n-step prediction models for 1-month
temperature prediction.

Input

CASE NAME Dataset Epoch Loss Val loss
length

Pre-trained model

nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST
NDVI TDSV32_SHUFFLE 30 0.00989  0.09943 14

DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7+SST+NDVI
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 TDSV32_SHUFFLE 30 0.00125 0.00321 14
DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7

1A, nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI 2@} N 28] =g o
F&g 27 2"Ee ¥Mw A, 357FD  d 5 DL-SE+BIGDATA+FLT2+BTLNCK-14,
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI =4 o] ECMWFXRT £ o34
BYomw, 45(F2) =2 I 28 EF ECMWFRY 9 o A4S Btk 55F3) 9=

DL-SE+BIGDATA+FLT2+BTLNCK-14, ,
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI =4 o] ECMWFXRET £ o34
S HYor, 657FD) d=L I =d EF ECMWFROT £ o F54E HYtHFigure 3.77).
A 717ke] o = == 14 DL-SE+BIGDATA+FLT2+BTLNCK-14, 29
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI, 39| ECMWF <] it}

>

o o

AU i A1 719 3+(FD o F2 DL-SE+BIGDATA+FLT2+BTLNCK— 149}

nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI = do] ECMWFR T H& o =4
< B okFigure 3.78). 4F(F2) o F2
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nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI 2@ o] ECMWFRT} & o
< BYth 5FF3) =& RE wdo] ECMWFRLT @e o248 Byon, 6T(F4> o] l
A= nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI = @o] ECMWFR T} &< o
Z4& =R Y= i A1 719] o= == 14
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI, 29 ECMWF, 34
DL-SE+BIGDATA+FLT2+BTLNCK-14 < & Jtebytth.

_ll}b _I(N'

gLt Ay A 714 37(FD o &< DL-SE+BIGDATA+FLT2+BTLNCK-14<}
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDV] =@ o] ECMWFEE} =2 934
<= HAtHFigure 3.79). 4F([F2)2t 5F(F3) 52 EE Edo] ECMWFRER @& d34ds B
At 657 =2 NM-SE-7+SST+NDVI = &o] ECMWFR T ¢ &4 o] Edth EM‘# T4 A7
o o= &= 19 ECMWF, 29 DL-SE+BIGDATA+FLT2+BTLNCK-14, ¥& 39
NM-SE-7+SST+NDVI, nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI <=¢] 1t}
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Figure 3.77. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model, 2 n-step prediction member models
(DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7+SST+NDVI), and 1 n-step prediction model ¢,
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI).
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Figure 3.78. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF S2S model, 2 n-step prediction member models
(DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7+SST+NDVI), and 1 n-step prediction model ¢,
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI).
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Figure 3.79. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nifia events: (from left) ECMWF S2S model, 2 n-step prediction member models
(DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7+SST+NDVI), and 1 n-step prediction model (,
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI).
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nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 =&3} N & mdo] A83F 27 =
g o Hl 72 3}, 37F(FD o =o DL—SE+BIGDATA+FLT2+BTLNCK—14
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 = @lo] ECMWFRET & o245 Bgon,
45F2) d=& I =Ed 2F ECMWFRG Yo o4& E%E}. 57(F3) o=
DL-SE+BIGDATA+FLT2+BTLNCK-14, nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 =.do]
ECMWFRET £& =4S BYow, 657F4) =& DL-SE+BIGDATA+FLT2+BTLNCK-14%}
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 =dlo] ECMWFXRTF £& o =4S BT
(Figure 3.80). A 717te] o= <=9+ 19 DL-SE+BIGDATA+FLT2+BTLNCK-14, 2%
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7, 3%} ECMWF <=°o]lth.

dY = Ay A171¢] 3+(FD & DL-SE+BIGDATA+FLT2+BTLNCK-14 %}
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 =do] ECMWFRT =& A4S HJo
(Figure 3.81). 45#(F2) =< nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 2@ o] ECMWF
B £& =4S Byt 53F3) 657F4) d= =& wdo] ECMWFRT Yo o4&
HA4. Y Ay A 719 S == 14 ECMWF, 29
DL-SE+BIGDATA+FLT2+BTLNCK-14, 34
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI 9% 2 e}t

gk Ay A 71 4] 37(F1)  ¢d=&  DL-SE+BIGDATA+FLT2+BTLNCK-14%}
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 =2 &o] ECMWFET} & =4S Eoiﬁ}
(Figure 3.82). 4(F2) 9 &< =& Tdo] ECMWFRT v o&A4S Bt 553(F3) o=
NM-SE-7  =do] ECMWFRY =& 58S EAuorw, 65FD oﬂ—f—%
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI = =o] ECMWFR T} o ZAo] =
gtk gk A Al7]9) o2 9= 19 ECMWF, 29 DL-SE+BIGDATA+FLT2+BTLNCK-14,
39 nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI =]l t}.
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Figure 3.80. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model, 2 n-step prediction member models
(DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7), and 1 n-step prediction  model
(nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7).
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Figure 3.81. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF S2S model, 2 n-step prediction member models
(DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7), and 1 n-step prediction model (
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7).
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Figure 3.82. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nifia events: (from left) ECMWF S2S model, 2 n-step prediction member models
(DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7), and 1 n-step prediction  model
(nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7).

SF e ol8T VIR dF 2d2 JE UiE 72 o5 2dd d¥AsE S
29 Fox RdS MAst shgE(earning rate)E At AES T
T}. RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14, RL-DL-SE-14+SST+NDVI 52
27f Bds F=8tal Aggoel AHeE 2ddt vw Frlekith

Table 3.10. Summary of 1-month temperature prediction deep learning models.

CASE NAME Dataset Epoch Loss Val loss lglnljgl‘i
Pre-trained model
RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14 TDSV32_SHUFFLE 30 0.00989  0.09943 14
DL-CBAM+BIGDATA+FLT2+BTLNCK-14
RL-DL-SE-14+SST+NDVI TDSV61-3_SHUFFLE 30 0.00125 0.00321 14

DL-SE-14+SST+NDVI

RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14 =2 o] HA| 7|3t H7F A3}, 37FD o Sl A
= ) =Y B ECMWFRD %& o34e HYon, 43(F2) d%e 2] =d =%
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ECMWFRT 2& =4S Byt 553(F3) o= 27 22 2% ECMWFRET & =4S

d=4< BRYt. 9= 9= 19 RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14, Z% 29
ECMWF, DL-CBAM+BIGDATA+FLT2+BTLNCK-14 <] tHFigure 3.39).

AUk WY Ao 3FFD 2L 27 md BE ECMWFRT %& J24<e =gt

(Figure 3.40). 4%3(F2) ¢]Z& RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14 =®o] ECMWFx T}

T2 d3SAE BRI 557(F3) dF2 27 22 25 ECMWFRO @& S-S BHAoH, 6

Z(P4) o) =2 DL-CBAM+BIGDATA+FLT2+BTLNCK-14 2 =o] ECMWFRT} dZ4o] =gttt <
B A7]e] o2 49= ECMWF S25 RS 3] =% 198 yehgch

gy A Al7]9] 3FEFD dFe 2 EY BT ECMWFED 22 o344S EAt
(Figure 3.41). 4F(F2) d=& e »do] ECMWFRT e o =4S BT 57F3) 4=
DL-CBAM+BIGDATA+FLT2+BTLNCK-14 ="o] ECMWFRT & o =4S RHJom, 657F4)
g5 27 2d BF ECMWFEDH oS40 gttt gty B A719 dF &9+ 35 1
2 ECMWF 2} DL-CBAM+BIGDATA+FLT2+BTLNCK-14, 29
RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14 <=o] 1t} .
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Figure 3.83. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model, 1 pretrained model (DL-CBAM-BIGDATA+FLT2+BTLNCK-14), and 1
re-learning model (RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14).
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Figure 3.84. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El  Nifio events: (from left) ECMWF S2S model, 1 pretrained model
(DL-CBAM-BIGDATA+FLT2+BTLNCK-14), and 1 re-learning model
(RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14).
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Figure 3.85. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nina events: (from left) ECMWF S2S model, 1 pretrained model
(DL-CBAM-BIGDATA+FLT2+BTLNCK-14), and 1 re-learning model
(RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14).
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RL-DL-SE-14+SST+NDVI 24 o] #AA 713+ 7} A3, 33 (FD dZoAs 27 2d =
ECMWFETH 52 dF4S 2o, 45F2) 52 27 22 25 ECMWFET w2 o=
S Btk 5F(FI) 452 27| 2d BT ECMWFRET 52 434S Bon, 65(F4) 9
< 27} =¥ 25 ECMWFET g A4S HAn. 95 &= 19 DL-SE-14+5ST+NDVI, 2
¢ ECMWF, 39 RL-DL-SE-14+SST+NDVI <=°] 1 tHFigure 3.86).

AN ox

AUn B4 A7le] 3FEFD a3 27 =d B ECMWERT & d34e nat
(Figure 3.87). 47(F2) o2& 2] =d =% ECMWERTH %o o242 Rgrh 55(F3) o=
S RL-DL-SE-14+SST+NDVI = do] ECMWFXRT} @& oA S HYor, 67F4) =& 27
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Figure 3.86. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4): (from
left) ECMWF S2S model, 1 pretrained model (DL-SE-14+SST+NDVI), and 1 re-learning model
RL-DL-SE-14+SST+NDVI).
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Figure 3.87. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
El Nifio events: (from left) ECMWF S2S model, 1 pretrained model (DL-SE-14+SST+NDVI), and
1 re-learning model (RL-DL-SE-14+SST+NDVI).
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Figure 3.88. Summary of the HSS assessment for lead time of 3 to 6 weeks (F1 to F4) during
La Nifia events: (from left) ECMWF S2S model, 1 pretrained model (DL-SE-14+SST+NDVI), and
1 re-learning model (RL-DL-SE-14+SST+NDVI).

- 153 -



3.4.7. FEEA

%owopqg 3-6F 712 9= nd AEs Q) 7= Y 7l o= =d(Table 3.4),
g WS4 AL B3 7] o= 2d(Table 3.6), A4 H3Y 7|HE 0] &3 7|2 9= nd
(Table 37) GAE sk 7HES o] 83 7|L o= =d(Table 3.8), N ~H] o= WS ol &

gt 712 oS =d(Table 3.9), Agrs WHES o] &3 7|2 dF =d(Table 3.100& 75315
NDVI #t= 7]3+S 18 3te] 2018~2019'd 3} 2018~2022W@ o2 7} 7|7H& &3t AA

S ECMWF¢} nlaslithTable A.1, Figure 89, 90, 91, 92). Z+ H7} 717te] =4 =92
2018~2019LS_% 19l DL-SE-7+SST+NDVI (Appendix B.1), &% 2% DL-SE+FLT2+BTLNCK-7,
NM-SE-7, EM-NP-14, nP-DL-SE+BIGDAA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI,
RL-DL-SE-14+SST+NDVIl &, ECMWF+= 25913t 2018~2019\d-2 <dYx$}t gy 7)1k
BH7F 712 W Ayt gyy B A 57F Bt A Qs ity 2018~2022d 2 A A 7L 7]
7oA 19l DL-SE-14 (Appendix B.2), 2% DL-SE+BIGDATA+FLT2+BTLNCK-14, 3%
DL-SE+BIGDATA-14%12 ™, ECMWF= 1893t Ay A A7jles FF5 19
DL-SE-7+SST+NDVI, DL-SE+FLT2+BTLNCK-7. 39] DL-SE+BIGDATA-14¢]W ECMWF + && 7
AR

wE

_4

2018~2019d2 ALO Alz=Hl& 18d dEzas 45 183 RS0 T2
<= BT ol AMAZNDVDS} s FARGST7F 4~65 5ol T42A 9F=
"ot bk 2018~2022-2 NDVI At 5 7|XFo] 2018~2
£ ol &3tair] WZel T2M A=RE o] &3k B Hls] FhF oz o FA4 o]
B

oy

2 0 MJN rfo

)
rr

S 2 2
o o v
ot L l-l'l.l ox

2L e

e
=
AL
o
=

Sk

oot

2

- 154 -



Total (2018-2019)

0.30
0.25
0.20 :
0.15
0.10
% 0.05
0.00
-0.05
-0.10
-0.15
-0.20
F1 F2 F3 F4
S ECMWF wDL-SE-7 = DL-SE-745ST = DL-SE~7+SST+NDVI
8 DL~SE+FLT1+BTLNCK-7 wDL-SE+FLT1+BTLNCK~7+SST ®OL-SE+FLTZ+BTLNCK-7 8 DL-SE-14+SST+NDVI
uDL-CBAM-7 aDL-CBAM-74SST+NDVI uDL-CBAM+FLT14BLTNCK-7 uDL-SE-14
u DL-SE+BIGDATA-14 = DL-SE+BIGDATA+FLT2-14 DL-SE+BIGDATA+FLT24BTLNCK-14 = DL-CBAM-14
= DL-CBAM+BIGDATA-14 8DL-CBAM+BIGDATA+FLT2-14 aDL-CBAM+BIGDATA+FLT2+BTLNCK-14 nEM-7
®EM-NP-7 SEM-NP+FLT2-7 s EM-TR-7 = EM-NP-14
NM-SE-7 = NM-SE-7+SST+NOVI u NM-SE-7-RELU+SST+NDVI sNM-SE-14
@ AL-DL-CBAM+BIGDATA+FLT24BTINCK+14 s AL-DL-SE-14+4SST+NDVI wnP-DL-SE+BIGDATA+FLT24 BTLNCK~14-NM~SE-74SST+NDVI wnP-DL-SE+BIGDATA+FLT24BTLNCK~14~NM-SE~7

Figure 3.89. Results of deep learning-based models in 2018-2019.
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Figure 3.90. Results of deep learning prediction models in 2018-2022 (refer to figure 3.89 for
this caption).
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Figure 3.91. Results of deep learning prediction models during El Nifio events in 2018-2022
(refer to figure 3.89 for this caption).
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Figure 3.92. Results of deep learning prediction models during La Nifia events in 2018-2022
(refer to figure 3.89 for this caption).
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Figure 3.93. CNN validation accuracy (Month-Agnostic): Augmentation (Cutmix) vs. No
Augmentation.
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Figure 3.94. CNN validation accuracy (Target Month Only): Augmentation (Cutmix) vs. No
Augmentation.
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Figure 3.95. GNN Graph classification validation accuracy between the use of months
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Figure 3.96. CNN Heidke Skill Score (HSS) between data pre-processing and
augmentation methods.
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Figure 3.97. GNN Node Classification Heidke Skill Score (HSS) between the use of
months and data augmentation methods.
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Figure 3.98. GNN Heidke Skill Score (HSS) between the use of months and data
augmentation methods.
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Figure 3.99. Class activation map before (left) and after (right) the data augmentation.

- 160 -



20219 7€ (F3ER): BNE 9 4= — ANE 7jA

(‘Year: ', 2021, ', True: ', 'AN', ', Pred: ', 'BN')|('Year: ', 2021, ', True: ', 'AN', ', Pred: ', 'AN')

Figure 3.100. Class activation map before (left) and after (right) the data augmentation.
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Figure 3.101. Validation accuracy of TMm (left) and SPI1 (right) during the training
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Figure 3.102. Entropy of test set prediction results of TMm (left) and SPI1 (right).
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Figure 3.103. HSS of test set prediction results of TMm (left) and SPI1 (right).
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The 1st Conv3D layer
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Figure 3.108. Weights of the 3D convolution kernels of the input layer with the dimension of
2(latitude) x 3(longitude) x 7(variable) x 8(number of kernels).

100

0.75

H B .
. 0.25

-0.00

-0.25
-0.50
-0.75
-—1.00

Figure 3.109. Correlation coefficients between
kernel structures.

00 N O Ul A WN B
| M TSN R, TR SRR |
N-..
w.

N -
(9]

6 7 8

=

- 167 -



ARE AYit= 275 BRE ofyel, npxEt Fo dig BAE IF3AAY 2d JfA ol
= 4 At o] 1" Figure 3.112)E BZA|EA
AR mdo] m mpA|e b AAFY AA
AW 2de 1Asta AA A5(dE & &
st F7F vlAl 2A g5S TS F Wt 4d AAFY 9 AE WHItE RAFa 9
. o] A NAE He Fo ARE o]&st EFT 7|F A= "4]%3}7] 943}‘34 Aol g5
olgt+= ZIW & AR&SkeE, 9% 199 A ol stage Sl F
A AEE Agste v IHE A= -‘?ﬂﬂ A= P ﬁ]‘%% HojFEr ¥ o E&
a8 A A gtg ARE Bl ShEd gy AA A57F Be A4 Aol & ztelvt

A, AF 04 5 ARAM AFAFY 2Fo] T SeZESRE BES BolFm 9
o ER, 9% FUAE AA ARE FYSHAE FAT BN FEHA B A=
= Ao Ushm gtk oldd 54 BAFoRM, Hul/ts A glo] AnE Ayl
7 9% AAE o) TGl HAGu o TARGER, Ad 5L Fo) F4E V=
=7k AA ARAA FHOE FAFEA 5L AT £ Ux, oF AFIAY mIL

TR W 24 5 e Ao B

- 168 -



Stable fitting: Unstable fitting:
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Figure 3.111. Visualization of the connection strength of the last hidden
layer and the output layer.
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Figure 3.112. HSS of AEM index tercile category forecast from CNN model for (a)
December and (b) January target months. Circles and whiskers show the mean and
range of 75 samples (k=5 folding ensembles for 15 years) across four combinations
of input variables.
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Figure 3.113. (a) Lead-lag regression map of SST and U with respect to DMI adopted from
Zhang and Han (2021), (b) GradCAM activation maps of AEM tercile forecasts for December
(upper) using preceding three months of ST data and January (lower) using preceding four
months of U850 data. Both maps show AN category and are composites of 15 years from
2001 to 2015 with their 5 ensembles (k=5 folding).
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Figure 3.114. Performance of the first SS approach:
comparison of EA rainfall ACCs between original APCC-MME
(black horizontal lines) and five sub-sampling models (circles)
averaging ensembles with predicted skill in the highest 10%,
30%, 50%, 70%, 90%. Results are for 12 seasons of the test
year 2023.
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Figure 3.115. Evaluation of ensemble subsampling using an ACC estimation model with
ResNet18 for MAM 2023: (scatter plot) ACC estimation performance, (bar plot) fraction of bad
ensembles and dropout rate, (map plot) EA rainfall anomalies of sub-sampled ensemble means
and their ACC skill with respect to ERA5 observation.
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Figure 3.116. Evaluation of ensemble subsampling using an ACC estimation model with
ResNet18 for ASO 2023: (scatter plot) ACC estimation performance, (bar plot) fraction of bad
ensembles and dropout rate, (map plot) EA rainfall anomalies of sub-sampled ensemble means
and their ACC skill with respect to ERA5 observation.
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Figure 3.117. Occlusion sensitivity analysis for three variables: geopotential height at 500hPa,
meridional wind at 850hPa, and total precipitation. (Scatter plot, left) Division of ensembles
for 12 seasons in 2023 into four groups: Good/Miss, Good/Hit, Bad/Miss, Bad/Hit based on the
agreement of original and predicted ACC. (Shading contour plots, right) Occlusion sensitivity
composite maps for the four groups, using a 5x5 (25deg by 25deg) occlusion window.
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Figure 3.118. (upper) Occlusion sensitivity map for four ensemble categories for 2023 MIJJ.
Occlusion applied to all input variables with a 5x5 (25deg by 25deg) window. (lower) Anomaly
composite difference between ensemble categories: (left) Good/Miss and Bad/Hit, (right)
Bad/Miss and Good/Hit for SLP and U850.
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subsampling models (reddish circles) averaging ensembles with
the smallest U850 anomaly errors over EA. U850 anomalies
for the next season estimated using an Attention-UNet

architecture, with the error defined as the departure of EA
U850 anomalies from the ensemble mean.
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Figure 3.121. Comparison of two ensemble subsampling approaches for ASO 2023: (a) based
on EA rainfall ACC estimation, (b) based on EA lower-level wind field reproducibility.
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Figure 3.122. Performance of the DB approach: comparison of EA rainfall ACCs between
original APCC-MME (black horizontal lines) and 26 variations of deep-learning models
(triangles) with different training inputs, architectures, and versions. Closed yellowish

triangles denote three variations of the Stacking Two-models (ST) approach. Results are for
12 seasons of the test year 2023.
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Figure 3.123. Comparative analysis of EA rainfall anomaly maps among ERAS
observations, APCC-MME forecasts, QM, and outputs from four different DB models for
12 seasons of the test year 2023.
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Figure 3.124. Comparison of DB and TLD approaches: ACCs of 29 DB models and 3 TLD
models relative to the original APCC-MME for EA seasonal rainfall. Results are for 12
seasons of the test year 2023.
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Figure 3.125. Performance of the QM approach: ACCs of EA rainfall anomalies using QM
compared to the original APCC-MME for the test year 2023.
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Figure 3.126. Comparison of SS, DB, TLD, and QM approaches: ACCs of 10 SS models, 29

DB models, 3 TLD models, and 1 QM model relative to the original APCC-MME for EA
seasonal rainfall. Results are for 12 seasons of the test year 2023.
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Appendix A. Deep learning models developed for 1-month temperature prediction

Table A.1. Summary of the ECMWF S2S Model and 1-month temperature prediction deep learning models.

Predictability Rank

Predictability Rank 2018-2022

CASE NAME Pretrained models 2018-2019 Total El Nina La Nita
ECMWF 25 18 3 7
DL-SE-14 14 1 13 4
DL-SE+BIGDATA-14 22 3 18 3
DL-SE+BIGDATA+FLT2-14 19 9 11 18
DL-SE+BIGDATA+FLT2+BTLNCK-14 21 2 8 13
DL-CBAM-14 14 6 18 10
DL-CBAM+BIGDATA-14 25 9 24 1
DL-CBAM+BIGDATA+FLT2-14 18 8 27 21
DL-CBAM+BIGDATA+FLT2+BTLNCK-14 11 16 17 7
DL-SE-7 13 22 18 15
DL-SE-7+SST 32 27 31 12
DL-SE-7+SST+NDVI 1 16 1 32
DL-SE+FLT1+BTLNCK-7 29 28 22 21
DL-SE+FLT1+BTLNCK-7+SST 9 11 3 13
DL-SE+FLT2+BTLNCK-7 2 25 16 1
DL-SE-14+SST+NDVI 16 14 23 5
DL-CBAM-7 19 26 15 6
DL-CBAM-7+SST+NDVI 9 24 25 20
DL-CBAM+FLT1+BLTNCK-7 29 30 21 23
NM-SE-7 2 31 32 16
NM-SE-7+SST+NDVI 17 20 10 16
NM-SE-7-RELU+SST+NDVI 28 32 14 29
NM-SE-14 27 28 29 30
EM-7 DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST 8 19 11 7
EM-NP-7 DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST 7 7 1 10
EM-NP+FLT2-7 DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST 31 23 29 30
EM-TR-7 DL-SE-FLT1-BTLNCK-7+SST, DL-CBAM-7+SST, DL-SE-7+SST 24 21 26 26
EM-NP-14 DL-SE+BIGDATA-14, DL-CBAM+BIGDATA+FLT2+BTLNCK, DL-CBAM-14 2 12 6 24
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7+SST+NDVI DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7+SST+NDVI 2 4 5 26
nP-DL-SE+BIGDATA+FLT2+BTLNCK-14-NM-SE-7 DL-SE+BIGDATA+FLT2+BTLNCK-14, NM-SE-7 22 14 28 19
RL-DL-CBAM+BIGDATA+FLT2+BTLNCK+14 DL-CBAM+BIGDATA+FLT2+BTLNCK-14 11 4 8 28
RL-DL-SE-14+SST+NDVI DL-SE-14+SST+NDVI 2 12 6 24
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Appendix B. Examples of the results of top—-ranked deep learning—based 3 - 6 week
temperature probability forecast models in 2018-2018 and 2018-2022 evaluation
periods.
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Figure B.1. Example of 3-6 week temperature probability forecast results by the top-ranked model
(DL-SE-7+SST+NDVID) during the 2018-2022 evaluation period, specifically from July 30, 2018.

F1(+3week) F2(+4week) F3(+5week) Fa(+6week)

2m Temperature (%)

2m Temperature (%)

60°N 0 1 60 1
™ n n
@ @y @y
= 0§ 0§
K} @ ©
o o o
n n ™
a “F *t
2 0 8 08

30N [ TR R ' w0 30N )

E o o o
@ @ )
fl

= 0 0
w @ @
n n
0

. W [
90°E. %0°E 120

90°E 120

Valid Date: 2018.04.02 - 2018.04.08 (+4week)
Issue Date: 2018.03.12

Valid Date: 2018.04.09 - 2018 04.15 (+5week) Valid Date: 2018.04 16 - 2018.04 22 (+6week)
Issue Date: 2018.03.12 Issue Date: 2018.03.12

Figure B.2. Example of 3-6 week temperature probability forecast results by the top-ranked model (DL-SE-14)
during the 2018-2022 evaluation period, specifically from March 12, 2018.
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