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Executive Summary

It is quite essential for valuable and reliable climate outlook at a regional scale based on
similar climate variability and characteristics to develop regional-specific climate prediction
techniques. Therefore, this research project is set to be carried out for three years from
2019 to 2021 to develop regional-specific leading climate prediction technology. In the first
year, regional-specific seasonal multimodel ensemble (MME) climate prediction technology
development systems were established. Based on this, regionally customized seasonal and
intra-seasonal MME climate prediction technology were developed in 2020. For the
development of multi-model-based seasonal prediction technology, physical phenomena-based
ensemble model reconstruction, multi-model-based prediction model development using a
regularization technique and Bayesian approach, and climate probability prediction correction
through Probability Anomaly Correlation (PAC) were performed. A study on reducing
prediction errors in sub-season forecasting was also conducted to develop multi-model-based
sub-seasonal prediction technology.

In the first year, in order to prepare a system for the development of climate prediction
technology for regionally tailored seasonal MMEs, the predictive performance of the
complexity of El Nino-Southern Oscillation (ENSO) and its climate impacts were diagnosed,
and this was used as a factor to improve local climate prediction. Through the ensemble
reconstruction based on physical phenomena, it was found that the seasonal prediction
performance of precipitation in the East Asia and Australasian monsoon regions was improved
during the non-mature phase of ENSO season. The 2020 year aims to improve the
regional-specific seasonal prediction technology and verify its predictability through
reconstruction of the ensemble model developed in the first year. In the first year of the
project, the study was conducted based on the individual climate model participating in the
MME version 1 for the APCC 6-month seasonal prediction, but the 6-month seasonal
prediction of the APCC, which is in operation in the middle of the second year, is officially
changed to MME version 2. Therefore, in order to properly evaluate the utility of the
operation field, stability evaluation was carried out through the verification of climate
prediction performance of climate prediction data with various versions, and as a result,
consistent improvement of prediction performance was confirmed. Also, in the second year,
the target region was specialized in East Asia, and the variation of precipitation in the
western Pacific was discovered as an additional climate factor and applied together with
ENSO to develop and evaluate probabilistic MME prediction technology. The probabilistic MME
prediction constructed in this way showed more improved predictability in terms of category
verification compared to the existing MME based on all available models.

Next, a multi-model-based seasonal prediction regression model using a regularization



technique was developed. The definition of the regularization technique is to add a penalty
term to the least squares method, and in this study, a seasonal prediction regression model
was constructed using LASSO regression. The seasonal prediction regression model was
constructed using the PC time series for each observed value/individual model. It was
analyzed that the prediction performance of the LASSO-based model was generally improved
compared to APCC MME, for East Asian seasonal precipitation forecasts. We also introduced
Bayesian regression with L2 regularization (Bayesian ridge) for post-processing. Using the
hindcast relationship between the observed reanalysis and the individual dynamical model
output, the relationship is updated with regularization at the grid point. The Bayesian ridge
post-processing resulted in enhanced prediction skill over the oceanic area in Autumn, but
the high-latitude land area does not show significant improvement. Also, the variance is
underestimated during some seasons. The grid-to-grid post-processing may lack of
predictability source, so further improvement based on the model output statistics should
follow. Finally, using PAC, a statistical post-processing technique using a regression method
between the predicted probability value and the observed probability value was evaluated. As
a result of evaluating whether the predictability of APCC PMME is improved through the PAC
technique in East Asia, it was found that the predictability was not improved after the
application of PAC in all seasons overall.

To improve S2S forecasting performance, deep learning techniques as big data and
artificial intelligence analysis techniques can be utilized. Therefore, we conducted this study
to enhance the S2S prediction performance on the Korean Peninsula and to develop S2S
predictive-based technologies that can be operated and utilized for the field. First,
MME-based seasonal predicted climate data were constructed from six individual climate
models, and the predicted data was learned by Long-Term Short Memory (LSTM). As a result,
the prediction skills of all three MME- and LSTM-based S2S climate variables, such as daily
maximum and minimum temperature, and daily total precipitation, were significantly improved.
Therefore, the application of deep learning training to MME-based constructed S2S prediction
climate data is expected to improve the S2S climate forecast skills for 3-4 weeks. ConvLSTM
deep learning technology was also applied to improve S2S prediction performance on the
Korean Peninsula. ConvLSTM-based model was developed with the convolutional data of
gridded Glosea5 model data. It was found that the prediction performance of the
maximum/minimum temperature is improved to the prediction performance of the LSTM using
the point data.

In the next year, based on these research results, we intend to build a regional-specific
seasonal prediction system based on multiple models and to advance the technology based on
seasonal prediction. Through this, it is expected that the region-specific leading forecasting
technology will contribute to predicting seasonal and intra-seasonal climate in East Asia and
improving their predictability.
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Table 1. Final goal and annual objectives of the research project.
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Table 2. Main achievements of the first year 2019 of research project.
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Table 3. Annual plans and corresponding implementation methods of the second year 2020 of
research project.
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o w2k FA] =3 1d2olE= APCC 671 A= A 7]&2% MME version 1o Zo
A /N VSRS ug o g AUt A EHIAT AHRE 22 A5 Table 494 2t} 1A
Tk Al 2d AR FEld = FHkel]l APCC 670 € Al o =] MME version 22 Ao we}
A dY B8 AUE Hrter] A S V1S A5 VEgSET s T
4 Hr7Pr 8 HI]h O Ade 20 A=A AlsE S gith

Table 4. Description of the seven coupled climate models used in this study.

Ensemble
Country» Institute« Model» AGCM/resolutions OGCM/resolution» Member« Hindcast Period-
Australiae BOM- POAMA?2 41 BAMv3.0d/T47L17- ACOM?2/0.5-1.5°]at x 2°lon L25= 33. 1983-2011~
Ing”
AGCM3/T63L31- OGCM4+ 10« 1982-2010=
Canada~ MSCs  CCCma CGCM?2s
AGCM4/T63L31- (l.41°lon x 0.94°]at 1.40)~ 10+ 1982-2010+
Ttaly« CMCC» CMCC-SPSv23s ECHAMS.3/T63L19+ OPAS8.2/ORCA2 grid 131+ 90 1982-2005+
Japan~ IMA- IMA/MRI-CPS2*  JMA-GSM/TL159L60- MRI.COMv3/0.3-0.5x1.0°L53+ 10- 1979-2014+
South Korear APCC+« SCoPS%: ECHAMS.3/T159L31+~ POP2.0.1/0.3-0.5x1.0°L.40~ 3¢ 1982-2013+
USA« NASA« GMAQS% GEOS-5/288x181L72« MOM4/720 x 410 L40+ 11+ 1982-2011-
NCEP+ CFSv28. GFS/T126L64« MOM4/Y5°lat x 1°lon L40- 20+ 1982-2010+
=] o 5 x o
QD FEE AFEES 9 =93

(1) o zmdo

09 =d= AY 538 Az 7|39 =
o

M AAZE FEE AT

AE A5 45 B,
(2 A8 MVE 74 %<}

e MES 9% AY

o dAgelA A 7]

Ed AA

= AA= 2

Folmde A o 4% Brh 854S BAsI, olo] Juke E ohelAY W A

2 AR WME T4 A8 A Bk A F A BHY UE AFAZ 1% A
2 A, BLBYL JIMOR PRL ATARAL. 1T ARUEAA, A m-a
e A AT % AGANF WS P FFEol g 1FAAo| M Seow, 2018), H3 =

1) 7bE H%stD BN J% RS2 MT eEYM X E Bl slF AsAgel x|Eolch 1 Ao R
olatel mpEEH ME B4 RTE RAE %312 Zefst, CHAB HSH 2F As2 FUsChYel mcw)



N AzHel F PHoR LA Ytk WA o ATAME AYn-dIES AFA
Bolata 7159 Fclimate impac) e LAY £, o] BF BE AAYL HFOE
wdg Mustel Ao 2EY MMES Agstach
H 21M1 719 Ed=E ENSO Modoki(Seow, 2018)¢F 2 & T/ ENSOE Egste o
S-dPAES oMAO-HBY W B AGNA /1T WE L £E Aol B IFL

] XIth(Ashok et al, 2007, 2009; Weng et al., 2007, Zhang et al., 2007; Feng et al., 2010;
Pradhan et al., 2011; Sohn et al., 2012). 3}A %, #FH A S22 Nino3.4d AF=Z HoH dY k-
P15 (Footnote 1 ¥2) R 1 7139FL duk-ddse) by 9 0 B 7159
o) stolg WFEA B Pk IEE AUn-bIAFe H(EE B3 8 a4 m
NFGF Folo] e B APHL =l AAel /|FoE Akt ENSO o|HlES) F
, SF2} FolAlopo A el ENSOS} THHE 7 ik &

g oot af

&= AYE S I ABE HYo=E G
HIo #=5HE AT dFu2Es JHAWAHES AFESHA 74]%‘4 =7 98 AEE HIEHC=E
TgE B4 zzo]thReynolds et al, 2002). #= 7 A& Climate Anomaly Monitoring

System (CAMS) and Outgoing Longwave Radiation (OLR) Prec1p1tation Index (OPD (CAMS OPD
Z2 AT JACEZRH FAHE A5E vy o2 dlf(Jonowiak and Xie, 1999).

vl G EfEHEF A H@5° S-25° N, 140° E-80° W) & AAE HA &llH o2l EOF
4 A37F ENSSO9| ZHiE A Ystr] s AREEH AT o] ATolA ENSO= F-SElB
ENSO¢ &&< #Asl7] 9aiA A& F EOF Uc(Figures 29} 3 FAx)o] Aoz HolH
tH(Timmermann et al., 2018). A WA I 72 F-5 G0 =¥ Y% warming(cooling) &=
ERAANNG. F WA o= A WA Rio] AHudkgolw, A WA RTo AU HA
(shifh & UERAT HH) ol 55, T-5 W HB Y A 14(dE =], warming)®
ME(EE) ALFS YA, o] AFo|A= ENSOo BxAdS wYste] dyn-dixse 2
7FAl 2 3 Figure 2 #Fx) H AIZFA WAskFigure 3 F2)E &8sty wid AYa-$Ex

o) wd 43e B

Az = 2RHE sMUXEIE, EE MT 86 ROz R 5w 259 itz AMasich w2l o] A
= A (=] T (il Eo (=]
S AT oEoel W@ d4E SEol HAT 205 A4e Hol ¥ 4N 4 yos, W oMol 2E

Ez2l1 stcHNeelin and Latif, 1998).
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Figure 2. (a) First and (b) second EOF patterns of a monthly rolling 3-month mean
SSTAs computed for 25° S-25° N and 140° E-80° W during 1983-2005, based on OISST.
The fractional variance explained by each mode and season are provided in the upper
right of each panel. The horizontal and vertical black dashed lines denote the equator
and International Date Line.
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Figure 3. Time series of the combined PCs of (a) the first mode (red solid line for left
y-axis) and (b) the second mode (blue dashed line for right y-axis) associated with
Figure 2 with all months during January 1982 to December 2005.
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Figure 4. Relative signs and distance magnitudes (see the relevant coordinate and scale
at bottom, respectively) on a 2-dimensional plane depicting regression coefficients of the
seasonal mean anomalous precipitation onto the first two PCs for (a-1) JFM to DJF.
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a Australasia b East Asia
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Figure 5. Time-averaged ACC skills of the two MME mean (a) Australasian and (b) East
Asian precipitation predictions as a function of seasons.
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a Australasia (AMJ-OND)
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Figure 6. Time series (left panels) and their statistical distribution (right panels) of
interannual variation of ACC skills averaged during corresponding AMJ-OND and
FMA-MJJ seasons to (a) Australasian and East Asian precipitation predictions, based on
training (1982-1993) and test (1994-2005) periods. Blue and red circles denote the raw
MME based on all-inclusive models and new MME based on best performing models,
respectively. Augmented Dickey-Fuller (ADF) tests are applied to test the stationarity of
whole time series, and the relevant ADF statistics are provided in parentheses following
the labelled targeted data sets of upper left of each panel. The statistical distribution of
these time series for the raw and new MMEs are illustrated by box plots and mean
values (circles), based on training and test periods.
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Table 5. Three versions of hindcast data sets and experimental design.

2N R J__l|-7-l K AH
H A ol £7|zt Fold AA
4
V2019 NAAPS%(,:’N%'\ég,CH\JM,A’Pgiﬁ’A 1982-2005 | 23 o4|ﬁ7 ||7_+
ArO
V2019~ AE 1991-2010 | 19
APCC, BCCV2, CMCC_SPS3, ALE
vo020 | GLOSEAS5 JMA, MSC _CANSIPSV2, A 19 =1
NASA, NCEP, PNU, =S ol
BOM_ACESS-S1, UKMO

g} Bolrof A He A AFEE EAE model setS HIBOE
MME A& 2 dF4 7}

Bel@y Zwe gABEd ATHS 5 A958R A d571e9 34 IPYS
B AN OFR AANFAZAT B AN NFAZAT YAST, o F HgoR
A% 4% A% D =4 P FAsA

D FAZFE A=713F (1982-2005 )] th3N A cross-validatione F3l =¥ AH7}

2 2.h.(DAE ] A HAAS Lutgstr] 9184, cross-validationg T3 oS |H7}sh
Rtk S 94 MME9F Af MME®S] A1 BAAEe Fdstar, Eutk ofye} eojro=w ALt
H Ae, BAFE #AHEA, dog9 =d dge 3H3lr] YsiA EFE leave-one-out
cross-validation method (Michaelsen, 1987; Jolliffe and Stephenson, 2012)o] o}x%&] % EOF

AEHJT dF 59, shte Hx odF o tig A-F A ofxdYye I 5F HE A
g Uz Zz 717k gisiA A 7135 Ald HHF o2 RE A4tE B3 AE 9§
gk S A5 wak A5E AA 715 dF A5y He del ESAs, uadFd o
zlol= Yt o2 Alasle] FASIH T =8 HAVSE o Z7)3te] g HE A SHo] wAt
AA " AT A5V d3585 B 1Y Wl EASAT wEA BA B4 A3t
53 A S(independent data)ell thall A A3t & o+ A5 & 5 AAHFigure 7 F=).
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Figure 7. Time-averaged ACC skills of the two MME mean
(upper and middle panels) Australasian (Ieft panels) and East
Asian  precipitation predictions (right panels) and their
difference fraction (%).

_15_



(2) AAZAZF712H2006'3 o] F~)oll thEt d5H BT}

AAZENZ71H006E o B BhE =Y BAHE FPSA BANFE AS712 o
TEE = A e AN ASAR Hg AR S A% Adel f4, olF Fi
WY Je] HERD ATHE B AGESL AR AZ71%e) FYE FARYD

(Table 6 #=).

Table 6. Three versions of real-time forecast period, data availability and
time-averaged anomaly correlation coefficients for East Asian precipitation

prediction.
o Ms (o ACC)
T4 | MAZE | Hoizd
wE | =7z | ®aee | v | Nl s e
(ha = (i = (o] = o =
= MME | MME
2006-202
V2019 . 83.3% 0.10 0.15 57.9%
2011-202
V2019 . 81.0% 0.14 0.15 8.3%
x2d MEg
2011-202 N
V2020 ) 75.3% 0.23 0.13 93 xt2
258
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L #AHAAS JepATHDing and Chan, 2005 Wang et al., 2008; Chen et al., 2013). MME 7] %
o Z9] 67€ daATS 18 & o, ddE ALH ENSO%} o] 53l solrlol AF & A
o] #AAFL 9% 2d WYolA= TV =T wabA dstRd g ol g #HAd S vie

El: 2R S FF 1Y o E F AT FotAor AF Eed W] 944 A8
o ¢l IS wom(Zhang and Zhou 2015), 1 thxxZA<l 47} Sik Road Patterno|th. T
g wdoAe] o4 Hr} o] FoFH oKL et al, 2020), B A¥HES Q3 7]EAA=Z
AbgBE7] o= ol wol Qo] FF AFtol 1Yyl E g

.(

(2) FotA ot BFol ¥ 71FAA (climate driver) A4

FYE 71535 Ao Aol os) d&FS W=, ol Z2H|uK(Hosstins and Karoly, 1981;
Simons et al., 1983; Li et al, 2014)¢} <57] F<5Martin et al. 2020)0 2JejA o] Fo| Xt}
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ded JAL et al, 2015)°] A= AR d4HA J. 53] dU) AHBY Fre 9%
do A vluwF o= 755tk (Scaife et al. 2019).
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Figure 8. Climatological seasonal mean of East Asian and
tropical west Pacific rainfall.
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Figure 9. Regression of seasonal mean anomalous East Asian rainfall on tropical Western
Pacific rainfall.
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Figure 10. Temporal correlation coefficients of seasonal mean anomalous tropical western
Pacific rainfall between observations and models.
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al. (2013)).
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Figure 12. Pattern correlation coefficients of regressions of seasonal
mean anomalous East Asian rainfall on tropical western Pacific rainfall.
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Figure 13. Time-averaged ACC skills of the two MME mean East Asian precipitation
predictions as a function of seasons.
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Time series of the proportion of grid points in the above normal category
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Figure 18. Temporal variations of the proportion of grid points in the above
normal category (upper panel) and below normal category (bottom panel).
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Figure 21. Time-averaged ACC skills (for left y-axis) of the
model-simulated precipitation prediction based on MME1 for the East
Asia as a function of targeted forecast time. Solid blue circled and
green circled lines of each panel denote the MME mean simulation
skill and the average value of individual models’ skills, respectively.
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the ACC skill distribution of cross-validated hindcasts associated with
the targeted season and year of prediction. The red dashed line (for
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dashed line (for right y-axis) of bottom panel show the spread of
individual models’ skills and its amplitude, respectively.
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Table 7. Summary of APCC MME models.

# Institute Model Name Hindcast Period apccdb(3_leadtime)
1 APCC SCoPS 1982-2013 APCC

2 CWB GFST119 1982-2017 CWB_GFST119
3 JMA JMA/MRI-CPS2 1979-2014 JMA

Z MSC CanSIPSv2 1981-2010 MSC_CANSIPSV2
5 NASA GMAO 1982-2016 NASA

6 NCEP CFSv2 1982-2010 NCEP

7 PNU PNU CGCM v2 1980-2018 PNU

8 UKMO GLOSEAS 1993-2016 UKMO

9 BCC BCC 1991-2015 BCCV2

10 KMA GLOSEA5SGC2 1991-2010 GLOSEAS

11 HMC HMC 1985-2010 HMC

12 CMCC CMCC-SPSv3 1993-2016

13 BOM ACCESS-S 1990-2012 BOM_ACCESS-S1
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Table 8. Brief description of the Least square method and Regularization method.

# 2A) # ¥ (Least square method)

A3} 71H([Regularization)
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Table 9. Brief description of LASSO (Least Absolute Shrinkage and Selection Operator)

regression and Ridge regression.
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Figure 24. Contours of the error and constraint
functions for the Ridge regression.
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Figure 25. Regression equation using the time series of
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Figure 26. Examples of the time series of principal components
obtained from EOF analysis.
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Figure 29. Time series of principal components used for regression equation
for monthly precipitation in February. The PC time series are obtained
from EOF analysis using k-fold cross validation (Fold 1).
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Figure 30. Selection of the regression coefficient and LASSO solution path as a function
of X\ using k-fold cross validation (Fold 1) for monthly precipitation in February.
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Figure 31. (left) Comparison of PC time series between conventional linear model (green),
LASSO regression (red) and SCM (blue) for monthly precipitation in February. (right)
Comparison of RMSE (Root-Mean-Square-Error) of PC time series between conventional
linear model, LASSO regression and SCM for monthly precipitation in February.
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Figure 32. Comparison of ACC between conventional linear model (green), LASSO regression
(red) and SCM (blue) for monthly precipitation in February. Box plots in the left panel shows
the ACC range of individual models in each year, while those in the right panel shows the
ACC range during the hindcast period.
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Figure 33. Spatial distribution of precipitation bias estimated from the LASSO regression
for monthly precipitation in February 2010.
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Figure 34. Examples of the time series of principal components used for
regression equation for seasonal precipitation. The PC time series are
obtained from EOF analysis using k-fold cross validation (Fold 1).
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Figure 35. Selection of the regression coefficient for each season as a function of A

using k-fold cross validation (Fold 1).
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Figure 36. LASSO solution path for each season as a function of A using k-fold cross

validation (Fold 1).
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Figure 37. Comparison of PC time series between conventional linear model (green),
LASSO regression (red) and SCM (blue) for each season.

Table 10&= A58t 7IHLASSO 37 7wt A-AZ3H Ryo= FHS PC AAL
RMSEE o] &3t H7isk 2345 ez ok #FAEE 7€ 2 3AEA1Im X*F’ri}
ZIH(LASSO 3] thal RMSEES 443ttt RMSEZ|&o 2 A3l 7]H(LASSO 37) 714t
PC AAE A Axts IARHIm) vl dA-EA AA 433 A" Aoz EHE
SCM=} w3t JFM, FMA, MAM, NDJ, DJF Aldol= 493 MiAd Hez o=y g
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7} SCM tiv] 453 5713 Aoz BAEL dritdoz AddZ37 2go] JFHrg
T =7, ALE, Bl BA a3 e Ao® EAHT

Table 10. Comparison of RMSE (Root-Mean-Square-Error) of PC time series between
conventional linear model, LASSO regression and SCM for each season.

RMSE
JFM | FMA |MAM | AMJ | MJJ | JJA | JAS | ASO | SON | OND | NDJ | DJF
OBS vs. Im  |17.102|12.947]10.497|53.056|34.904|27.520|30.755|24.252|40.070|12.496|14.249| 7.178
OBS vs. LASSO | 2.228 | 2.513 | 3.836 | 6.440 |11.301/10.771| 9.389 (12.372| 8.890 | 6.710 | 5.325 | 3.766
OBS vs. SCM | 2.831|5.338|4.978 | 6.182 | 7.266 | 8.084 | 9.088 | 7.778 | 6.640 | 3.760 |12.459{ 9.103
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Figure 38. Comparison of ACC range during the hindcast period between conventional
linear model, LASSO regression and SCM for each season.
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Figure 39. Comparison of ACC between conventional linear model (green), LASSO
regression (red) and SCM (blue) for each season. Box plots shows the ACC range of
individual models in each year.
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Figure 40. Spatial distribution of precipitation bias estimated from the LASSO
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2o o Sge B3el AFstE HA

o] AFdAE FEERALGTE FAst= ME
% o] H+= #= A5 E ECMWFE (European Centre
Q]

A Hlolz2 M-S Z&Su. Ao o

for Medium- Range Weather Forecasts)®] Aj&4] 252l ERASE AL&3lH A, dF HEE $
gl AlEoA 831 Y& BFEAYGAE FAstes 98 2d 9= A5 7H Bk
olgagth A Are AFHL A7) a), BE ARA Ame] Wi FPas
W 2 o5 E‘i"“&o Abgstdiem, i Rdo] ARG EHE #H= ZH Al AR 4

Sy
normal
normal
normal
\ normal
/ / unif
By xy B, xy 465 x5
normal
Y;
Figure 41. Schematics of Bayesian regression.

http://www.indiana.edu/~kruschke/BMLR
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2) ATFEHE =YF "lo)x FA

Hlo]z 395 B3 FAHANA dY AR USERAYGEN FAst= JiE mdo oA
Bagkold, 115 WE dF9 wpolo]x FOog Qe HA| o Fol 7HsA XA FAHH
J FEFE PAE A7 EATH ole % AA-AA 2Ys Hlojy nd Ay FAF
(Model Output Statistics; MOS)E ©]&3t= HHAANE YElE & e dH4o=, 37 2gol
A7 BAge AgE e AR AAe) B4 A¥HE AE dudnt olPd A= I
e WA 87 fste], o] AFoANAE Ast 1M =dsd Arst 7IHe A A
o EE RaFgoeH 54 37 At FxdA Agete e B3 A6 dFE v
A2 Fshe A TS AE AAS B9 2yl HFHC R AeuHE FEAY T UAEF
et o] dAFNAE FEEE oA A AlFol sigsts 12-norm = ©]&3 5% 3
AE =Yt st 2o AR FAY FHL PAHD BHHA 2o FYHEF FHHY
oh,

] meguchon o weiths | %

Linear Regressicn Cost funcion
1 j=1 i2
Z' Vé_z ﬁjxn’ﬂ’
/,.- N i=1 j=1 - o
// ! ® .\ /// |
Ft W // \\\ A ,j
i i = i T
F //”/ ,’3/ » A ’ Pl x/ y
B b P IA ® // B 4 / ne® /
? /éf BA//K/ ? / //,./’{ B /////
P A / i ’/ P
|"J L‘—'// Y4 /’J { st s
=& \ b
fl s // , e //
' W \ 2
: L — e Ridge Regression
Lasso Regression - ~ q d
Bl "-_\ ﬂl
_[_

B+ Pol=t Bi+fi=c

Figure 42. Schematics of regularization effects: (Left) 11-norm LASSO and (Right) 12-norm
Ridge. Source:
https://towardsdatascience.com/ridge-and-lasso-regression-a-complete-guide-with-python-scikit-1
earn-e20e34bcbfOb
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o ATollA ARSI FAE WHEN A5 AP Weke ] mAEstH obefol o

STEPS Bias Correction Mapping Final Prediction
= Bayesian Ridge Regression Un-Weighted Bayesian
Strategy Hindcast-Based (L2 Regularization) (with internal spread)

1@§ D\t = Hel == 2
0| = 3|7
+
Nas oy f
i §
MNE 2T
v

Figure 43. Strategies of Bayesian post-processing with regularization applied in this study.

U, SRIEMNAE 7|719) o= A3}

=) ~E 7|7t leave-one-out W2l 02 AAE o= ARE HASH e 2ok
o] AFNME 7FE3 FAM=E 71ZHT7 € ~ 11 &9 1, 2, 3 /ME Ay =& FP3IA
U, o dAldlAdE At wolz 1 /e Ad o F3 o] sldst= APCC PMMES] o=
AR, O3 #Z AR A5E st AAS

AANHoZ Ftst wlo]=2 7 ~9 € 1 /MY A =9 S 10, 11 € 1 /1€ A8 o
=90l EAo] 25 & Aoz yYeldd. F, 10, 11 €9 A% o= E4lo] 4 FAHH o
o oS WU Yol-Hd mFe EA7F v AoE e on, ol 3 AFE §
3 Besford Atgo =z HRIt W A, 7IRF MME &3 A3} wlo|= $XHE B3
o Zo] Mg MFHE dSste AR Holu, dF #F AR APHA Bts Holx &
Ags 719 MME oS3 oldt A3E Holr|k 3th o83 AL tiFs 52 Y 5
AR Bl fxdd #A glo] F3] #SHI Yo, AAHORE S A GdA e TH
g a7t 843 Aoz AYHATE A5 WA vEEEhe dlFoAY S s A=A
of & 9Fs FA X3te AoE Yehdt
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Figure 44. One-month lead July prediction for (a) Bayesian Ridge post-processing, (b)
APCC-PMME, and (c) the observation reanalysis during the hindcast period.
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Figure 45. Same as above except for August.
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Figure 46. Same as above except for September.
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Figure 47. Same as above except for October.

_64_



v PR

#
[T I.
l'ﬁ i -

oy el iy

.

Lﬂﬁ

B Tombd NN TRND
o e

T
™ et
R
o 1
-

1|| l--

Lt

=]

POl NMN TR

T

it 0 L FIF]
BN i e e i ki’

L2 J
<

i ]
i

_65_

- y
I ol
SICIEF|AE 7|2le] mA HZ 2 Ty}




45 wwatdnh okl agelA UEhke Brek gol Fe
F FA A A1 A5G msu FAHA Fe AL
o] ZaA= ASHE YL e Aol A T
A Zoz nth
Point-wise BMME - 100 APCC PMME - 100
_ 4 Y Reo & ﬁg’ 4 B
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Figure 49. Hindcast Heidke Skill Scores

Difference jul

(HSS) for (Left) point-wise BMME,

APCC-PMME, and (Right) their difference for July 1-lead forecasts.
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Figure 50. Same as above but for August.
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Figure 51. Same as above but for September.
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Figure 52. Same as above but for October.
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Figure 53. Same as above but for November.
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BMME 2020/11+1 BMME 2020/12+2 BMME 2021/01+3

Figure 54. Real-time forecasts for the (Left) 1-month lead November, (Middle) 2-month lead

December, and (Right) 3-month lead January forecasts. (Upper) Bayesian ridge post-processing
and (Lower) APCC-PMME.
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T X

Method
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Figure 55. Distribution of the HSS for hindcast cross-validation of (Left) 1-month lead
November, (Middle) 2-month lead December, and (Right) 3-month lead January.
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5. Probability Anomaly Correlation =
= 525
7}. Probability Anomaly Correlation 719 719t oF2d HA Xz}
g9 BAH A
APCColl A= AAIA 1071= 147) APEC 3= 71434 2 AF 7|Fo2HE FdE A
& 19

T 7152389 3007 o)Ae GAE ASE nf A E-(Multi-Model Ensemble,
MME) 71¥H 71¥F Aldd &S A4kste] Al Fst=d], ol 7T EFoZHEH A4tE Ald o=

N

Aol nAdE A S oA BAsts EFAAS WEsta V] diEoln. vl Ee, 7
TR g5tz Ald dFe AA 758G RE 2YdAAe £ BAD F gl7] bl
AA A= @ "ol (bias) 7F TAD el A 7|5 Sl EeHom by = B
of thet EE Z st UA F7] "ol RE e 9 Z2adges T8I 437+ 2d

AA dF2 A @84 (deterministic) oS3 &E2] (probabilistic) o & 7I'Ho 2 AH4kH
o @83 g5 NE B BE GAE ASHE 4 Bl Y3 A E Foste #
73 e AFsts Wl d=ge H (bias) 2 AFHH A 7153 T HAZH
o] AolE o]2h. FEH dF2 /E Rl o &S 4 RPHEE JIFAE FA5td F
gate WA S AHgetedl, 542 389 HFE Yol AlFHY FdEtg & g8, ¥
W v gE, JdRTg Be 52 gE BRI AFH

olgA AAF HWHIAR AFEHE APCCY FE4 OFEIGEE AAd Ad3HR
(Probabilistic Multi-Model Ensemble, PMME) & 433 @& Al &7H3 s = (AZF: monthly
or 3-monthly, &3t 2.5 degree) ¢ d=A2o IFAZ 7HA 1 7] %
ofF ojAbAR o] &getr|dl FEFo] Utk mEA dEFAHS ZFolzt
FAg ZIgoly 1 9 A [FAASE AFHES MY H3F 75l ARHIL A

g &4 AlE ASAHEY AT 7ol SASAT HTd= A 2
o] FFHAAE T oS BAS= MOS (Model output statistics) WHol F=2 Ab
Itk Kim 520042 o8 4yt £3FRFoA YL AFHES T AF
(Multiple linear regression modeD< °©]-&3le] ZA¥sl= super-ensemble 7|H-&
Lim 5(2012)2 #ZX9} It ¢ PoA U dZFES 774 5H A EE(ndependent
component analysis)E%3l S F4& F HEFAEA(Canonical correlation analysis)< A Al
sle] ERAHS AEsHT o] 24, Jo 5(2012)& AEH FFHE o oA Hlo] x|t 3
AEE S o] &3 RS /st

PACE= Van Den Dool et al.(2017)ol &3l North American Multimodel Ensemble (NMME)
3E AAGS AR HLoZ AX FHon, AT PACY 23] R AHE PMME o ®7}
NMME $IALOlEE F3ll &4 Aol i Jo
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(https://www.cpc.ncep.noaa.gov/products/NMME/data.html). PACE oZ &3y A= FEZ;
Arole] 39 WS o] &3 FAA FA8 ZIYgolth PACE 83 deet §EZ w9
HEE ARERE 379 F43F FAE S FACE IEEAT. d8 9,

X714 Z=(Numerical Weather Prediction, NWP)¢] o244 F2 & 93 Bt} gurzel A%
HI7IA % F shuE ofwy] A#IA(Anomaly Correlation, AC)?1d], PACE= o] ACe] =g ¢}
545 3E 49 oz st Hg3 7ol

2019 d0l= FE S et PACY AHL715A (feasibility) & H71str] sl iz o=
dEAo] B Ao HudH AT B Xss AL A g ez HAgstat. 2019
9 A7 Az "o gk PAH 7+ H APCC PMME Hindcaste] o=A4 H7} 23S 9 ¥
2 4S5 g d%len, PAC 414 47 7I¥< 2483 %o PMME Hindcasto] o|5/do] &
WAooz AMEYSS BT 1 A% PACE AE Ho Helw Ao thd APCC
PMMEo]| & &3l oSS MAdste Aol 7ted A& AU o2 201939 A7 2
FE vigto 2 2020d AFolME =S 33 FopAof A Hol ths PACe] thdk Z &4
< HrlskA

rir
olr

ot
ok
ok

U. PAC 7| H &S 9% Az 74 € 4
D 71¥=25

APCC &4 S0l thet PACe AHE7H548<s H7bskr] 98l APCC MME<S] &solAlof (West
= 90; South = 20; East = 150; North = 50) AAE QAo = HA3sIATE APCColl Al AY4ks}
© GEAAAS AR E 198337 2010 &< Probabilistic MME (PMME) Hindcast& AF-&-
3193, PACE &3ty A3 d34E& H/ME #F=ZAEZ Copernicus Climate Change
Service (C3S)¢] ERA5 Aj&4] (Reanlysis) ARE A3l th ERAS AE4 x5+E Monthly
averaged reanalysis A5 & Climate Date Store (https://cds.climate.copernicus.eu/)oll A 19833 F-
E] 20100 &<He] & 9 AEE R Wolx AESI T ERAS A EAAE Y e
0.25° x 0.25° 24 APCC MME<9] 73 &I =(2.5° x 2.5° )oll H|s] 108 22 =Z7]¢ A=A}
2 AlFo] "

© 2 APCC PMME Hindcast #At& & AaA|zte] 3 =22l ABTS FE5te] LW o o]Ey
o|~E TFEIAL, AT FEARE 7 tercile(Above Normal, Near Normal, Below Normal)'#
Z Yol d =g dolgol2E 75319tk APCC PMMES] F7H4 s =r) 25° ZAzlolm
2 27+A S4=7) 0.25° 91 ERAS A|EAAE9 < APCC PMMES] 2.5° ZAxfo] o+
AggregationS 3}e] 2| AAsHre-gridding) & st #Z3E dolEwo] A2 FE31Y T

(2) PAC 71'H9] A g W

B Aol PACE T3 e Ae Agstel Aushgth



9 ALk pe A terciled] EdFFola, o SIS HELE JdFHY R
tercileo] k== o F(a hit of that tercile)E 0 == 12 YEeRAH Frolar, pet 09 Z (7 )
2 71583 &2l 1/3d4 p e 09 Aol gk(departure)E YERATE N2 1983w oA 2010
7421 9] Hindcast 713F¢1 280] AR5 St

e

4 PACTF ALEE b3 22 A& ol &3 d FEARGE BA
Hite s I,

NIR=4

Fo
ot

+E9

ol sd,
D, :PAOS

P

9l A A sdot 09 EEUAL, sdpt pe EEWAE Ve, pladie U8 534
tercile®] &S5 FEH] 2Jol, pi’ )& PACE ol&3] T2 5433
Epd T

) PAC 71¥ A& F 95 4587t ¥H

SE S NWP Axghe] 3Ee AAst] A v AlEdIAdC] HFHE &3l =

3] 7hsafi ol wet FHZo] BEAA R ANZAEHJEH, 7MY R OE 2oly HIIARE
Heidke Skill Score (HSS) 7} ¢lth. Heidke Skill Score (HSS) & @413 £ulE2A o= A=
AAT AG=E u|gitt. & &9 AMTAA HIZF 24 & SEATY dA% BA9e dF
dol Al wjAIgTE HSS& oS HF7E #5E BT dX8te HEE $H2E d3He HE
o]l #& Hlwgth HSS& 19 7Mhe+5E olS54do] £ 09 755 43540 §lag,
0 MY A% 9943 & FEo| dFHEY 55 grdth 02 & HAFe 749 d=
of vl3) /A EHASS UERATH

HSS Al 4k2]-&- E}% Figure 563 -t} Alak2 oA A+F+KE o &2 A|E3F & 34=(Number
of hit)Z Ye L, Cle $do 2 d=5+= W x(Expected number of hits)E, P& o= A

3+ W% (Total number of forecasts)ES ERATEH
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Heidke Skill Score = (4 i — Jg,:; €l (Perfect: 1)

Cl = (MxD)+ (NxH) + (OxL)+(PxP)

Figure 56. Equation for Heidke Skill Score calculation.

PACE I AAZE @d =A0-DE Yt A = AsAxD B9 oty dS3ka A5
Atele] stgoleElE 7 Wl o Tl(damping Al S 2H HSSE Hujskstr] 918 5
A A2 7IHelt. o] PACE &3 S5 & 434 B7HE S, Fotrlor A
S ez PAC A8 HZF o APCC PMME Hindcast A4S Z+zte] Ax} W& %% ERAS
W3S o] &3] HSSE A4tete] &4 9] WstE Frlstith

. PAC 71| Hgo B2 BEnd A Aue FAH FH 2
3}
(D PAC $RAY I3 &£

PAC THA 7% A& AT HSS A5Wrt AR Zolrol Ax Az W Aststd
PACY] 93 A% /A HE7}t AE GQOE—J%HHO.EML]E selsaieh. 19 12
€714 w]¥€ 1 month AsPAIZE (Lead time)e] AlH &S S E PACE 48 & o A=

¢l APCC PMME®}e] HSS ZA3#3ke A vlwsta 1 x}OIE A A2 Arste] 2 E=Abo]
EFUI AT}
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PAC PMME APCC PMME Difference (PAC PhMME — APCC PMME)
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Figure 57. Precipitation and temperature HSS maps of the PAC-applied PMME (PAC PMME)
and original APCC PMME (APCC PMME) with 1 month lead time in October, and maps of the
HSS difference (Difference) between the PAC-applied PMME and original APCC PMME, which
are calculated based on the hindcast from 1983-2010.

Figure 572 100l AArE= 1 month AAIZEY] 37]Y A=) g PAC B HFE
HSSel| tiel A3E RoFt}, 7= (Precipitation)?] A9, PAC TR A ta] Aol wp&
FERE zpol7h HolA] ¢ mAelA Ao At UEhe 208 Hol PAC FA ] 9
3k Aol FolmstA Kol ekokth 7] (Temperature)?] -5 A, ZFoFy wprix =2

PAC FmAol thal Aefel wle Fed Fol7h Holx % maolL G At ek
t Zo® mol PAC FA] 9 Aol folrs RolA 2ge TS

10¢€ AA-dSH FABHI, HSSe] *fol& nig o2 BE HoA 7|23 Ao AddS
of tha PAC 249 Feg3 378 X el S 5 1t (Figures 58~61). =3 54
Aol th@ PAC T4 3yt A8 Holx| @gton], AMHOoR mAeld 4o F4%
o7k Urehstth ohRl gl el ulslA Aol 93 4Pl wolAE ARl ohe
BAESoH, 3 745 12€ 7|3 5 I A=V AskA e
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50.0

Figure 58. Precipitation HSS differences between PAC-applied PMME and original APCC PMME
with 1 month lead time from Jan to Jun using the hindcast from 1983-2010.
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Figure 59. Precipitation HSS differences between PAC-applied PMME and original APCC PMME
with 1 month lead time from Jul to Dec using the hindcast from 1983-2010.
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Figure 60. Temperature HSS differences between PAC-applied PMME and original APCC
PMME with 1 month lead time from Jan to Jun using the hindcast from 1983-2010.
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Figure 61. Temperature HSS differences between PAC-applied PMME and original APCC
PMME with 1 month lead time from Jul to Dec using the hindcast from 1983-2010.

(2) PAC 32739 A%FH A3}

713 dis] HA AHAZF A HSS
2435 22 Yot (Table 11). F<F &

|4 dSAdo] MAEA Fa 238 4545

A M AEE dotstr] Qs Zzt
Hidks 9 HE A4bste PAC 48 Ha &
o] PACE HAH FEJSAHRE UFEe ¢
o] HHACE 4SS & T AUTH

o o o
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Table 11. Seasonal Heidke Skill Score of both precipitation and temperature variables, which
are averaged for all grids over the target East Asia region.

JFM  FMA MAM AMJ MJJ JIA JAS ASO SON OND NDJ DJF

Precipitat
. -0.32 -0.82 -1.48 -0.90 -0.70 -1.76 —2.37 0.00 —-3.64 —2.55 -—-1.73 —2.88
ion
Tempera
; -0.70 -1.62 -1.07 -1.00 -3.02 -1.07 -2.10 -0.87 -1.88 —0.59 0.01 0.20
ure
Boreke] AL 8YS A3 mE A|7]o] PAC A€ & HSS HHzko] 23|38 Zoj& AL
2 B 5 JAed, E3) 9¥95E 129714 HSS7F 3234 EojAl= AL & 5 AATh AdA
FH RE ASE B3| 54 A U@ W Foluel Yot BHAAD AelA HSS
#ol MEstes Ae FA & AT 729 AS Al vle] HSS7F ©eo] "ojA A &
YA T, FEEe] oA 23] PAC $FERAHO=E Q3] dFAo] Yol vt dF 114

=
A% Z7hsbe AoE Ueith 2YelE B78ha Figure 60
PAC F2A 314 Wee 13 32 4 etk

ARHog B AFE T3 PACY BFolrlol A9 & &7lsA(feasibility) 7F A}, PAC
EAA A7 71HE HL3 Fo] PMME Hindcaste] d&4o] tjiie] ojix HAHo =
ol = AxE #9139t wekx PACE APCC PMME®] & &3le] SFolAlo} Ao ok

d54e JMAdsks 2ol oE e Alr AdE AN

Tk PAC SR A F3H7 Bao] ¢3 sjele] Holx] ¢ mApola 2o welrt &
A7t vdepd Zle HetAo g HAysty] oy E£4Adelr] Wz Wl Hgoluy ALt
FolA L77F AM=A WL HEstA, ol#d A=A X A3ty A i #7114
Jd A7 AwkE ot v = A AAEE PAC FERAS A8 desta A
PHE do] A ASFE 1T FAE SE] A% v P B0 AHmulti-grids) 7]
gk A 24, N terciles RF EIT FAEA, #E#9 terciles 0 Ee 10] ofd Fr
ARsets T Wl )0l FUHE R AlRE oo & Zojtt
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6. Eald 7|8 AZEY dF7]F= LA M 7|H

7h AR FE 7Y 2 AEY 9= A=

d#d(deep learning) 714 thst dugEe Mud g
2 Z45 YsiA = tlolH e 4o we} theFek EokollA B3
] g5 Ut} (LeCun et al. 2015; Kurth et al. 2018). =3} =
sHAl st AA #S5 A5 HHS WSt vl HAS
A8 73 AFE A" 2 s e FH o w2 FAE ska Uth
A o= BololA JhsAS HoFE Ve T ShUE Q4
st HolEE A" 24 HHs dS5she ]
s
=

i ol
tlo 3
o
N

_&ﬁ ol
ok

Sl oE,
2

1

==

O N & o
(o

JZirOi'
o i
fin)
o
Ay}
oo
- Hr%ﬁm[or‘l_(rjz
( 0
S T U

-0,
>
N i
K
%0
v}

AL < VR o o A SR T

2
i)
©
o

o

A S Held 7Ee A& ofF 27| wAC Ak 2y, o]
FrF 5o A= 4% M JHsAS BoiFHA (Hernandez et al. 2016),
okl AR o F i F A& 7?%@& HoF&= 7e& dHsta o
<& &%, Poornima and Pushpalatha 2019+ tfd A7 <&ag&(el, RNN, ARIMA, LSTM
= AT AR A&t AaE AdFsIE skAth 3&, WL Bi7|e &2 FHav|e
< dS3tr] A3 WHoE #F A5 ke BAZF W By ofygt ZASE, B35 HA
E E(Multi-layer Perceptron, ©]s} MLP), A %= 3 7] A g<(Support Vector Machine, ©]3} SVM)
2 =3 7] A 85 (Extreme learning Machine, ©]dt ELM)S 2 83to] thg 2o 7|8 o =3}
= WY 5 AAE T (Paniagua-Tineo et al. 2011; Abdel-Aal and Elhadidy 1995; Haupt et
al. 2018; Abrahamsen et al. 2018; Dibike and Coulibaly 2006). Nooteboom et al. 20182} Ham
et al. 2019¢ 7|Agts 9 HEWd ZIHOZXHE El Nino o9 543 AFAE =3
Ortiz-Garcia et al. 20129} Ramesh and Anitha 20149} Abrahamsen et al. 20182 F37|4d=
Ztg0)] gkt 7AISE 71 A8S F3 o 64K 2 7-10Y §¢He] V1S d &5k on,
Karevan and Suykens 2020& #h7)~7 ]O*(Long Short-Term Memory, ©]s} LSTM) 7" AlA
S Agol 23t AAZE VAR E ASSA . Shi et al. 20152 Ao A AR
A &7H2 (spatiotemporal) ©. 2 A <35= Er A= 48t Holy #=F o|n| A& o] &3l
LRAZWNA 2 dSe 8. dF 2ds F537] fske] dukAl LSTM 71 9
ol Convolution 71H-< 283 ConvLSTMS #|¢tslion, T2 7| Ed Hls] 43 A
S RAFE A3E =390 Nar et al. 2018& ANN 7]3& o] 8&3}o] Global Climate
Models(GCMs) #At5.9] dS54S A7 75 3T b o IxE A9 fga] &<
(monsoon) 71%+e] 7Z<reF A W E(year to year variations)®] dlZA4& A Al F ULS B
Qnl ok w3k GCMe] R 4=3Kparameterization scheme) Z# Joll 217 W (Neural networks) 7]
He B3 EAAA GCMY d=8& FFA7I=d AFsEe 283t (Scher and Messori

—

°|
H
L
=
=

OIF £ = rulm e

2018; Dueben and Bauer 2018; Salcedo-Sanz et al. 2016). ©]¢} Zo] 74 59 o= HFAHS
FEA7171 fEl B A7V FRAEHJAOY R ATV FHVY ASAERY @] AR
2 A F2 B BHAA o]Fo]HaL, S2S At FEROA L FF Z2 V|2 dFA Tl
ZIAEE S AAY dugFs L B dFe vHsT =3 AE 7S A8 7]
Zrds o 13 gFsEdYAE(multi-model ensemble) 7S E3) AE 71E o=
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o AL F7HA7IE A7 o A E g ey, S2S R4 ] MME # & 71‘ﬂ°ﬂ
B3 7= dFE =BT (Wang et al. 2020; Park et al. 2018). =3+ 7|Asts 2 g8y
7HEg & A= HolHI BETE SE AUt FolAn Ao AFEAo] Eopxith JJ:L

World Weather Research Program % World Climate Research Program, National Oceanic and
Atmospheric Administration % National Integrated Drought Information System & = A S2S <1
T OFoAE S2S d= HAeS T Al77] Yl &R BS(artificial intelligence, AD 2 7] A
st<r(machine learning, ML) 52 &3 A3t 1 A3E FE3E 5 FH2AEE FZ3 o
o (https://www.drought.gov/drought/forecast-rodeo-ii-leaderboard), &F3F o= A I =HJTH
(http://s2sprediction.net/xwiki/bin/view/Phase2/MachineLearning).

b

o] A& AR EAS o] &3 S2S oS Aso FA g (post-processing)E Fa Ty
< MEstr] Hs s 53], e o
5 B2 &Y S2S dF7E AsE AT S 3
% ;Li, 7)o AAW mdS Hgte INE o S2S o F AR(Ha ¢ 2

7171 918 AT 9A, g5 2d F5E 913 MME 7]
o S2S oZ7]|% 98 ARE 7FE SHIEERE 67J(ECMWFE, MSC, NCEP, KMA, UKMO,
CMA) 7 7|$rdEs A g S2S oS ARE AL < 2de A
Aol g8 LSTMS g3t d8d d371F Hees AEW JF7]2(T2M), H )
2(TMAX), & 7](TMIN), Z4(PREC), sl ®7)¢(MSLP), 850hPa 71t el A A Y& ek
o] uigh(U850 ¥ V850), A= (Z500) 9] 71§ ¥R FFdth. £d 2l dgE #
z7r0 2= ABA 222 ERA-Interim A2 & F=3}¥9th. MME 7]4ke] S2S o =7)3 2189
H A=A (e])3} Hindcast) A=59] 713+ 670 718 7] =299 Hindcast 7]13teo] 2zt th=x
7 ©o]&9] Hindcast 7]zte] Hg EFHEE 199597 201497HA 2 A=A o] FA
T=% MME 7]4ke] S2S o Z71% 285 5 75%°) s Fshs 7|17 Sh<gol o]l &H 0o, 25%
£ H2E 77toz 839t g ZelA 25%0 sigdste 713te] wd ZAszRE LSTM
P

ﬂ[‘ll‘lﬁ
o2 N

2

l

AN

A goll TE MME 719he] 525 157150 ARSIt DA QE 8 APlS 3470 o=
4 gy A=E B,

U Aer171971& 7R AR 5% A8 T4 R FHe
1D #FSH 7AE 7124

A4 W -A) A (Sub-seasonal to seasonal, ©]3} S25) o2& s AA 1170 7]FolA Ay4kst
S25 Amw APAFAIZL, 78 R A4 s, dFE T A dF3AE AHTREGEA

on the fly), A dEFAR 7|1, AFAEY Y4F7] Fo] BF t2t 2 dAFdA s A
A g ZAo] 7t 9ttt WrlE ol Qe European Centre for Medlum—Range Weather
Forecasts(¢]s} ECMWEF)9] S2S A& (Vitart and Robertson 2018; de Andrade et al. 2019;
ECMWF 202009} 17 tha 71% ==l Global Seasonal Forecast System version 5(o]&}
GloSeab)2] S2S (Scaife et al. 2014; MacLachlan et al. 2015)¥%+ o}y 2}, Meteorological Service
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of Canada(e]s} MSC), NOAA<e] National Centers for Environmental Prediction(e]3} NCEP),
China Meteorological Administration(¢]s} CMA) % < =(United Kingdom)¢] Met Office(e]s}
UKMO) & #eol 718 7132d 48 F71stgnh & Ao 243 67) /e 713 mde] 525
259 542 Table 123 2t

ECMWF 2o Q7o 284 F5 4600) thsl @ A7 g usn ek =9

A= Fe< Hetstr] fsl AA 20 713He]8} Hindcast 7]13h)el EHSHH 11708 &
oj-gste] A AFE s SIUNe] YFE WHE TSt FF 46Lol A LF

:‘[:

3 Atk MSC 2de dFdo 13y TS 32%_‘011 sk A AT 4
olty. MSC(ECCOE 9= A2 Iotslr] ¢ Hindcast 713+ 1995
Mel s WHE o] &3 =9 285y 21719 YAHE W
o

2
2
8
Y
&

< metstr] 9l&l Hindcast 717F 1999 FE] 20108 thal 47] YAFE WHE o] &3l A
HA dF& TP 16719 s AHE 74T F FF 4L dE S0 MY FPH
ok ¥HH, GloSead EH&(o]st KMA)S i€ 4/4 Azl G A1, 9¢, 17Y, 25¥9) &%
60l thal A A EE Aiteta Utk QA B o F d5S 3ebstr] 918 Hindcast
Z1%F 1991 55 2010l disiA 370 ddE WHE ol &8st HA oSS FHstal 4719
FEE WHE T4t &S 60¥o] g o] Hindcastet ©H=2A wid Fdstar Ao
UKMO =d = KMAS} Zo] wi¢d 43 4 ‘Hxl $A1Y, 99, 17¢, 25¥9)ollA &3 60 ol o &l

drE ALt mdo] o= Ae oS 98] Hindcast 713 1993 H-E 20151 o
gk 70 FdE W E ol &t HA 0ﬂ"ﬂ < T35t oA U EE AHE FAASHS F
2 | Tthgt ol Zo] Y s CMA 222 NCEPH o] mjd o Zo] 3= AT,
g SAzHS FF KMA9F UKMOSE Fd3tAl 604l tigh A A7 dB7F +=3d . CMA

d%5<S 9o}3str] 918 Hindcast 713F 1994 @ 2] 201430l s 4719 IFE
£ ol & wid HA dFES FHsIL FLSA 4N FEES FAHsI FE 60L

-

A OIF r

A:ﬁ

A
=
H
g

Bl
o

N 713 rde] HA o=7]F H4E oF 17702 Table 139F 2t} o]FeolA UKMO=
MSLP(Mean Sea Level Pressure)”} §1o.¥, KMA+= SST(Sea surface temperature), OLR(Top net
thermal radiation), Q700(Specific humidity at 700hPa), Q850(Specific humidity at 850hPa)e] ¢l
= 7ol
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Table 12. Information of 6 single climate models.

] Forecast Forecast Hincast Hindcast Hindcast Time
Center Nation . )
Ens.size frequency Ens.size length frequency Range
: 4/month
KMA Seoul 4 daily 3 1991-2010 0—-60
(1,9,17,25)
: 4/month
UKMO Exeter 4 daily 7 1993-2015 0-60
(1,9,17,25)
CMA Beijing 4 daily 4 1994-2014 daily 0-60
2/week Past 20 2/week
ECMWF ECMWF 51 11 0—46
(Mon, Thu) years (Mon, Thu)
Washingto ) )
NCEP 16 daily 4 1999-2010 daily 0—44
n
Weekly Weekly
MSC Montreal 21 4 1995-2014 0—-32
(Thu) (Thu)

Table 13. Information of climatic variables of 6 single climate models.

Center Climate variables of Sub-seasonal to seasonal
KMA TMAX TMIN T2M MSLP PREC us0 V850 U850 V200 U200 W500 Z200 7500
UKMO TMAX TMIN T2M PREC SST OLR us0 V850 U850 V200 U200 W500 Q700 Q850 7200 Z500

CMA TMAX  TMIN  T2M MSLP  PREC SST OLR Us0 V850 U850 V200 U200 W500 Q700 Q850
ECMWF  TMAX  TMIN T2M MSLP  PREC SST OLR Us0 V850 U850 V200 U200 W500 Q700 Q850
NCEP TMAX T™MIN  T2M MSLP ~ PREC SST OLR uUs0 V850 U850 V200 U200 W500 Q700 Q850

MSC TMAX T™MIN  T2M MSLP  PREC SST OLR uUs0 V850 U850 V200 U200 W500 Q700 Q850

7200

7200

7200

7200

7500

7500

Z500

Z500

@ AE AFEd ¥ GFRIPFE AW ARY d301% Ame] FA B 74

Table 124 Zo] ECMWF= v+ dedy Had F W4 &5 469, MSC= w5 H8<
T 13 3% 329, GloSeab5¢} UKMO+= wi€¥ 43] 3% 60, NCEP# CMAE= i &% 747zt
449 7} 60;1_71}«1 S2S 4 & A B HA gF A8E WEFHOR

B AT A= ECMWESE MSCE| - 2018 o5& fls] AddE AA d4F A8 5 58
‘QU}E‘r %713} ¥ Hindcast 7|13t &<¢te] #A S ARE YFE Bst] ARSI olH
Hindcast 7]%F& ECMWF2] 7Z-$ 1998 H-¥ 2017d7kA], MSC2] 74-¢- 1998 dH-E 20143714
olt}. KMA, UKMO, CMA 3! NCEP® 2018 o2 #fsf A4kd S2S A= A5 E AHESHITH
a8 x7|skd ALY 14, & A3 oS 713ke] ECMWFE, MSCe| A-%= 7¢, KMASH
UKMO+= 8¢, CMAS} NCEP2 1¥9=2 TdH Ao 2= &2 7|Ztelth. wetA &3 Axo o
43 F8AHS =017l AsiAE st 7] 24, APFAS @A ALE ARE H
gk o] &3k Aol Hastth T1eiA A Table 12004 AF BEek o] AP =73 A A
S2S A& A8E FAAIHE FEY Zo 2 Atk KMA, UKMO, CMA9] time range”} 60
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o], ECMWF+ 46¥, NCEP©o| 44, MSC7} 32¥ = o=k /oA 27/1€e] S2S o= A&

Fd A7 9 golth mebq daeS IAEe FHE AEE time rang7t wiE 5 YT

2 Zn9 T25 WIANA AYsArh. A Sof, 2018d ECMWFe] A5, = @t 14

4QRE 129 27U7HA 5270 FolA 6% zHAe] o3 AB(AY 49, 29 159, 39 29%, 5¢
]

)J;

d
Y, 6¢€ 21¢, 8€ 29, 9¢ 13¢, 10€¥€ 25¢, 12€ 6Q)oA ZZ; 42¢9% F=3 & A&5H
55 Agstdnh olgA FA4E ECMWFE S25¢] A o #g9 7|72 1998y 1€ 4
178 2017d 1€ 3d97bA o)) 2018 NCEPY 9% 42¢4 dA&5E 4 A Ao
201813 MSC= time range 32¥°] V€2 €=z AZAHEE ;'Qa]a—}oil:} KMA, UKMO %
CMAS] A%, d= Ex= 1€ 1€5H 129 25971A] 487] FolA 85 H49 4= A=5(01€
1d, 3€ 1€, 5¢ 1¢, 7€ 14, 9¢ 1¢, 11€¥ 1)aA] 22 56¢€ 4 —%—%f?} T d58 F A
= AHgsAtt &, KMA S25¢] Hindcast 71xF2 1991d 1€ 1¥9FH 2010 12€ 31L7kA
o]a1, UKMO S2Se] Hindcast 713k 1993 1€¥€ 1€ HE 20159 12€ 31¥7pxo]ar CMA S2S
9] Hindcast 7|32 1994 1€ 1¥HE 2014 12¢€ 31<71Aolt). tid 99 A A-HLS
ERA-Interim A5 ¢} A EHE=E 47) A4x Asolth. 48 A5 FFoe /ME 7SR o
S71% W BFE ARESHA| &gk, 67 e VSR E Y S5V E HFE T 23 2
S(maximum temperature, Tmax), H# 2%(minimum temperature, Tmin), ¥+ <=%(2 metre
temperature, T2M), &l¥~7]¢(Mean Sea Level Pressure, MSLP), 850 hPa 7]t e] A =
gka JE gRUS50 and V850), A% 500(Geopotential Height, 75000 @ 73+4=(Total
Precipitation, PREC) 59| 71% o|& W& Addste 8 A855 FF3ATh

ru° S
u
T yo !

d

2
2
v

Z 2 d A E(multi-model ensemble, ©]3F MME) 7]4tke] S2S o =73 A g AAHS ¢35

A A 370 typel® FASATE oA Table 12004 AW 3 nie} o] 67) JHE 7T EH 9
time range”’} 60, 46Y, 44¢, 329 Fo = Ztzt ¢E Bk ol mF 23] T& wjF 13,
52 we 3AE @RE 43 52 ujd 3 F AFRNETF 2 Jy A AA G5
T dSVNER IFS 728 F At d5 9, KMA®F UKMO % CMA9] 4 =717 60
42 FY3stH, CMAE Hindcast o|Zo] mlYd = TKMAS} UKMO+= i€ 43 & 1
gGxtol| o Fo] FIPEo] Fe IFSE FEL F Atk IHA ol ME VIFEIES AFst
of MME-lo|2} ™3} tHTable 3). ®FH, ECMWFEFe} MSC % NCEPS HA o F7]|3to] <F
31-40¢ W1l 3, 53] ECMWFeF MSCE vl Ha o 4 x7} -’Fﬁﬁﬂq A o]
MME-22 =93ttt (Table 14). d&7|3t3 A FR=7E dEols B8t 25 A%
< MMEZ ®Hdstanh oy, 23 o MSCe| o Z7]|3to] 32 o] A9t —F?}% A58 FE 1L
st o 89 F=sh mAetretE MMES] oI57)3he o 409 7ztoz 4%

, FAZE, B, A, Wz, A= MME 7|9k S2S o 57]% W24 MME
|9k 525 of| & Har|23 HA7|2, ATE dS5shed dE9E ATk

r}o o

Nl

N

<9 712t H2E 7|72 /18 715499 Hindcast 713t wrel =& 7H2; DefA &=
Hindcast 71ZF A tisl] 75%= T4 7|3 25%= HZE 7|2 A4lEY. MMES] 7%
W 71FRd HAA 9 Hindcast 713te E3dstes HAAEolof spAIRE, T=8A =™ 19999 F-
B 2010d 5.2 7|7to] Folxg. 1A <4F A=V ¥ elAl EdE A grel® Hindcast 7]
e Ho 2080 2Er] 98] 1995WH-E 2014302 AAFHJY. 1A 1995@ HE 20093
742 1532 4 7|xte g, 2010888 2014d7hA 532 H2E 7|3to] Hth. MME 7]Rke

s
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S2S 4H
235
oF 4ido]

ok
Ts T

E 7]

o) [e)
Frge

B ATolA AEF AL 3-fold

A5 FERAA ok sdlAE 1995dFH 19983d7kA] oF sl oF 4\dol thd FiEo]
ECMWF<} MSC, NCEPeo]az, 2011d5-¥ 2014@71X] H &)<
3 FEo] x3EA = JE 7|ErdS KMAS NCEPo] Htt. o= A% 3
£ 98l mak #HZ(k-fold cross validation)e 334 =dl,
cross validationo]t} (Figure 62).

Table 14. Classification of individual climate models for MME, MME-1, and MME-2.

. Hincast Hindcast Hindcast Time
Center Nation , Rang Ensemble
Ens.size length frequency .
4/month
KMA Seoul 3 1991-2010 0-60
(1,9,17,25)
4/month MME1
UKMO Exeter 7 1993-2015 (19.17.25) 0-60 (TR60)
CMA Beijing 4 1994-2014 daily 0-60 MMED
ECMWE ECMWE 11 Past 20 ahveek o 15 (TR60+TR40)
_ years (Mon, Thu)
NCEP \X/askrllmgto 4 1999-2010 daily 0-44 %ﬁf()z)
Weekly
MSC Montreal 4 1995-2014 0-32
(Thu)
% 2 2 7 7
% % % % % \;?idation
% train% % ? %
N NI
Input % [‘L\\\’k é [: Z ; % :
data / / / 5 / / /
% test ififffff
A\
Figure 62. Explanation of k-fold cross validation in the

research.
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Q) HH3E 771971«
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K
i)
T
&‘L
fin)
o
o
i
A
o
ol
ol
s
i)

2 AFdA dEE AAE 7IFAEE AToE TF H 2
@A dFo AEE F e 7 ZolE 9T F Ave AHr]7|edr]<(Long Short-Term
Memory, °]sF LSTM)Z 2019d <A &8 LSTMES =3ttt =3 TensorFlow<}
Theano backend, Keras (2.2 ©o]’HE AHXs}R 3L, scikit-learn, Pandas, NumPy % Matplotlib©]
A€ Python SciPy 7oA 3ttt LSTMS HEld &4 719 <% 417 % (Recurrent
Neural Networks, ©]3} RNN)2] ¥ o]t} Figure 632] Ax single tanh layer(e]s), ©¥ HAE
of o] 3] #o]o])E 7}A| AL WEEE = EF RNN ZES AW otk dgo] Hof At v
e A T2 B/ = =, RNN= Zol7t ZdoAd4E X3 Attt gigh bky
o] 0ol "3ttt Long-term dependency THdo] Atk &, RNN2 ##H FHeo} I JHE A}
&3t= A" Atol Ayt H A5, 8F S o] ZA A3t thvanishing gradient problem). ©]
TAE F837] 98] k" Aol LSTMelH, LSTMell= & 283t 4719 layer(e]s),
olo})7} EAgTh (Figure 63¢] B). LSTMell A a4l &Ql F-2 RNN9| hidden layer(e]s} 24
)l cell-state(o] st A ZH|O|E)E F7I3F Fxo|th o] A XHOJEx 3t Huojo] W
EAY HA Ads THsteH, o] 7E2E FAA AEE & W flo] AE o @A A
o] = o Qo ES LSTME o] A 2Ho|Ed| AlFstA AAA Fx2& 712l gate(e]st A
olE)gte 84 F F&IMA HEE CAY AASE 7S TR AJEELS AHFH O
2 ARE T S F UAEF vs AXE uidt. Alo]EEL sigmoid neural net
layer(e]al AlZLRO|E AAW Holo)e} A w9 watr] ALt 2 FAE U

» ® ® © o ® ® ©

j‘“ r ':1 L. G 3 imlﬁ) ;: I

A = i A (L@l A |
I o ] ' | == !

© ® © . ® ® © .

time " time -

Figure 63. The repeating module in a standard RNN contains a single layer(A) and a LSTM
contains four interacting layers(B) (Source: modified the 2019 research report and
http://colah.github.io/posts/2015-08-Understanding-LSTMs/).

< FA BRE AAs F= 982 o 00gE #S JHAA HE 3

Aitol] ofw TS FA &A Aot lojgtes S JHAA H9 g A 247F A3 1
el dF Ayl FEFS FEF HolErt EHUA S aga, A 2EHCEE BREsta 7
EEZ317] YsliA Al 7R AlC]EES o] 831 e, forget gate layerolAE oW AHRE
HEXE Agsts 9&o|a, input gate layerolAl= oJH s JUlolEY AE ZAASA =
o vtA =t e = tanh layerdl A= A ZE|OE Hald & e AELE FHE FS S0 W
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=l FolE #oloje} A ~AHolEo] Fro] tanh S A A
Al =13 1 Abold] e ® EYEHW, AIRE HolojdlA I 3 tanh FTE AA &
#e HollA 23t FA o] FFHA LSTM Halo] 20194 AF&-gH LSTMoll tigk A ojt},
o] LSTMel| A overfitting(o] 3} 32 ehHa £ = 7HdS 93 HZs7F asiaith

Cb AHs

71% LSTM9] A% &A43t 349 24Y9=(hidden layer) =& /HFE AR HPE=H, WA &Y
2S FAsla FA3) 3E tanh 49 ReLU 3 F 719 2dS& 743 & 243 »&
o NEE 108 S7HAIA 3t £4o] 71 AA YeiusE 8438t g9 =9 MFE 8
53tAth o] 9359 =7t 2007) ol A3} 47 ReLUY W 71 943 st5 23 &

—~

[e)

o
BT =S 7|E LSTMolA Aeg gGEE4 &7 &4 dugFo= Adam HA3t &
2] E(optimizer)& AR&3FF o, o] duE|Ee] 7B HAy eYFo] Zol(dense)= 1007] =
TSI =8 G99 AE, 712 degree Celsius® Z43FS mmzE 48 7% A5 5
de dE SHEY dF EdoA oF HWHEYHZY A9 HYIZAEZ2xHRoot Mean
Square Error, ©]3} RMSE)7} © <ubxolojx zf&stHATF 3 #d o] 22HMean Absolute
Error, ©]3} MAE)= A &3tdch 1834 o= 2d LSTMO A% AEZE 7493 8¢ F<to
Z+zy 2l= Ebdel tig RMSESH MAEec = F4ddn.  HA3st daglEe 7]E LSTMolA]
Feature Engineeringell <Jsl &3} o] 3= l=dl, Feature Engineeringe feature
selection, classification, extraction, transformation 5= 53] ¥=8d A5E o] AJSHA
kst AL PSS Fola TE £5F NSt Held dagE(d, 2099 &g
LSTM)®] Adss FdA7Ie AHoE B dAFodAe A %3(ayer depth) 5%, dropout %
FEff-A stolHutEtu]E 58 2Aste] LSTM &1l &S A s st (Figure 64).

Layer 1 Layer 2
LSTM LSTM
( ) (B) Model ( )
_ Drop out Drap out .| Prediction
—= layer ~% laver ~% . (resul

Feature

raw data)

Feature extraction &
scaling,lselection

(A) Feature Engineering

(C) Modeling

Figure 64. Description of feature engineering used in the research: (A) describes as a feature
engineering process within the LSTM, (B) describes as the LSTM, (C) describes the entire
modeling process.

_87_



el A= ECMWES] S25 ¥ A5 7% 1998 14 44 H5H 20179 1€ 3
AH(daily) AR F 75%(1998d 1€¥ 4¥€~20139d 1€¥ 3¥)E &<l
73 1¥ 3Y)E H2=Eo]| &8stk MSCx 1995 1€¥ 44 F-H 2014
d 1€ 3L7kA F 17d &Y ¢HE(daily) A5 F 75%(1998 1€ 4¥€-~2011d 1€ 39)E ¢
Foll, 25%(2011d 1€ 4¥€~2014d 1¢¥ 3D)E H=E°] &8st &3, NCEP 19999 1€
1947 2010 12€ 31L47bA] & 124 5o dE(daily) A 5 75%(1999d 1¥€ 1¥€~2007d
12¢ 319)E goll, 25%(2008d 1€ 1¥€~20101d 12€¢ 31¥)E H2E &3t KMAS
S2S Y A=Y A9 19919 1€ 1€ FE 20100 12€ 31¥€7HA] F 209 &<te] A5 5 v
FE7FA = 75%(1991d 1¢ 1¥€~2005 12€ 31¥)E g<Fell, 25%(2006'd 1¢¥ 1¥€~2010d 12€
31)E HZE o] &stth. UKMOE 1993\ 149 1dFE 2015d 12€ 31¥47tA & 239 &
kel AtE F T5%(1993d 1€ 19-~2009d 12€ 31¥)E shgoll, 25%(2010d 1€ 1¥9~201549 12
4 31Y)E HZFo ol&stdth. CMAE 19949 1€¥€ 14 FH 20149 12€ 3147k #F 2149 &
¢ke]l AtE F T5%(1994d 1€ 19-~2009d 12€ 31¥)E stFoll, 25%(2010d 1€ 1¥~20149 12
4 31Y)E H2E o] &3s3th

i3

MME ~]¥ke] S2S9] ¢4&8 A=<9 A KMA, UKMO, CMAE A <3t ECMWFE, MSC %
NCEP9] ¢ &7} Z3te =] &Awh, 19959 1€ 1¥3E 20143 12€ 319714 & 20 F<ko
25 F 75%(1995¢ 1€ 1¥9~2009d 12€ 31¥)E 5o, 25%(2010d 1€ 1¥€-~2014d 12¢ 31
A)E H2E o] &3ttt T3 Iy mE F5HE {3 FH AE=E A% ERA-Interim A}
59 7I1t= Z47te] /i 7] 293} MME 7]8ke] Hindcast 713te 2388 4+ &S 747 A
AEJTE T 7|H 2 AP ZS7|3E HA dF 7F dge] 9, A3 9 A
d=4 Hrie HWIAFE2L3xHRoot Mean Square Error, ©]dF RMSE)®} H2AFIA <
(temporal anomaly correlation coefficient, ¢]s} TCOE Al4tstd AL8H H#Wd dxeElE T4

K
Hl

719l LSTM¥ gl HZA s ol thst oS HesAdd 434 2 /i B3 55 H7bskdh
MM Z=(@(mprovement)= LSTMo] &5 A & MME 7]k S2S¢] o= A% oiv] LSTM 3-&

AA B8 LSTMo] 288 MME 718 S5 ol = 45e] wajse Asste] Brratddrt.

A7]A xie Sts A FL T F 449 JiE 7]$EE(KMA, UKMO, CMA, ECMWF, MSC,

NCEP) ¥ MME 7]4Fe] S2S of|Z7]% 5 9] o= E& idAel zhola, xiv T4 7|3 &<
ME 7 rd 5o MME 71HF A-Y =75 A5 Ht, & 29 7E HAEHS YE
'y SO #= A5 HAF, F V|EHS YUE

Aok yis i QAdA Y #E AR, pE £ VI
AT e 42 A AL NE a3 A5E 27t Yehd,
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o714 x1, e i%la}fﬂ St w R ke Z4Zbe] s |Emds MME 7)4Hke] S2S o =7)1%E #}
go]H, x2, i+ 19l A LSTMol o3l shxd Zhz+e] 7l 7] 3293 MME 7]HF S2S9] o =
713 ZPEOIEP. N& o= M-S 42z Yebdt.

[¢]

Improvement (%) = (Evaluation index of training data/Evaluation index of original data)x 100

o714 original datax 5ol siFH 25% 7|%F ¢ SEHA F& JiE V|FEE 52 MME
718k S2S o =7]%F A7 E o|ndtH, trained datatx FY 7|7kl dis] LSTM =dol &3] &<5

Hol FRAHE e et

o 9383 A&l BE AU d571F Ay FEAY A
) g 71 F=De| LSTM H&o B2 45 45 7}

Ch AP 2Nt AAY E =4

ME 71erde] AAEY o379 A4kd #HAEEA S(Temporal Correlation Coefficient, ©]
ZHRoot Mean Square Error, ©]3} RMSE)E Weldit} z+zho] At
(=2, g 224 g gte gda)e [STMo] H&d AZY o=7]%F2 TCC @ RMSES
et dukx o2 KMA, UKMO, CMAS] A3 A 713t2 6040, Ao AA
71zl el Hmrle 2@ HA7]Lo A CMASH KMA LSTMO] TCC A4+s} RMSE dras FE
# 4t} (Figure 65 and 66). UKMO LSTM A&olA #1722 TCCE 7|AE T RMSEE 7Zha
He Ao® UetgAN, HA7|29 B¢ LSTMOﬂ 9%k TCC 74 % RMSE 4 33+ thi
2o Zo 2 Uewt A5 A, 3 7IFEE BFoA LSTM A& m& TCC ol
FEHAFY. RMSE Z=3F ZHAE A9 %‘ﬁ-?ﬁ,#i% AR = AS=E Yehytt (Figure
67). ECMWF, MSC, NCEP9] Adio= A 7|7He Z7Z; 46Y, 33¢Y, 44¥ LY, A= A
A 712kl s Har|elA 37} 712 E e TCC &3 RMSE 7:}4\—‘: F=H R (Figure
65). HA 7|24 ECMWF<} NCEPe] TCC &3} RMSE #HAZ LSTM AL &3V YESA|
Tk, MSCe] 7Z ¢ LSTM A& gk TCC @do] tha {3 A= ettt (Figure 66). 7%
T A, I 71FRDAA LSTM A& mE TCC o] HeEytth RMSE =& ZHAH
=4, ECMWF$} MSCe] RMSE T¢ate 25 T3S AE HolA &t (Figure 67).
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Figure 65. Comparison of temporal correlation coefficient and
root mean square error of S2S(gray box) and LSTM (green box)
of daily maximum temperature of six single climate models
during overall hindcast period.
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Figure 66. Comparison of temporal correlation coefficient and
root mean square error of S2S(gray box) and LSTM (green
box) of daily minimum temperature of six single climate
models during overall hindcast period.
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Figure 67. Comparison of temporal correlation coefficient and
root mean square error of S2S(gray box) and LSTM (light blue
box) of daily total precipitation of six single climate models
during overall hindcast period.
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Figure 68. Comparison of weekly performance of temporal correlation
coefficient and root mean square of S2S(gray box) and LSTM (green box)
of daily maximum temperature of six single climate models.
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Figure 69. Comparison of weekly performance of temporal correlation
coefficient and root mean square of S2S(gray box) and LSTM (green
box) of daily minimum temperature of six single climate models.
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Figure 70. The comparison of weekly performance of temporal correlation
coefficient and root mean square of S2S(gray box) and LSTM (light blue
box) of daily total precipitation of single climate models.
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Figure 71. Comparison of the temporal correlation coefficient density distribution at the
daily maximum temperature for 3 and 4 week of lead-time of six single climate models.
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Figure 72. Comparison of the temporal correlation coefficient density distribution at the
daily minimum temperature for 3 and 4 week of lead-time of six single climate models.
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Figure 73. Comparison of the temporal correlation coefficient density distribution at the
daily total precipitation for 3 and 4 week of lead-time of six single climate models.

058 3-45oA 67 /A 7]F=do) LSTM 2§ 39 TCCo Az REXE A3 %
2xTE ZAEA T (Figure 74to Figure 76). Z1olA A2DIPE 334, BEMAMS ==
A, A F(0JA)S B, 7FEEON)2 Hepos 35 en, A O A= ECMWF 24
A=, AN O AES MSC e, A A AE2 NCEP 29, X 4E2 GloSead, + A&
UKMO =&, * A12o CMAS uebdith tizizte] QoA 670 718 7152 de] 3-4% S5 o
Z7]% o LSTMS 83 TCC7} 7]1F41(0]3} reference line)e] $dwto s BRIy} Frigo =z
A 828 AF7F9 eaprt AAAEE AR UeRt 53 AFZdAM LSTM 28§ 237 1
B, 92l 7leol A5d 3-4F S5 d57]1% 22 A 719 ¢ e AeE B

E T
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Figure 74. Comparison of the monthly temporal correlation coefficient scatter
plot at the daily maximum temperature for 3 and 4 week of lead-time of six
single climate models.
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Figure 75. Comparison of the monthly temporal correlation coefficient scatter
plot at the daily minimum temperature for 3 and 4 week of lead-time of six
single climate models.

_96_



PR-W3 PR-W4 ® E-DJF
E-MAM
® E-JA
® E-SON
* M-DJF
08 - M-MAM
* M-JUA
+ M-SON
06 - A N-DJF
N-MAM
A N-JA
04 - A N-SON
X G-DJF
. G-MAM
X G-JJA
0.2 e *+ A % G-SON
+ U-DJF
: ¢ . U-MAM
04 il 92"' + U-JUA
" %< + U-SON
X C-DJF
= . - 02 )z > ; C-MAM
-0.2 0 0.2 0.4 0.6 08 1 0.2 0 0.2 0.4 06 08 1 % C-WA
X C-SON

S28 S28 ——Reference

LSTM
LSTM
L 4

Figure 76. Comparison of the monthly temporal correlation coefficient scatter
plot at the daily total precipitation for 3 and 4 week of lead-time of six
single climate models.

Figure 774 Figure 797}A+= 670 7/|¥ 7]1&rndo] HA3std LSTMES Z &3 Aitolr)
JHeA 670 /i 1SR EE 3/ ASF7F MFChe, H 2 HAT|2)Y dFAE 3-4F
A YA d=7]132] TCCx= 34, LSTM= &3 d=7]52 TCC= WA, HAstdE LSTM
s A&7 dF7]FY TCCe HFA oz AT 22| o &dal dEa+ WE 75
dr o] A A5 vEbdt HAStE LSTMY] 54 AAZ o2 4F LSTMEY 4% &
HAh Har)e9 ¢, GloSeabet ECMWFEo A H 23} /A Zo] HA JETH 3—7—011/‘1,
g LSTM d&A 3 ol FHA3to| mE 7jdZFo] HolA U™ UKMOY CMA(H ] )& 4
oA FHdFo] YEt=E, o] Z|FRH A= HA Lol sl 3F A FAdo] 4F71A] ]*—%51
Ao 2 FZEY (Figure 74). UKMO+= Har|2ddA HAsLe @& /H4d a37t e gd
A, HAA 7|2 = A a7 FeEHA #RF ofygt LSTMO| W& oS 7iAd o] mirgdd
4FNA = A &7t FE88kA JEelsgtth (Figure 78). GloSeabs H A 7] &olA WA &xr}
Ul“lL ﬂ NCEPo| A= 7] W4 BS54 HAo] wE /I 371 med Ao s ek

oo N rﬁz ox o

o} Aol A=, UKMOE Al9sta ## 3} IE}E' N &3 yegd. 53], ECMWEF= 4
3}o ,]sﬂ LSTM Zx Aol o3 4 371 FEsA Zastydt (Figure 79). CMA2F MSC
§258] 3-4Fo A= o FAdo] W2d LSTM &8 & oS4 7|8 oy}t HZ 3] ofsf o

=40 o AMEE Ao tepsi
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Figure 77. Comparison of the average of temporal correlation coefficient of the daily
maximum temperature of the original S2S, LSTM, and the optimized LSTM,
respectively at the 3 and 4 week of the lead-time of six single climate models.
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Figure 78. Comparison of the average of temporal correlation coefficient of the daily
minimum temperature of the original S2S, LSTM, and the optimized LSTM,
respectively at the 3 and 4 week of the lead-time of six single climate models.
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Figure 79. Comparison of the average of temporal correlation coefficient of the daily
total precipitation of the original S2S, LSTM, and the optimized LSTM, respectively at
the 3 and 4 week of the lead-time of six single climate models.
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Figure 80. Comparison of the temporal correlation coefficient of overall
hindcast period at the box plot(A) and the monthly temporal correlation
coefficient at the scatter plot(B) for the daily maximum temperature of
ECMWF, MME-1 and MME-2.
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Figure 81. Comparison of the temporal correlation coefficient of overall
hindcast period at the box plot(A) and the monthly temporal correlation
coefficient at the scatter plot(B) for the daily minimum temperature of
ECMWF, MME-1 and MME-2.
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Figure 82. Comparison of the temporal correlation coefficient of overall
hindcast period at the box plot(A) and the monthly temporal correlation
coefficient at the scatter plot(B) for the daily total precipitation of ECMWF,

MME-1 and MME-2.
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d A7 FE =4 W3S Hrbslg o (Figure 83 to Figure 85). WA, Figure 229} Figure
238 H1r)e3 HAs| Loz, Figure 839} Figure 849] A4, MME-13 MME-2 7]¥he] S2S
= Hur)e P HAH7)L9 3-4F LSTME TCCHAFIEAA Zzte] e vy A
Ardze] ARt 453 & 2=zgds BXE 2. Figure 839} Figure 842 Be} Col
AMEL B TCC B2Vt AMEE 12A 2E3e ASZ UehAl, LSTM A ol mE o3
o] tEES] AldolA YER S-S It MME-13% MME-2 7|99] S2S ¢S 79
3-45 LSTMe] TCCe EA xRt /MA" AFS BAAN 7|23 Zo] dFstA Iyt
(Figure 859 A). 121t} 7] &3} o] LSTME] TCC7} thi-&9] AdolA LSTM &HE 7 ¢ TCC
Bt} reference lined] o] B30 24 MME-13 MME-29] 3-4F Z5oA % LSTM 2 &9
o 2= AT = ASS FAsA Y (Figure 859 B} Q).
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Figure 83. Comparison of the temporal correlation coefficient of the 3 and 4 week
of lead-time at the box plot(A) and the monthly temporal correlation coefficient of
the 3 and 4 week of lead-time at the scatter plot(B and C) for the daily maximum
temperature of ECMWF, MME-1 and MME-2.
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Figure 84. Comparison of the temporal correlation coefficient of the 3 and 4 week
of lead-time at the box plot(A) and the monthly temporal correlation coefficient of
the 3 and 4 week of lead-time at the scatter plot(B and C) for the daily minimum
temperature of ECMWF, MME-1 and MME-2.
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Figure 85. Comparison of the temporal correlation coefficient of the 3 and 4 week
of lead-time at the box plot(A) and the monthly temporal correlation coefficient of
the 3 and 4 week of lead-time at the scatter plot(B and C) for the daily total
precipitation of ECMWF, MME-1 and MME-2.

T2 A MME 71%ke] 3-45F S2S o S7]% Ao LSTM & &o] mE o4 Hsts 3
7VstAth WA, LSTM 2 HA3ld LSTM 2 &o] MME 7|4k S2S o Z7]13¢] 3-4F Ao &
rhyg 71 E=rte A7) fl8l, MME 71Rke] S2S oS Har]le 9 HA7|2H G5
TCC ¥%= E¥xo} TAA Fo4dS B354 (Figure 86). 3|4 ECMWFE Yel 1 342
MMEE Yeld™, ¥xe LSTM A& Hd, 44L& LSTM A& 35 77 Yepih 37) o =7
3 W 254, ECMWE the] LSTMo] # 8% MMEY|A @& TCC #%+ Z4stil 2
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Figure 86. Comparison of the temporal correlation coefficient density distribution
of the three target climatic variables(the daily maximum and minimum
temperature, and the total precipitation) of the original S2S, LSTM, and the
optimized LSTM, respectively at the 3 and 4 week of the lead-time of ECMWF
and MME.
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AT =2 ZAEQt (Figure 87 to Figure 89). 127 MAhe Zbzho] €48 veum +
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Figure 87. Comparison of the monthly temporal correlation coefficient of

the daily

maximum temperature at the 3 and 4 week of the lead-time of MME.
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Figure 88. Comparison of the monthly temporal correlation coefficient of the daily minimum
temperature at the 3 and 4 week of the lead-time of MME.
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Figure 89. Comparison of the monthly temporal correlation coefficient of the daily total
precipitation at the 3 and 4 week of the lead-time of MME.
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Figure 90. Comparison of the average of temporal correlation coefficient of
the daily maximum temperature of the original S2S, LSTM, and the optimized
LSTM, respectively during about one month of the lead-time of MME(eft).
Comparison of the average of temporal correlation coefficient of the daily
maximum temperature of the original S2S, LSTM, and the optimized LSTM,
respectively at the 3 and 4 week of the lead-time of MME(right).
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Figure 91. Comparison of the average of temporal correlation coefficient of
the daily mimimum temperature of the original S2S, LSTM, and the optimized
LSTM, respectively during about one month of the lead-time of MME(left).
Comparison of the average of temporal correlation coefficient of the daily
minimum temperature of the original S2S, LSTM, and the optimized LSTM,
respectively at the 3 and 4 week of the lead-time of MME(right).
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Figure 92. Comparison of the average of temporal correlation coefficient of
the daily total precipitation of the original S2S, LSTM, and the optimized
LSTM, respectively during about one month of the lead-time of MME(eft).
Comparison of the average of temporal correlation coefficient of the daily
total precipitation of the original S2S, LSTM, and the optimized LSTM,
respectively at the 3 and 4 week of the lead-time of MME(right).
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Table 155. The relative improvement of correlation coefficient of three
climatic variables during target lead-time (week 3 and 4).

Relative improvement (%)

Target climate variables ]
g v Target lead-time

W3 W4
TMAX 45.66 57.60
TMIN 36.70 48.83
PREC 184.44 52.42
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AXZ18F AZUY o & Held 7|d ofg
7F Als 2Oy
D ==

(7P Glosea 5

Glosea5(Global Seansonal Forecasting System version5; MacLachlan et al 2015, Scaife et al
2014)= Met Officeo] AIAW &S 34 TFEAAAA A dFF Foll ot Gloseabe=
Met Office 7] %2l HadGEM3<2] #ide] FHo mH=Z Is4E 48 Zd2A d7]-A

F-sF-s ") A Edoltt. tir]= Met Office Unified Mode(UM; Brown et al., 2012)& 7]&
=z Afeste] o] g3l o, X E= UK Land Environment Simulator(JULES; Best et al.,
2011), 3l %S Nucleus for European Modeling of the Ocean(NEMO; Madec, 2008), 3i®-& The
Los Alamos Sea Ice Mode(CICE; Hunke and Lipscomb, 2010)& =d 2 T4 %o 9t} Glosead
+ N2I6E3e =2 e 9= 08°, Ax 05° 9 sid=EE 7FA o, sifolAs=
0.25° o] =2 dolEeE A|&3tHFigure 93).

UM NEMO-CICE
(Atmosphere) (Ocean & Sea Ice)
Model UM NEMO-CICE
Horizontal resolution N216 (0.83° x 0.56°) ORCA tri-polar grid at 0.25°
Vertical resolution 85 levels (~85km) 75 levels

Figure 93. Gloseab model.

Gloseab#At5+= 1991 HEH 2010871A] A5E 9= 20-50N, A= 90-150E9]¢] A =&
ERA-Interimel] 2= 3384 =2 interpolationd A w] € (39,41)& resamplings} S th(Figure 94).
Z719] WE@9, DS FAAuH LSTMS Held WH o E PCE gFstr]de A4tAle] wot
A AEE B HlE20,200.2 Folar, o] R A4MAIZEo] FdolA dFd A= Aol

=

- 108 -



2 metre temperature

2 metre temperature (K)

<4EEET >

2210 2434 2538 2763 2027 3081

Figure 94. The clipping temperature data of Gloseab.

Gloseab= #1%= 28-40N, A% 120-132EZ $HHlE FWH o] AXAEZ IX9Z 39719 WHF=F
B2 dEAEE BEAoKFigure 95).
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Figure 95. The input data of ConvLSTM model.

(\}) ERA-Interim

ERA-Interime= th7]Ed@ ERA-400]A4 = o A|Fst= AEHAEE 1979978 2018
A A5E Agsta ok ERA-InterimAts & o<, AxstE Al i =S AR
o, 2dy #=225E 23 Aso|ltt AE= 19799 1€7H 20199 99714 A2 A=
o] & netCDF, GRIBEE| 2 AlZH ) AlZF A== sub-daily, daily, monthlyx &2 A&
st 334 = 0.75° X0.75° 02 ¥ F Ax=E AFAEE AHASAE, A8AE,
24 radiance ¥ 24 5 F o]FojA QtHFigure 96). AEA A5 ERA-Interm+= 1° ¢ 3
52 dAe st
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Global mean background departures from radiosonde temperature observations (275-775hPa)
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Global mean background departures for MSU channel 2 radiance observations
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Figure 96 Globally averaged temperature data(top), radiance from MSU satellite
data(center) and global mean bias adjustments(bottom).

AdExs T AEAAE<Q] ERA-InterimA 5= Gloseab9} 713to] 22 1990\ F-El 21017}
o] RS WA41,39),20,20,090 2 TEolA &G o Ao NE AFe AT go] A
el 2 AEe der HFHor dNs A ARE WECA HelHE A
Atk sEEior @ WEgRE A4, AW ex, A Lxolv, 39 zZtztel wsAwE
Glosea5¢] #At= e} 22 wld2 3719 dolejAle T3t
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Total Precipitation

Total Precipitation (kg m**-2)
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Figure 97. Daily total precipitation of Gloseab at Jan 1, 2006.
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Maximum temperature at 2 metres in the last 6 hours
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Figure 98. Maximum temperature of Gloseab at Jan 1, 2006.

- 113 -



Minimum temperature at 2 metres in the last 6 hours

e | L. | |

g:"_’. -t

= '

[ _tx}?- N |

o

NSRS [ | | ]

=Sl =—
i |
Minimum temperature at 2 metres in the last 6 hours iKi
2233 2422 2612 280.1 2990 3180

Figure 99. Minimum temperature of Glosea 5 at Jan 1, 2006.

g8y 2l d¥AsE 191958 20108704 200d7e] o]l 2 Gloseabs YA =R
13852} 3719 YAE AEE dYAFEE T8, release dateo] wet ol 1,9,17,24Y 9
T N9 dolgAMe =R 1d 48719 F tlolEloA &1 release date 60¥ SA=7F Hsiz
th. gFelor & Waee A, J/H4 5 Ao, ERA-Interim A EAAEE SEARE
g83th. AEE Gloseabe] d=7|3H] 60¥€ 3 22 717t 2 AAE sl A85E FA43A
tHTable 16).

Table 16. Summary of training dataset for ConvLSTM Model.

Observed S2S model
ERA-Interim GloSea5
Period 1990-2018 1991-2010
Time scale daily daily
Time range - 0-60 days
Ens. size 3
ConvLSTM input release date(39 variable X 60 day)
ConvLSTM output daily Tmax, Tmin, Precipitation
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o}, %7]2] DNN(Deep Neural Network)ellAl o]u]=] <l2]=de] CNN(Convolutional Neural
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Figure 100. Represent functions of RNN’ s state.
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RNNoO| A A AE dHolEloA ERAIAS @

Wi

te]l 28 727= S85odAM 9398 & =

Hke] 712719k ol F AN ALH & 29 727 @eo| Fol Hiw, B Ao Helos
AXWA AE AN 7@717} a4 EmE ass 2A7 o), A Hurt Y
B ARke] A AMeIAA AER AL g olgd BAML A7) oJE2Ael v

g ot ol g ZAHE 3As] ﬁoﬂ LSTM (Long Short-Term Memory)® & o] o] &
3loh(Figure 101).

Ly £y

N L

Input Galel'f_ Dutput Gate

Figure 101. A diagram of LSTM
https://mikigom.github.io/jekyll/update/2017/06/13/deep-learning-fore
cast-research-1.html
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He AARE dTE Tt A &3 WHoE A AX-Y dSFEEE o] &ste WHEY ¢
AR=7r =9k A RE EOP\] oo} 2 X] of 12k LSTME ut2 AH&shr]d F27F A
o} oA 22 Wl ES 712 Gloseabe] dSA5E FAH LSTMRI ConvLSTMO. & H o] E Al
< TAsL FHFTHoE FAFY 20d ASE StEote] HlwiEAsAthFigure 93). 2z
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Figure 102. A diagram of Long-term Recurrent Convolutional Networks
https://mikigom.github.io/jekyll/update/2017/06/13/deep-learning-forecast-
research-1.html.
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Figure 103. The structure of ConvLSTM.
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1 drive.nount('fgdrive’, force_rencunt=True)
fron numoy (wport array
fron keras.nodels (aport Sequential

I froo kera LETH

friom keras. layers ort Dense

fron keras. layers it Flatten

fron keras. lavers (mport Dropout

from keras. layers lwport ConvlSTHZD, Conv2D, Maxfool ingfD
fron tensorflow keras. layers lsgort Batchiorsal ization
inpart nuapy: as no

from math inoort sart

fron numpy |wport concatenate

from watplot | ik luport pyplot

fron pandas inport read_csv

frem pandas |mpart DataFrane

from pandas (wport concat

t pandas as pd

skilearn.preprocessing Inport MinMaxScaler
sklearn. preprocessing (nport LabelEncoder

fron sklearn. netrics inoort mean souared error

fron sklearn,netrics (aoort r2_score

Figure 104. The usage of Colaboratory by google drive.
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Figure 105. Conceptual diagram of CNN-LSTM.
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Figure 106. The Structure diagram of ConvLSTM framework.
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from keras.models import Sequential
from keras.layers import Dense
from keras.layers import Flatten

from keras.layers import ConvLSTM2D

AetzolA HQa3 Dense, Flatten, convLSTM2D 42 E# 94 golBed g 83111,
Glosead®] wWgkel Hulgtd Haghol v=27] wZol g5 o 7IsA7F Haynin g=24
So7b] wjEol ol2j REe 2 HUF H HAaygo=E wEo F7] 98] MinMaxScaler
ritgtol| 25 APty ERA-InterimAt 5% 2 AFoA &
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o, train_test_splitdtr= AFOE AFE GHERZ YFTo] sttt

with tf.device(’/device:gpu:0):
model = Sequential()

model.add(ConvLSTM2D(filters=64, kernel_size=(2,2),
input_shape=(n_for, lonnum, latnum, feature),padding="same’, return_sequences=True))

model.add(ConvLSTM2D(filters=32, kernel_size=(2,2),padding="same’, return_sequences=True))
model.add(ConvLSTM2D(filters=16, kernel_size=(2,2),padding="same’, return_sequences=True))
model.add(ConvLSTM2D(filters=8, kernel_size=(2,2),padding="same’, return_sequences=True))
model.add(ConvLSTM2D(filters=4, kernel_size=(2,2),padding="same’, return_sequences=True))
model.add(Flatten()

model.add(Dense(60))

model.summary()
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Figure 107. The structure diagram of feature engineering for LSTM.
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kol A adame] S 7‘“‘123:—% A 7V & AAgkS BT epoche 503] o] o &
U4E £4& AAG A7 503] o]F2 Ayt FHIH Y] "ol ALAZES $13te] 503 =
2 gate] st AAEAT = LSTM dtetrlEle] R = B4& 33 253 Gloseads 72t
o] GFE A5 13 Mg ARASE WAt 5 dAET 39709 BRE G
£ W thefA sty AR AEE WA et St JdEARE TSI, Y HoloE
o ZA A&sta, I FAHAA FAAT ¢ e oIS NAdE] § }04 dropout& % &
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A dAAYPS A8% AF Hojr]2 RMSES] 2345 BHW A=A 20199 LSTMZ
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S oHFigure 109). <2 4% 20199 % Glosead LSTMel Bl I A AXYo|&S 283 23
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W 1s8-DL 2.9 3 3.1 3.1 31 3.1
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Leadtime{week)
E525 EI15-DL m20-0L

Figure 108. RMSE of Tmax by feature engineering for leadtime.
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Leadtime(week)

N525 E19-DL m20-0L

Figure 109. RMSE of Tmin by feature engineering for leadtime.
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Figure 110. RMSE of precipitation by feature engineering for leadtime.
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Figure 111. The result of cost function for ConvLSTM model.
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0-123F+= = eglol =S A L3519tk Normalization$H<+=Z = sklearngt4=2] MinMaxScaler< 39
Me] F Ao tisiA 0-12 HAA el s}, Scaler.fit_transform3} scaler.inverse_transformah<~
2 0-188 9oz HEguw wpA9 normalization 3 42 BE Fo] EAFEY] u&F,
Glosea59} ERA-Interim= 2Z}7] Scaler.fit_transform=® S @g}o]Z3star, wlx|go] Alsy=
scaler.inverse_transform©. 2 3hi}o] stz Ao g BAwol A gEu AAASFI 09014
o2 & FFo] HAY olHF AAFS Ay A= Gloseadet ERA-Interime &fit2
HolHE FAste] dgtol= g9l Hdstofof ghoh(Figure 112).
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Figure 112. The example of overfitting by normalization.
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Figure 113.  Comparison of forecast performance for entire lead
time.

7A40] 7 %ol RMSES ©ab7l4le] glotk 4ahA% ghol Gloseassh Aol A8 %

o We YeAE, ConLSTM =l il 39 wal &
43l RSS9 she S5e AAY Waol Uk Zze] Wol 14, 99 179, 24e] T
@ Z7ro] RMSEATHE 17 9% Gloseassh W S Lbeb A%, RVSEGte] Aof wrh

$3 ASFEZE BHoFrh AL Ho| Gloseab?t ConvLSTMe] A7} o 2Ho] nls) H=7}
oA, 5o 3 Hd 2d H5S HoEthFigure 22). 29 d¥HA59 FF=
of M2 g mde] Aol MAE] Wi &FF ECMWFSF 22 3450 Hojd =nd
AEAEE &3 /dE ConvLSTMEE o] AT 7fAd =0 2 Zo|t}.

- 128 -



Lo dt rlr

TMIN

= in in

RMSE[mm)
L

L] 2 3 4 5 i 7 B

Gioseah  s— oyl STV

Figure 114. RMSE of prediction by ConvLSTM model.
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