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Executive Summary

In this study, 3-month long-range forecast contents on climate extremes in South Korea
were developed using a Gaussian Process, which is a non-parametric bayesian machine
learning model. Probabilistic forecast information of climate extremes was produced and
visualized for South Korea as well as ten regions within South Korea. Four different ways of
organizing input data were compared: predictors and their locations as well as times of
interest are determined by the long-range forecast guidance, locations of predictors are from
the long-range forecast guidance but their times of interest are determined by the
correlations between the predictors and climate extreme indices, locations of predictors are
determined by clustering the correlation coefficients between the predictors and climate
extreme indices, and principal components of CL are used as predictors. Also, various
probabilistic forecast results have been integrated based on the Bayesian Model Averaging
(BMA). Models with locations of predictors by clustering as well as BMA produced better
results overall. We proposed a visualization method of tercile probabilistic forecast results.

As a way to improve predictability of subseasonal forecast in the climatology, five models
were designed and evaluated for predictability using U-NET architecture, bi-directional
convolutional long short term memory (ConvLSTM), a channel-attention mechanism like squeeze
and excitation block, and densely connectivity pattern of DenseNet model. Also, using the best
model. In a perspective of an operational system, the applicability of a deep learning-based model
was evaluated through subseasonal predictability evaluation of week 3 and 4 with the best model.
The models were designed and trained to predict a day with data from the last 14 days using the
ERA-5 T2M reanalysis data. Also, the predictability evaluation used anomaly correlation coefficient
(ACO). As a result, the model 4 applying bi-directional ConvLSTM, a channel-attention mechanism
like squeeze and excitation block, and densely connectivity pattern of DenseNet model to U-NET
architecture showed the best predictability. The predictability of the model 4 showed lower than
ECMWF forecast data, but a result of the seasonal evaluation showed higher predictability when
the week 3 forecast data is in autumn (SON, September-October-November). And in the seasonal
predictability of week 4, the week 4 forecast data of the model 4 in spring (MAM,
March-April-May) and winter (DJF, December-January-February) was lower predictability than the
ECMWEF forecast data, but other seasons showed similar predictability. Therefore, it is conducted
that the proposed deep learning-based model in this study can be helpful to improve the
predictability of subseasonal forecast.

The systematic error characteristics of GloSea5 anomalies operationally used in KMA is
different from that of the raw forecast values of its model. When making a forecast based
on the anomalies as we operationally do, this cause wrong forecasts in real-time forecast.
Therefore, we tried to make use of simple bias correction of GloSeab for weekly forecasts in



1-month forecast. To do this, we developed the simple statistical relationships between the
bias and bias climatology of GloSea5, and then verified bias corrected real-time forecast
against raw forecast. When applied bias correction method proposed in this study, we can
obtain reduced bias and rmse on average. In particular, the bias correction affects
significantly maximum temperature forecast compared to the minimum and average
temperature. In terms of accuracy, the maximum and average temperature forecast are
improved as much as 7.7% and 1.2%, respectively. The accuracy of minimum temperature
forecast, however, became so worse that it needs further investigation in the future.

We analyzed the changes in the old statistical model’ s predictability and the relationship
between its predictors and the prediction target. Generally, statistical climate models’
predictability and the relationship between the predictors and the target decrease over time,
because climatological teleconnection changes with the climate change, regime shift, or shift
in climate normal. There are many statistical climate models had been developed but it has
not been used much due to the lack of information on its predictability. Therefore, we
suggested whether the old statistical models are still usable through this project.

We have established the BSISO impact monitoring and forecast system to achieving useful
1 month forecast in extended summer (May-October). It is shown that dominant BSISO modes
and associated extratropical teleconnections which contributes to summer temperature and
precipitation variability over Korea based on reanalysis data. It is found that BSISO forecast
was fairly reliable at lead times of 3-5 weeks through case study of this year.

Since 2011, APCC has operated WMO Lead center for Long Range Forecast (WMO
LC-LRFMME). It collects forecast data from global producing center and standardizes forecast
and hindcast data and displaying the Multi Model Ensemble (MME) results including
deterministic and probabilistic method through the website on a monthly basis. The WMO
LC-LRFMME has engaged in efforts to share information on the climate services and to
enhance international cooperation. One of the Center’ s activities in this regard is to provide
the seasonal forecast information to Regional Climate Outlook Forums (RCOF), Global Seasonal
Climate Updates (GSCU) and KMA to a consensus on the state of the global and regional
climate outlook. Also the improvements of forecast system in terms of operation on stable
and efficient basis and climate service have made.

APCC has been operating a 1-month prediction system since August 2017 to support the
KMA’ s 1-month forecast. This system has been continuously improved with changes in
climate normal and model characteristics. In addition, various 1-month forecast contents were
added to enhance the analysis skill of the model outputs. The forecast results produced by
APCC using these research results showed better skill than the other climate prediction
models. These results were directly applied to the KMA’ s 1-month forecast and contributed
to the improvement of prediction accuracy.



Hl
Mo
FO
12

YN F IHY AN TUEE AT olF EAHOE el F Ak BIWHS
ANFLA NS wol At B FAPAE ZEAse AAFEE ol gde] AT B A
M 547 ol FAF Y FEAYHRE YUSHAT 0B A 7R spoldz o
ZQ4E ol §F BH, HF AZARE o|P7FAFtY FUBAE ol§5te] F3F =Y
FAENES B3 22F oZUAE o4 =W 5L 5o FEAYHRE AASHYT vo|
Ao md BFE ol g3t AYRBL FHee] TYRAL B wdd AF w99 o]y
FAS A2 Aol $4%e FASNAT. T AR FEASHEE A9 AgHoR
Agste o4/ F ARHR FAYHL AN VAR AV AL ATl )L
9 %5 34 el Hg, AY AV ARE AASFLA DA AVH AL TEA 2 2
o YUARE BRG] BZARE oz} APCC MME G ZARE BT 5 ASS 3o
o, thekd QWSS oI FA Sk FBBAF o g3te] dZARe Aol ApA o
oJFold & YEF sArh Bds B5L FUHLA GF AANGED L Jsud 2
& Wolet =Yl B % GEFRY 4PYE JHS ol gt AnHow A Hm
4 R AQ ARHRE YAt WS A

71 &0k AW dFAE =ol7] A WHOE U-NET op7|dxE 7IRto = oFak
ConvLSTM, zid ojelAd wiAAUYE(SE &%), DenseNetd] ©3 42 g8 5& &8sl 557
o] gt mEg HAS I dFA HIUISAT olE B3 AFE ALY dFEds o] 835ty
AFBAHANA FAROREET] Hejyd 2do] o 125 434 H/E 53 E93d 7IHe
G875 S BrEekA T ERA-S T2M &9 ARZAAEE ol &3t #A 14 ARE 8F
g AdSFs=E 5T R RAES AASA gFsiath. g5 2dY 9434 Hrle ACCE ol &

st dxtz wd U-NET of7]glA o 43k ConvLSTM, g odA mjAYZSE &%),
DenseNet9] €3 472 HES 25 L 2d 471 7M1 2 dF58s BAo. dda4ol
A H2E 2ES Hrhehr] 98] 2016-20200d 7)7bol| AJak®El ECMWE T2M dlBAge] 1-2F
ol S YHAER o] &3le] 28 o= WP o R 3-4F JZHolHE A4EAT g4 A
Z A7, deld 2do] o=4o] ECMWF Bzt nlmale] A7zt AE thh @de o
248 BYAT AAE HrtolME 353 7HEE AL Oa 52 434S BAT 454
o] AEE AFA HrtME B ALH dFAo] GA USAT OgE A& FARS o
HEZ 2 AT A At Fd 7w = AEY

ol g7} olty] FoE =S I}
th wEhA o] AFAE 74H ddREe o

< vt Al sH T o] AFolAME VST Srde] Hegky Wl
NEe 53 s AT =3
stk AA o] AFdA AAT HARAGAYHS FLYS u), FF3F
L 2Hrmse)7t #AasteE, 53 Hav|dA BRAEAI 7P ZA e =3 AFE

N
pass
rlr
oL
rO

of o
N
iz
ol
o
K
mx
2
2
N
>



(accuracy)dll thall HZ3% AFpolAE, H17|(7.7% 1) BH712(1.1% 7)) MAHU &
]”P H A 712(18. 5%T )9l S HFEo] st old dig FrF AT HoF Ao #

Hoh 9gstrd 8 ojye}, 7] AdE FAEREEY NN bl @AY dFHsH B
oA ALEH SAAES FAAA WstE BASHT gutd oz ZjEushyg g Rols,
Hdols T dAdEo] Azl AgsE dATd WSyt e}y w o] tiEE

2 Azto] AGFF o EAAtete] o] wolAa, o weE 9 FHF
= . | f8] ATHAAT S5l the AR FA)
ARE 7] /MEE FAERLEY &871548S AASAH.

71

i

ol

71 A& 91 BSISO 7”\] o]
o ol A= %%“}Oiﬁ‘r %ﬂrf X} ]J

X L N

O
ol
el
rr
Mz 2 12 o

o Fal 35% 49 BSSO A% ARl D14 4% B8 bedol £e8 Aalsach

A-dd = AE 7132 APCCx= 2011WHE WMO A7|d R ATAEH 9o AAZA

T o k. m¥ 7+ Global Producing Center (GPC)ellA A4tsEl= %

FHAs T EF3Elo, AAHEH Zrd oAE 7]&1_4 :d%%;ﬁ. %‘UHE] o
A

A&ALell P A 0 & An|~stal QT 19} 3”71] EE} 01‘7634;?_] Bt %%‘ﬂr /\}%X} e

ARZE Mu23l7] Yal WMO A7|dr ATAE o SA2E AARAS 3
stal Aok I TRt A H9r]EEe BEd s GEE dSAHEE AlFskal Global
Seasonal Climate Update (GSCU) I3t& A dste 5 AAdSAE &85 347 =48 dY
AA 5 s =¥star U

APCCE 7144 4 A% A

3] e = 2 44T 52 A esuA

&Aooz MM Utk B R 1Y A dZ FA=E F/SRA dnge £a

of tgeti, md Aol Ud BHHL Rolt o olulAsigth g AAE Tuzsl

geel A7 AREL BEao] HF ANF APCCY IY dZARE A% dZmd o)

Aridos $4% ATE WYk oldF APCCO) dZATE duEe] A A4F HE o
H X

BB ol oulA st



Hr

o
Xq
oH

™

[£19)

Executlve Summary E e E e e e s e e e a s e e a e e e s E e e e R e E e e s e e NN e e s S A EeEaEaEeEE RSN EaEREse s RN R RN a e RE s e e ErEsararnas

v

Vi

vili

7t 71012

OFAJOF ABW of

I.

~O

22

AT e

=
|

Ho

o4
olo
xr
oju

{Ju

=<

r

28

[s)

WY N Y

L 702 2

28

._...
ilo

31

St
=

(BSISO)E

31

ZIT[O|E 7|20 BREIFSA] IT| et

=
—

ct. 7|

31

AT T e

| St
= O

D_
=

(M 71E SAZZEY o543

35

I.

~O

P}l
0

i

at.

=

<

o

(1) WMO 7|02 MEME 29F

54

54

54

82

MOTHM e

=
|

93

o

WY Y Y

L 2102 2

93

108

120

CF 7|2 Z7|0E 7|20 SRIFSA] I TF e

(M 71E SAZZES o

120

_Vi_



134

142

I.

X0
o1

-

o

2t

- 143

x4

X

o

(1) WMO Z7|o2 dEAE 2T

189

192

193

References.________"""""""""__"__""""""""""""""______________""""""_"__""__""""""""

199

M OTIE ALY BY| e

=
|

25 A 021322} ECMWF O 22t= OfH| H2i's 7|82 ACC o

202

HE B. GloSeab/ECMWF Z7|0|&E 2=

BSISO

5+

= HE0 o2

al 7t
=2 O

7|2

1

o5&

Qa|Ltat

I.

i
FaCt Sheet_""""""""""""""""""""""""""""_____________""""""""""""""""

7

N|r
1
o4
oF
o

ol
=)

&4

3
Rl
=

r
il

216

_OI__IAI' HM
O = "1

100

o]
o

- vii -



|

3

Table page
Table 'I Global gridded datasets used to derive predictors ....................................................... 8

Table 2. Sea ice and pre-calculated atmospheric and oceanic indices used as

DIEOICEOTS, w:rssseeressssssssssssasssssssassss s e LRSS 9
Table 3. APCC MME datasets used to derive predictors, - e 10
Table 4. Eight individual models and APCC MME datasets used for objective

COMDINAtIONS OF MOGEI FESUILS, wrrrrrrersersersessesssssissss s 10
Table 5. Pre-determined predictors for existing statistical models (KMA 2018). «eeeeeeeee 11
Table 6. Machine learning models used for objective combinations, -reerermermrmeee 16
Table 7. Climate models used for objective COMDINAtIONS, s rrerssremssrremssesiiirini 19
Table 8. Summary of ECMWF ERA-5 reanalysis data downloaded in this study - 23
Table 9. Summaries of deep learning models tested in this study - 26
Table 10 Statistical Models’ INFOFMALION - - rwrrrsrrmrrerrsemrsirssssessssssesssesss s ssssssssssesnsesseeas 33
Table 11 Multi-category CONtINGENCY table « e 34
Table 12 Dichotomous CONtINGENCY table - 35
Table 13. Characteristics of seasonal forecast model from GPCs. - 41
Table 14. Reanalysis data used for verification of real-time forecast. -, 42
Table 15. Reanalysis data used for verification of hindgast, - 43
Table 16. Characteristics of GPC data for WMOLC-LRFMME subseasonal prediction, - 44
Table 17. Operational setup for subseasonal MME prediction system, ==, 46

Table 18. Participating GPCs in subseasonal MME prediction each forecast before
Novenﬁber 2019' ......................................................................................................................................... 46

Table 19. Participating GPCs in subseasonal MME prediction each forecast since October

2020_ .............................................................................................................................................................. 47
Table 20. Used data list for subseasonal MME prediction system. -, 49
Table 21. Summaries for training, validation, and test dataset - 83
Table 22. Initialize values and hyper-parameters for deep learning training ---=eeeeeee 83
Table 23. Summaries of basic statistical analysis of the cases =« 87

- viii -



Table 24. Input data summaries for training, validation, and test dataset -eerereeeeeee 89

Table 25. Summaries of comparison between deep learning and ECMWF prediction ACC

based on ECMWF T2M forecast data every Month of 20162020 - 90
Table 26 Change of RMSE. The change rate is defined as the difference of RMSE from

raw GloseaS and each blas Correctlon method' ........................................................................ 101
Table 27 Statistical models' predlctablllty GO OIMES rerrrre s 12']

Table 28. Statistical analysis of reconstructed wintertime(DJF) monthly temperature
prediction model ...................................................................................................................................... 123

Table 29. Statistical analysis of reconstructed summertime(JJA) monthly temperature
prediction model ...................................................................................................................................... 127

Table 30 Date Of data recptlon from GPCS ............................................................................... 143

Table 31. Yearly Relative Operating Characteristic (ROC) score aggregated over globe of
probabilistic real-time forecast of 2m temperature and precipitation, == 146

Table 32. Yearly Relative Operating Characteristic (ROC) score aggregated over East Asia

of probabilistic real-time forecast of 2m temperature and precipitation, -=eeeemeemeeee 146
Table 33. Improvements of long-range forecast system from GPC Toulouse. --reeeee 149
Table 34. Improvements of long-range forecast system from GPC CMCC. »ereermmermereeeene: 150
Table 35. Improvements of long-range forecast system from GPC Melbourne. «--=xeee 151
Tabie 36 The ||St Of participating RCOF in 202‘] ....................................................................... ‘]57

_iX_



= PN

Figure page

Figure 1. Before (top) and after (bottom) the detrend by linear regression (LR) and
Mann_Kenda” (MK) for TMm ................................................................................................................ 4

Figure 2. Before (top) and after (bottom) the detrend by linear regression (LR) and
Mann_Kenda” (MK) for TNm ................................................................................................................. 5

Figure 3. Before (top) and after (bottom) the detrend by linear regression (LR) and
Mann_Kenda” (MK) for Txm ................................................................................................................. 6

Figure 4. Before (top) and after (bottom) the detrend by linear regression (LR) and
Mann_Kenda” (MK) for SPI] ................................................................................................................. 7

Figure 5. Flow diagrams for the selection of predictors (a) from observations (example
for the target variable of TMm, target month of August, predictor variable of Z500, and
monitoring month of April) and (b) from observations and MME (example for the target
variable of TMm, target month of August, predictor variable of Z500, and monitoring
month Of June)' ....................................................................................................................................... ‘IZ

Figure 6. Various model conditions were selected by leave one year out
cross-validations for (a) the GP model with pre-determined predictors from observations
(GP-PD) and (b) the GP model with objectively derived predictors from observations
(GP-0BS) as well as the GP model with objectively derived predictors from observations
and MME (GP_MME) for the train periOd. ........................................................................................ 14

Figure 7. The GP models (a) with pre-determined predictors from observations (GP-PD),
(b) with objectively derived predictors from observations (GP-0BS), and (c) with
objectively derived predictors from observations and MME (GP-MME) were developed
based on Selected Conditions. ............................................................................................................ ’|5

Figure 8. Structures of RNN, LSTM, and GRU (http://dprogrammer.org/rnn-Istm-gru) ---- 24
F|gure 9 Concept Of Van|”a U_NET .................................................................................................... 25
Figure ’IO Design Of Case 4 model ................................................................................................... 26

Figure 11. Example of an one-month forecasting schedule operated by the APEC
C“mate Center ............................................................................................................................................ 27

Figure 12. Illustration for date-distance weighted average using GloSeab subseasonal

RIS, +eeseererseseereeees ettt 28
Flgure 13 D|agram for bIaS and bIaS Cllmatology def|n|t|on ................................................... 29
Figure 14. Functions of WMQO LC-LRFEMME, et 37



Figure 15. A parametric Gaussian fitting method for estimate of tercile-based

CAtEQOrICal PrODADIIIHIES, w+ rrerssssereessssserreeiss i 40
Figure 16. Forecast procedures at WMO LC-LRFMME., - 42
Figure 17. The variables and covering periods of graphical products for subseasonal

DIEAICHION, ++++eessseeesss s 50
Figure 18. Operation schedule for APCC 1 MONth fOr@Cast, - s 51
Figure 19. Sample of APCC 1 mONth fOrecast Chart, - i 51
Figure 20. Sample of subseasonal model output for APCC 3-month forecast. - 52

Figure 21. Performance of GP-PD from 34 LOOCV train-validation sets for (a) PC, (b)

HSS, (C) AUC, and (d) RPSS, wrrressseresssressseesssasesssse ettt 54
Figure 22. Performance of GP-OBS from 34 LOOCV train-validation sets with ISO and

P5 conditions for (a) PC, (b) HSS, (c) AUC, and (d) RPSS. s 55
Figure 23. Performance of GP-PD, GP-0OBS, and GP-MME for the test period for (a) PC,
(B) HSS, (C) AUC, and (d) RPSS., «ressrerssreesseressieressssssssssssss st 56
Figure 24. Tercile results of all models for the test period. Adopted from Rhee and
MYQUNIG (2027, weesseeeeeesssseeeeeesssseee s 56
Figure 25. Operational products of TMm, TNm, TXm, and SPI1 probabilistic forecast
results based on GP-MME: Example of TMm (LT1) forecasts for November, 2021, - 58
Figure 26. Performance of deterministic forecasts of ANN s 59
Figure 27. Performance of deterministic forecasts of RF e 60
Figure 28. Performance of deterministic forecasts of Adaboost e 60
Figure 29. Performance of deterministic forecasts of SVR s 61
Figure 30. Performance of deterministic forecasts of GP-PD - 61
Figure 31. Performance of deterministic forecasts of GP-0BS e, 62
Figure 32. Performance of deterministic forecasts of GP-MME s, 62
Figure 33. Performance of probabilistic forecasts of GP-PD e 63
Figure 34. Performance of probabilistic forecasts of GP-0BS e 63
Figure 35. Performance of probabilistic forecasts of GP-MME e, 64
Figure 36. Performance of deterministic forecasts of APCC s 64
Figure 37. Performance of deterministic forecasts of BCC «wrrrrmmmsrissesiessssssenees 65
Figure 38. Performance of deterministic forecasts of CWB rrreremessrrrressieesnssssseneee 65

_Xi_



Figure 39 Performance Of deterministic forecasts Of KMA .................................................... 66

Figure 40. Performance of deterministic forecasts of MSC i 66
Figure 41. Performance of deterministic forecasts of NASA s 67
Figure 42. Performance of deterministic forecasts of NCEP e, 67
Figure 43. Performance of deterministic forecasts of PNU e 68
Figure 44. Performance of deterministic forecasts of APCC MME e 68
Figure 45. Performance of probabilistic forecasts of APCC e 69
Figure 46. Performance of probabilistic forecasts of BCC s 69
Figure 47. Performance of probabilistic forecasts of CWB e 70
Figure 48. Performance of probabilistic forecasts of KMA - 70
Figure 49. Performance of probabilistic forecasts of MSC e 71
Figure 50. Performance of probabilistic forecasts of NASA i 71
Figure 51. Performance of probabilistic forecasts of NCEP e 72
Figure 52. Performance of probabilistic forecasts of PNU s 72

Figure 53. BMA results of deterministic forecasts: an example for TMm (LT3) forecast
Of January 2022 ........................................................................................................................................ 73

Figure 54. Boxplots of TMm forecast performance of BMA of deterministic forecasts for
eaCh season and mOdel. ........................................................................................................................ 73

Figure 55. Boxplots of SPI1 forecast performance of BMA of deterministic forecasts for
eaCh season and mOdel. ........................................................................................................................ 74

Figure 56. BMA results of probabilistic forecasts: an example for TMm (LT3) forecast of
January 2022 .............................................................................................................................................. 74

Figure 57. Boxplots of TMm forecast performance of BMA of probabilistic forecasts for
eaCh season and mOdel. ........................................................................................................................ 75

Figure 58. Boxplots of SPI1 forecast performance of BMA of probabilistic forecasts for
eaCh season and m0d6|. ........................................................................................................................ 75

Figure 59. Boxplots of TMm forecast performance of Super-ensemble of deterministic
forecaStS for eaCh season and mOdel. .............................................................................................. 76

Figure 60. Boxplots of SPI1 forecast performance of Super-ensemble of deterministic
forecaStS for eaCh season and m0d6|. .............................................................................................. 76

Figure 61. Super-ensemble results of probabilistic forecasts: an example for TMm (LT3)

- Xii -



forecast Of January 2022 ....................................................................................................................... 77

Figure 62. Boxplots of TMm forecast performance of Super-ensemble of probabilistic
forecasts for eaCh season and mOdel. .............................................................................................. 77

Figure 63. Boxplots of SPI1 forecast performance of Super-ensemble of probabilistic

forecasts for each SEason and MOGE, w i 78
Figure 64. Comparisons of PC scores of BMA and Super-ensemble, = 79
Figure 65. Comparisons of HSS scores of BMA and Super-ensemble, e 80
Figure 66. Comparisons of AUC scores of BMA and Super-ensemble, - 81
Figure 67. Comparisons of RPSS scores of BMA and Super-ensemble, - 82
Figure 68. TraiNing reSUtS Of Cas@s - st iirisisss s 84
Figure 69. ACC of predictions from case models by region and year = 85
Figure 70. ACC of predictions from case models by region and month e 85
Figure 71. ACC of predictions from case models by region and season « e 86

Figure 72. Anomaly correlation coefficients(ACC) of predictions from case models by

Figure 73. Maps of one prediction result of the cases (first row: ground true, second
row: prediction, third row: prediction_ground true) ...................................................................... 87

Figure 74. Example of rolling prediction method for predicting 14 days ===reeeereereeees 88

Figure 75. New case 4 model with added climatology data input data as BConvLSTM
block input data of the last skip connection in the decoder part -, 88

Figure 76. Boxplotting comparison results between deep learning and ECMWF prediction
F1(W+3) ACC based on ECMWF T2M forecast data every Month of 2016-2020 ««--eeeeeeee 91

Figure 77. Boxplotting comparison results between deep learning and ECMWF prediction
F2(W+4) ACC based on ECMWF T2M forecast data every Month of 2016-2020 - 92

Figure 78. Time-series of GloSeab(blue) and observation(red) anomalies for (a)
maximum, (b) minimum, and (c) 2-m temperature for each week from week1 to week4.

Figure 79. Bias climatology from GloSea5 for (a) maximum, (b) minimum and © 2-m
temperature for each Week from Week1 to WeekA ................................................................... 97

Figure 80. Box-plot of bias after bias correction for the (a) maximum, (b) minimum and
(C) mean temperature or eaCh Week from Week’l tO Week4. ................................................. 99

Figure 81. Comparison of RMSE after bias correction for the (a) maximum, (b)

- xiii -



minimum and (c) mean temperature or each week from week1 to week4, - 100

Figure 82. Categorical temperature forecasts from raw GloSea(left triangle), MBC(bottom
triangle), EQM(rIght triangle) and Observation(top triang|e). .................................................. 102

Figure 83. Comparison of accuracy in contingency table after bias correction for the (a)
maximum, (b) minimum and (c) mean temperature or each week from weekl1 to week4.

Figure 84. Time-series of bias-corrected forecasts for (a) maximum, (b) minimum and
(C) Z_m temperature from Week1 to Weekél .............................................................................. 104

Figure 85. Comparison of accuracy from (blue) raw GloSea5 and (pink) bias correction.
105

Figure 86. Week3 tercile-based probabilistic forecasts of raw GloSea5, MVA, MBC and
EQM bias-corrected for (top) maximum, (middle) minimum and (bottom) mean
temeprature’ Wthh iS forecasted at June 14’ 2021 ................................................................ 106

Figure 87. Week 3 tercile-based probabilistic forecast of (to) maximum, (middle)
minimum and (bottom) mean temperature, which is forecasted at June 14, 2021. (Left)
raW GloseaS and (rlght) blas_corrected forecasts .................................................................... 107

Figure 88. A document from KMA/CPD for operational use of APCC bias correction
method for the purpose Of 1_month forecast .............................................................................. 108

Figure 89. An example of weekly BSISO monitoring and forecast for 1-month outlook
109

Figure 90. Schematic diagram of BSISO phase selection process affecting Korean
summer temperature and precipitation Variation. ..................................................................... ’|’|O

Figure 91. Time series of weekly mean Korean temperature(precipitation) anomalies for
Warm/cool(wet/dry) phase Cases. ----------------------------------------------------------------------------------------------------- 111

Figure 92. BSISO phase diagram of exception case for warm phase case(red) and cool
phase Case(blue). ..................................................................................................................................... ’|’|2

Figure 93. Composite map of 2m temperature intraseasonal anomalies for the warm
phase case(left) and cool phase case(right) with respect to BSISO mode. e 112

Figure 94. Composite map of outgoing long wave radiation(top left), 500hPa(shading)
and 200hPa(contour) geopotential height(top right), omeaga(shading) and
meridional-vertical circulation(bottom left), and 1000-700hPa integrated moisture
convergence(shading) and 850hPa moisutre flux(bottom right) intraseasonal anomalies
for the BSISO warm phase case in JUne_AUgUSt. ...................................................................... ‘]‘]3

Figure 95. Same as Figure 6 except for the BSISO cool phase case in June-August. 114

- Xiv -



Figure 96. Composite map of precipitation intraseasonal anomalies for the wet phase
case(left) and dry phase case(right) with respect to BSISO mode. e, 115

Figure 97. Same as Figure 94 except for the BSISO wet phase case in June-Aug. - 116
Figure 98. Same as Figure 94 except for the BSISO dry phase case in June-August. 116

Figure 99. Weekly mean anomalies of outgoing longwave radiation(left), 1000-700hPa
integrated moisture convergence(shading) and 850hPa moisutre flux(right) for the period
24_30 .July, 202‘] ..................................................................................................................................... ’]’|7

Figure 100. Phase diagram of observed(red) and predicted(purple to green) BSISO for
the periOd 24_30 Ju|y, 202’] ........................................................................................................... ’|’|8

Figure 101. BSISO impact anomalies of OLR and 850hPa wind(left), 500hPa geopotential
hiehgt(middle), and precipitation(right) estimated using the BSISO forecast index for
each Iead time. ........................................................................................................................................ 'I'I8

Figure 102. Weekly mean of 500hPa geopotential height anomalies from GloSeab
atmospheric initial data(left) and ECMWF based on week-three forecasts(middle), and
200hPa geopotential height anomalies from ECMWF based on week-three
forecaStS(right) Va”d for ’I’l_’|7 OCtOber 2021 .............................................................................. 1’]9

Figure 103. Phase diagram of observed(red) and predicted(purple to green) BSISO for
the perlod 'I'I_'I7 October, 2021. ...................................................................................................... 119

Figure 104. BSISO impact anomalies of OLR and 850hPa wind(left), 500hPa geopotential
hiehgt(middle), and temperature(right) estimated using the BSISO forecast index for
each |ead time. ...................................................................................................................................... 120

Figure 105. Changes in temporal correlation coefficient between model’s prediction and
the Observation ........................................................................................................................................ ’]2’]

Figure 106. Changes in temporal correlation coefficient between model’s predictor and
the target. ................................................................................................................................................ ’]22

Figure 107. Scatter plots showing the relationship between predictors and standardized
December mean temperature' .......................................................................................................... ‘]24

Figure 108. Bar chart showing standardized December mean temperature (skyblue) and
model’s prediction (blue) ..................................................................................................................... 124

Figure 109. Scatter plots showing the relationship between predictors and standardized
January mean temperature' .............................................................................................................. ‘]25

Figure 110. Bar chart showing standardized January mean temperature (skyblue) and
model’s prediction (blue) ..................................................................................................................... ‘]25

Figure 111. Scatter plots showing the relationship between predictors and standardized

- XV -



February mean temperature. Orange lines denote 1979~2015, and blue lines denote
1979~2020 ................................................................................................................................................. 126

Figure 112. Bar chart showing standardized February mean temperature (skyblue) and
model’s prediction (blue) ..................................................................................................................... 126

Figure 113. Scatter plots showing the relationship between predictors and standardized
June mean temperature. .................................................................................................................... 127

Figure 114. Bar chart showing standardized June mean temperature (skyblue) and
model's predlctlon (blue). ..................................................................................................................... 128

Figure 115. Scatter plots showing the relationship between predictors and standardized
JUIy mean temperature. ...................................................................................................................... 128

Figure 116. Bar chart showing standardized July mean temperature (skyblue) and
model's predlctlon (blue). ..................................................................................................................... 129

Figure 117. Scatter plots showing the relationship between predictors and standardized
August mean temperature‘ ................................................................................................................ 129

Figure 118. Bar chart showing standardized August mean temperature (skyblue) and
model’s prediction (blue) ..................................................................................................................... 130

Figure 119. Scatter plots showing the relationship between predictors and standardized
JUIy_AUgUSt mean temperature. ....................................................................................................... ’|3’|

Figure 120. Bar chart showing standardized July-August mean temperature (skyblue)
and mOdeIIS prediction (b|ue) ............................................................................................................ ‘]3‘]

Figure 121. Scatter plots showing the relationship between predictors and standardized
AUgUSt mean precipitation_ ................................................................................................................ 132

Figure 122. Bar chart showing standardized August mean precipitation (skyblue) and
model's predlctlon (blue). ..................................................................................................................... 132

Figure 123. Scatter plots showing the relationship between predictors and standardized
Chang_ma precipitation. ...................................................................................................................... 134

Figure 124. Bar chart showing standardized Chang-ma precipitation (skyblue) and
model’s prediction (blue) ..................................................................................................................... 134

Figure 125. Rolling Correlation between averaged Indian Ocean SST from April to May
and averaged Korea preCIDItatlon In August. ................................................................................ 135

Figure 126. Regression map of April-May averaged sea surface temperature over Indian
Ocean onto (upper) 500hPa geopotential height, (lower) 850hPa wind, and precipitation.
136

- Xvi -



Figure 127. August precipitation and July-August 200hPa velocity potential in (left) 1998
and (right) 2016 ..................................................................................................................................... 137

Figure 128. Daily MJO phase frequency in August (Epoch1: 1991-2010, Epoch2:
201 1_2020) ................................................................................................................................................ 137

Figure 129. Regression map of Barents-Kara sea ice concentration onto geopotential
height (200hPa and 500hPa), 200hPa wind, 850hPa wind and precipitation. e 139

Figure 130. Time-lagged composite temperature over East Asia from week1 to week4
by ut”iZIng the informatlon Of ENSO and MJO phasesl ............................................................ 141

Figure 131. Weekly temperature anomalies over Korean Peninsula, conditional on the
|n|t|a| State Of the MJO phase 3 .................................................................................................... 142

Figure 132. Weekly temperature anomalies over Korean Peninsula, conditional on the
Inltial State Of the MJO phase 7. ...................................................................................................... 142

Figure 133. Relative Operating Characteristic (ROC) score aggregated over globe of
probabilistic real-time forecast of 2m temperature for three terciles, i.e., a) the above
normal, b) near normal and below normal for the period JFM2017-AS02021. «wweeeeeeee 144

Figure 134. Relative Operating Characteristic (ROC) score aggregated over globe of
probabilistic real-time forecast of precipitation for three terciles, i.e., a) the above
normal, b) near normal and below normal for the period JFM2017-AS02021.  -=eeeeee 145

Figure 135. Improvements of operational system at WMO LC-LRFMME in 2021. - 147
Figure 136. Deterministic forecast for OND2021 GPC CMCC and WMOLC-LRFMME, - 152

Figure 137. Probabilistic forecast for OND2021 from GPC CMCC and WMOLC-LRFMME.
153

Figure 138. Anomaly correlation coefficient (ACC) for JJA forecast for the period
1993_2009 .................................................................................................................................................. 153

Figure 139. Anomaly correlation coefficient (ACC) for JJA forecast for the period
1993_2009 .................................................................................................................................................. 154

Flgure 140 Example Of SeaSOna| OUt|OOk table .......................................................................... 155

Figure 141. Example of precipitation probability forecast based on WMO LC-LRFMME.
156

Figure 142. Example of temperature probability forecast based on WMO LC-LRFMME. 156
Figure 143 Examp|e Of materia|s for WMO expert team_ ...................................................... 159

Figure 144. The bulletin board for GSCU on WMO LC-LRFMME website. rrereemereeees 159

- Xvii -



Figure 145. The number of monthly visitors of WMO LC-LRFMME website in 2021. ---- 160
Figure 146. Verification of climate indices in WMOLC-LRFMME. oo 162
Figure 147. Observational anomaly display webpage in WMOLC-LRFMME. «-xeereeeeeneeenenens 164

Figure 148. Verification display web page with added reanalysis data in
WMOLC_LRFMME .................................................................................................................................... 164

Figure 149. Anomaly correlation coefficient (ACC) of weekly mean real-time subseasonal
forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to Sep
2021 Over the globe. ............................................................................................................................ 166

Figure 150. Anomaly correlation coefficient (ACC) of monthly averaged 1 week real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan
20‘]6 tO Sep 202’] over the gIObe. .................................................................................................. ‘]68

Figure 151. Anomaly correlation coefficient (ACC) of monthly averaged 3 weeks
real-time subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the
perlod Jan 2016 to Oct 2021 Over the globe. ............................................................................. 169

Figure 152. Root mean square error (RMSE) of weekly mean real-time subseasonal
forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to Sep
202‘] over the g|0be_ ............................................................................................................................ ‘]70

Figure 153. Root mean square error (RMSE) of monthly averaged 1 week real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan
2016 tO Sep 2021 over the gIObe. .................................................................................................. 172

Figure 154. Root mean square error (RMSE) of monthly averaged 3 weeks real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan
2016 to Oct 2021 over the globe. 173

Figure 155. Anomaly correlation coefficient of weekly mean prediction of (a) T2M, (b)
PREC, (c) MSLP and (d) Z500 for the period Jan 2019 to Aug 2021 over the East Asia.
176

Figure 156. Root mean square error of weekly mean prediction of (a) T2M, (b) PREC,

(c) MSLP and (d) Z500 for the period Jan 2019 to Aug 2021 over the East Asia. - 177
Figure 157. Sample of 1-month PMME prediction trend analysis chart. = 178
Figure 158. Sample of Z500 Hovmoller diagram., - e 179
Figure 159. Sample of Z500 anomaly chart over Northern Hemisphere, «omeeeemeeemeeeeens 181

Figure 160. Sample of 7200, 7500, MSLP and 850hPa wind anomaly chart over East

- Xviii -



Figure 161. Sample of final result table of APCC 1-month forecast, -« 183

Figure 162. APCC 1-month forecast presentation format. (a) Dec 2020, (b) May 2021 and
(C) Sep 2021 ............................................................................................................................................. 183

Figure 163. Heidke skill score for 2m temperature forecast of GloSea5, ECMWF and
APCC from Jan 202’] tO NOV 202‘] ................................................................................................. 185

Figure 164. Heidke skill score for precipitation forecast of GloSea5, ECMWF and APCC
from Jan 2021 tO NOV 2021 ............................................................................................................. ’]85

Figure 165. 12 weeks moving window Heidke skill score of GloSea5 ECMWF and APCC
at temperature forecast ....................................................................................................................... 186

Figure 166. 12 weeks moving window Heidke skill score of GloSea5, ECMWF and APCC
at precipitation forecast. ..................................................................................................................... ‘]87

Figure 167. The ratio of above normal, near normal and below normal categorical
forecast Of GlOSea5, ECMWF and APCC ........................................................................................ 188

Figure A1l. Comparison of ECMWF forecast (CF member) and deep learning-based
forecast ..................................................................................................................................................... 199

- XiX -



1. AME

pRcE <3 s, 715
AE7F IFSZ2A WMO A7|oB AEAE S 20119 R Al&ste] £d3ta MAdste] ghor o
© 9 A71eE Aol ot ARE EEHA T 2019-20211d 2} 3idel A SEA ot
AtdE T 1A "EAAE Se A ATIAE ZlesiE B R Jgdemn &
7l Bae] o AEA S Adstar, 7] MEE Vlee A 2IFoEA AR AR
okel A4S AHstA stk 53], STA ol HF dEEHA A Frdr dd
dFoll 8T e AHdEs EF%e T, o AT7EIIE EY BUIdRE Tleridel 44
Aoz 7198 5 A=F HAE AL v Aok APCCo| 174 7|FAHH} 7] 5o S g
AEAA B Ozte] A vtgez eyt Zrldi Age Fde AT d7E ASHL
2 FYFoEN, feve ArldE #d A& Ves AL FF AU E ARs 7))
T FE T les R Q0T #dEd AT ES sty dvEd tgEd 2
=

EA, Lecun et al.(1998)c] CNN(Convolution Neural Network) 7/Nd& Hx=zZ 7Es
LeNet-5 =7} &3 o|F 2012de] 713 ILSVRCUmageNet Large Scale Visual
Recognition Challenge) t3]olA CNN 7|4t AlexNeto] %S 2A|stAA G thgk &4
o] F7tsl7] AlAstA T CNN Qo= AlA2 FAE dfdster Ags =3 A WRNN,
Recurrent Neural Network), &7 ® =22](LSTM, Long Short Term Memory), Al°lE
H(GRU, Gated Recurrent Unit) &°] S4&3tHA HF2Q0 SAWHAA HlojA AFAAH
83t AAE +AE A3y fg ="sta Jdo. 2015 ojwAR] B FEofofA
FCN(Fully Convolutional Networks)E €73+ U-NET +=(Ronneberger et al., 20157} H}o]<
WA Fofoll A o]m|A] E(segmentation) S FHOE AJFEWA AALG oS HEofolA &
&3t AMEIZE S7eta ok HZole AW 713 S0kl A w4l e d(machine learning),
d84d 71 5% ol&3dld dFAHE =olr] A8 &8FH3 JdtkHwang et al, 2019, Pan et
al., 2020). & dAFdAAE AFHY dFHAS MAES A8 71Se AgE 7HES &8st |
Y 2ds AAsta A oAAe AdAES T3 E8Uts S HUkstaA ot

)\§' [e)

LB L
o
=

=
o
o

AR, 983 A-AY Z%Boreal Summer Intraseasonal Oscillation, BSISO)o] o}AJo} o &
& Ao ti7]d mAE Y¢S BHo ¥ &7 fd1 AR E M 5 e BSISO Y
A 7)eo] MEAANA T, 201895 A3, 2020055 BSISO ¥ Azl 744 9 o= FKH
APCC F3o]AE T3l Aulxxa ok =y @A) APCCAAlA Al&stal & BSISO &
=0 A% dF 7I3to] 0¥ = #F HA AFAE Azl Aol Qo] I A &84

L AT r

_’I_



=

5}

3%

d o B %

=

&

=

=

of wet 17h4 o

7}, ol B}
WMO #7]eB A=A = - 9

1

°
=

>
=

z

3L

[}

=3
=

A

3L
O

=

=

AR
olo} TEo] djue] oA AR T A

=

b oS

9
pil

WMO A7) %3

6l o
, AW 7]

}

9
pil

}

Pt =S WMO Z7]dE A=AE 7]

AR &g 7}

=
=

o}

}

]
p

= o

A dd AA s 9

fud

o

FA] &

[ s

ok mEA 7R

1

=

.

o 714

2 vt 7]

F

UlA, 2011958 AddAS AZ718Q] APCCAA g8t A= WMO

At S F3ll BSISO <
Ef ol o

=
jm=)

1

O]
Alz=g A ArEe A

ol go] w
Z+e], GSCU

o

ujm
W

)

il

)

0
A,

EE

o 3}

ol A

=
=

AH 4

OAA,

s A

=

=

. 7178 A M E o] R&D

%

—_
o

B
o

—_
file)

o

A Zrol Aol whe} regime shift, 7] 33},

ke
T

deyg AR 54

alol ofsf 4

W

m
o
ol
ol

)

A

o, &

=)
LN

A =7 o

Azt el ZEA S FHgol WS

=
=

ATl A
A5+ warm obx=e]7h

=

s

o]
oz UEon, o= Qs due ojHee Acjgiy

SEICRE
Az el 711 & e 977 B8

=

ol

oltt. wetA ol

3t

°

ALt

9

o -5 A A

A 2EE AT AH o]

o B

N

—_—

T
__OT

"
Ar

=

b,

9
yil

SaA

S

o

S AANToZH
[e)

2ol AA o

[e]

—

F

o
il

1
8
Ay

_]

ojel A HI 71Folar

1 9

Qmael dn ohmu ol AF

2, 4

o] 74

o

Al YERY
A=
71 B kel o

be o g,

L.

=

=

)

=

177 2

warm o
AE e
7)1 9

ahtt whetAd
Q)

- H A7

<
T

=
[13
&
F Al

3 o B

S

shel Wit - AL -

o

Aol BAE B

o AANEAN A 52 1



2. 9 #H K=

7b A7 8 AR5 Jeqd R HE
W) AASE 2de 243 3L Bl A
Oh #% R ZAAR

O AEBZAE

A19d(1991-20200) AH-8S 98 AAA 667 ASOS (Automatic Synoptic Observing
System) A - tial] d¥ H+, HA, Har|L 9 e A5E 1980d olF 7|3 tis] 4
A5t tHhttps://datakma.gokr). XAdEE Y¥ 82 Adste 9¥UE HFd YIS
(TMm; mean daily mean temperature), ¥ 3 *]7]->(TNm; mean daily minimum temperature), ¥
ZH 117)2(TXm, mean daily maximum temperature) @ € &4k Z#S AJow AF=9 4
N A-FE A7 6270 AH FS Bkl Ao thgk TMm, TNm, TXm 2 7 AAE S

A sk AeE 2d 2o HeE 98] SPI1I (1-month Stanardized Precipitation Index)Z
A&t A= B oty A7), FdIA, FddE, ddse, F5 745, A5, 2

TR, 2 2 AT 107 AFed dsiAE 24 A Yo EAlste AH ks o] &5t
TMm, TNm, TXm 2 SPI1 AJAES 4HAE3S T
ZF AAIE Asol dis] FAEAS SRkt 78 717H1981-20101) 3 Bl w ke
Hd 717K1991-2020 ) = 71 W] FAZE FEEAA YEgT FAEML 24
o] M3 Al v REH ‘%}@9] Mann-Kendall W& o] &3t 3=, T UH
2 HEE 22 AAE Holy AY3n Yo wet g2 ARE Holr|x A FAAA
(detrend)= A P3| AE T3l E%a ﬁﬁé FAE AASE B2S AMEstFenE, FAA AT
S APIAE std FA7 fle 2 Yehh}, Mann-Kendall2 | 2EstH 7H3
ZHESFAY A Zo] A ALY, ‘ﬂtﬂ WEFo 2 Yehvde AeE EASAT. FEEES 7Eke
2 3 203 AFolA A 2= 2do] FAAA sHA &2 YEHF 9
o A (e}

= Y
Ag3AE A AHdS 83 0 21 TolM = FAAAS A 85t

r& r>

10

o


https://data.kma.go.kr

H2 | 47 [EASYAIMMEAIONEY] % [ras] M= @TNdiwiIy
WK LR | MK | LR | MK [ LR | MK | LRI MK [ LRI MK LRI MK] LR | W] LR | MK

z
E]

3
=
2
=
%
=

WO |t O e e [ (B |

2 | W7 [gRgspusMMsazioysed su [GP3 Frddieitad
M| LR | MK | LR | M LR MK LR MK LR | MK LR | MK | LR

|
|
A

Month

2|
&
2
=
o
2
=
5

- - Rl - U (T B PR TR S

2 N

Figure 1. Before (top) and after (bottom) the detrend by linear regression
(LR) and Mann-Kendall (MK) for TMm. The number 1 means the increasing
trend and 0 means the decreasing trend.
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trend and 0 means the decreasing trend.
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@ #FARE

ZIAGRD ] o= 2o 837 &) AekAulE AR outgoing  longwave
radiation, OLR), 3™ -2%(sea surface temperature, SST), 7F<=(precipitation, PRCP), =3
(snow cover extent, SCE), 500hPa % 850hPa®] A]$]11%(Z500 and Z850), 3™ 7] (sea level
pressure, SLP), 850hPa 7]<(T850)8] A7 AAAEE 3]sttt

€¥ OLR A=+ v= NOAA (National Oceanic and Atmospheric Administration) NCEP
(National Centers for Environmental Prediction)¢] CPC (Climate Prediction Center)e] As =,
u] Z¥njo} thd} IRI (nternational Research Institute for Climate and Society)ell 4 <=3 &1tk
(https://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP/.CPC/.GLOBAL/.monthly/.olr/datafiles.html).
49 SST #AE+= NOAA<S] Extended Reconstructed Sea Surface Temperature (ERSST) Version
5 AR S AE3sFY=dl, OAR (Office of Oceanic and Atmospheric Research)e] PSL (Physical
Sciences Laboratory)oll A =33} thhttps://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.htmi).
AT Ags+= NOAAS] CPC Merged Analysis of Precipitation (CMAP) A% = NOAA GPCP



V2.3  Combined  Precipitation A&E ARG e™  OAR/PSLoA  FH&oh
(https://psl.noaa.gov/data/gridded/data.cmap.html). =% SCE A&+ NOAA<] CDR (Climate Data
Record) Northern Hemisphere (NH) Snow Cover Extent (SCE) A5z FH3IHoH
(https://www.ncei.noaa.gov/data/snow-cover-extent/access/), 3 % 4¥ Az =2 A3}
4% 7500, Z800, T850 % SLP A&+ NCEP Reanalysis 1 A5 =, NOAA/OAR/PSL ZF-¥ <
A 3+ thhttps://psl.noaa.gov/data/gridded/data.ncep.reanalysis.pressure. html).

Table 1. Global gridded datasets used to derive predictors.

Variable Dataset Origin (Upper Resolution
Left Corner)
Outgoing Long wave NOAA NCEP CPC GLOBAL 91.25° N, 0.0° | 2.5 dd
Radiation (OLR) monthly olr E (73%x144)
Sea Surface Temperature | NOAA ERSST V5 89.0° N, -1.0° 2.0 dd
(SST) E (89x180)
Precipitation (PRCP) NOAA CPC Merged Analysis 88.75° N, 2.5 dd
of Precipitation (CMAP) 1.25° E (72x144)
NOAA GPCP V2.3 Combined 90.0° N, 0.0°
Precipitation E
Snow Cover Extent (SCE) | NOAA Climate Data Record 88.0° N, 0.0° 1.0 dd
(CDR) of Northern Hemisphere | E (88 x88)
(NH) Snow Cover Extent (SCE)
V1
500 hPa Geopotential NOAA NCEP/NCAR Reanalysis | 91.25° N, 2.5 dd
Height (Z500), 850 hPa 1 -1.25° E (73 < 144)
Geopotential Height
(Z850), 850hPa Air
Temperature (T850), Sea
Level Pressure (SLP)

nlEl =, wg, 7e), FEl=Zale siH(sea ice area, SIA) A®, Iglm B E(Arctic
Oscillation Index, AO)3 Z-& vt € 7] 2 e AFEx Tt &8sttt €3
SIA. A== NSIDC (National Snow & Ice Data CentenolA  F333oH
(https://nsidc.org/data/G02135/versions/3), 7] ol ¥ AFELS NOAA/OAR/PSL
(https://psl.noaa.gov/data/climateindices/list/), HAd# A5 NOAA/CPColA 3kl
(https://[www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml), €3 PDO+= Tokyo Climate
Centeroll A =33} thhttps://ds.data/jma.go.jp/tcc/tce/products/elnino/decadal/pdo_month.html


https://www.ncei.noaa.gov/data/snow-cover-extent/access/
https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.pressure.html
https://nsidc.org/data/G02135/versions/3
https://www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml
https://ds.data/jma.go.jp/tcc/tcc/products/elnino/decadal/pdo_month.html

Table 2. Sea ice and pre-calculated atmospheric and oceanic indices used as predictors.

Type Name
Sea Ice Area (SIA) Barents
Bering
Kara
Laptev
Teleconnections North Atlantic Oscillation (NAO)

East Atlantic Pattern (EA)

West Pacific Pattern (WP)

East Pacific/North Pacific Pattern (EP/NP)
Pacific/North American Pattern (PNA)
East Atlantic/West Russia Pattern (EA/WR)
Scandinavia Pattern (SCA)

Polar/ Eurasia Pattern (PE)

Pacific Decadal Oscillation (PDO)
Atmospheric Indices Quasi-Biennial Oscillation (QBO)

Southern Oscillation Index (SOI)

Arctic Oscillation (AO)

SST Indices East Central Tropical Pacific SST (Nino 3.4)
Eastern Tropical Pacific SST (Nino 3)
Central Tropical Pacific SST (Nino 4)
Extreme Eastern Tropical Pacific SST (Nino 1+2)
Oceanic Nino Index (ONID)

Trans-Nino Index (TND

Tropical Northern Atlantic Index (TNA)
Tropical Southern Atlantic Index (TSA)
Western Hemisphere Warm Pool (WHWP)
Atlantic Multidecadal Oscillation (AMO)
Atlantic Meridional Mode (AMM)

Q@ EdAs

o] ATolA= 7HAQE ZEAZ 2doy oY As=2 APCC MMES] SST, PRCP, Z500,
T850, SLP A5 E AFEst¥Th T3 AAH HRAZTES A 871 /B =23} APCC MMES]
T2M 2 PRCP A &% A3t RE 24 APCCe] Climate Information toolKit (CLIK)
(https://cliks.apcc21.org/dataset/mme/6-MON) E WF Hlo]g o] =& Fal T NER
dzgE Y57} obd, MMEE & AAgd A o] &3} AT

Ny
i
rlr

Ll
i


https://cliks.apcc21.org/dataset/mme/6-MON

Table 3. APCC MME datasets used to derive predictors.

Variable Dataset Origin (Upper | Resolution
Left Corner)

MME Sea Surface Temperature APCC MME sst 91.25° N, 2.5 dd

(MME SST) -1.25° E (73x144)

MME Precipitation (MME PRCP) APCC MME prec

MME 500 hPa Geopotential Height APCC MME z500

(MME Z500)

MME 850 hPa Air Temperature APCC MME t850

(MME T850)

MME Sea Level Pressure (MME SLP) | APCC MME slp

Table 4. Eight individual models and APCC MME datasets used for objective combinations of
model results.

Institute, Model Dataset Origin  (Upper  Left
Corner)

APCC, SCOPS

BCC, CSM1.1M

CWB, TCWB1Tv1.1

KMA, GLOSEA5GC2

MSC, CANSIPSv2 T2M, PRCP 91.25° N, -1.25° E 2.5 dd (73x144)

NASA, GEOS-525-2.1

NCEP, CFSv2

PNU, CGCMv2.0

APCC, MME (SCM)

Resolution

W) 7FAg =22 A S 28
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dot
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O 459 ==

FeE st A4S T43 wAGP-PD)E 93 AHED o] =9lA= 137) Z(Table
5, °] T B2 AATF fEivEt 45F J23 #EE oiy] 2 Y A5y As 9 S b
HE BNt =E2FHATCIEA 2018). o] JAAES HE7]2 43S A8 MEHAoY, 9
AFo A= TMm, TNm, TXm o =S sl AH&= At

¢
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Table 5. Pre-determined predictors for existing statistical models (KMA 2018).

Variable Region Boundary Monitoring | Target
Month Month
SCE Northeast (103-123° E, 45-50° N) + MAR JUN
China (123-133° E, 40-50° N)
PRCP Near (185-200° E, 20-35° S) - APR JUN
Australia (120-180° E, 25-35° 9S)
SST Tropical (145-180° E, 10° S-15° N) JAN JUN
West Pacific
7500 Eurasia (10-40° E, 25-45° N) + MAR JUL
(60-90° E, 20-50° N) - (0-45°
E, 55-70° N)
SST South Indian | (90-120° E, 40-25° S) + APR JUL
Ocean, (120-140° E, 0-20° N) -
Philippine (90-110° E, 10° S-5° N)
Sea, East
Indian
Ocean
7850 Atlantic (265-300° E, 20-40° N) - APR JUL
Ocean (255-295° E, 50-65° N)
PRCP North of (110-180° E, 20-5° S) MAY AUG
Australia
SCE East-West (105-135° E, 48-60° N) - APR AUG
Asia (50-70° E, 45-55° N)
SST North of (10-14° E, 20° S-0°) FEB AUG
Australia
SST Tropical (90-105° E, 10° S-0°) APR JUL
Indian AUG
Ocean
SCE Manchuria (120-140° E, 40-50° N) APR JUL
AUG
SIA Bering Sea (180-205° E, 55-65° N) APR JUL
AUG
SST North (320-360° E, 55-65° N) APR JUL,
Atlantic AUG
Ocean
T=710F 2 d(GP-0OBS)# APCC MME<®} =S Z2Adst ZA(GP-MME)S ¢34 = A=
A7 e B AU REEES Sk BEIne] dPARY delME g o
Ao 67E ABE XA A&ty o APCC MMES 7% AT % FAAAS 13T
S UEE B3] gle 4RE BEUAAL JSARE ASIYUT. $H FAAAR 2w
Gob FAAAY JHse] ABAAZE Tl FRWAN B AL =282, 4 AY
of tiall FHFH L FHAAT AALES 2Hggtt. APCC MMES] A9, XY =52 #= #
S5 ol&sta AAE AHol| s MME dSx59 Y99S T8t HYRAY P FAAA
st AAIE S A g

_’l’l_



(a) Selection of predictors from observations: Example for target variable TMm (target month: AUG) and predictor variable Z500 {(monitoring month: APR)

TMm of AUG Selected Regions
{Detrended, Train Years) Smoothed As Predictors (ex.
Correlation 2500 APR R1,
Coefficients r Z500_APR_R2)
M \ Correlation y Time-series For Each
Analysis and ﬂﬁﬁ / < O/ -~ Predictor From
/ Smoothing l Observations

> (Detrended, Train Years)
> Zonal L
= Averaging and
All Y
7500 of APR (Alt Years) Detrending k\/\

{b) Selection of predictors from MME: Example for target variable TMm (target month: AUG) and predictor variable Z500 {monitoring month: JUN)

T™Mm of AUG Selected Regions

{Detrended, Train Years) Smoothed As Predictors {ex. Time-series For Each
Z500_JUN_R1, Predictor From

Correlation
Coefficients r Z500_JUN_R2) Observations
\ Correlation o Bias-Corrected
Analysis and '—’@’_’ / = Q,/' t : :: Time-series For
~

Smoothing Each Predictor

T | 1 From MME
T 2 (Detrended, Train Years) l S—
st s o - Zonal
v s - Averaging Bias Correction
S (All Years) Time-series For [Variance Scaling) | :
Z500 of JUN Each Predictor and Detrending
From MME
T L Zonal
MME 2500 Loty | ——
S — = Averaging
of JUN i s =
o — — -

z:z-: (All Years) I :

Figure 5. Flow diagrams for the selection of predictors (a) from observations (example for the
target variable of TMm, target month of August, predictor variable of Z500, and monitoring
month of Apri) and (b) from observations and MME (example for the target variable of
TMm, target month of August, predictor variable of Z500, and monitoring month of June).
Adopted from Rhee and Myoung (2021).

@ 71AISF ZE2AA 7Y

7F$AISE T2 A AGP)E A4 7S 7HAE N9 349 A8l 7 IS w, 999 9
A Xy, .., XnolAY BEW S (random variable) f(xy), ..., fx)e 712~ AFSEE
oy TG E A Y= g5 3#AH(random process, stochastic process)e] .

GP At &x(prionNe T3 22 T AFEXE,

p(f1X) = N(fu, K) [1]

F= @)y fap)pn = (m(z),om (X)), K; = 5 (x,2) 2]

o714 me Hgoly ke ko] AR Z(positive definite) FEAHEE kernel) <=2, GP9
ool Kol o8 Z2AAY. gEHS fx1), fx)) F 712 2FSFEEEE A3 kernel kol
o3 (xu, xa)2F (xyy, x)7F 74H7F--9, o] 1Al A 9] p(f(xw), f(x), pfxay, TGN E 73T
#B=AE y2 B3 GP AAHEZE GP AFZEE Z(posterion) pfiX, & A& 4 =),
ol& o] &3l AEL U X*o tig v AZFF € 7 F ATt oW, ojv] #ZT A
5oy v dSF F o AFFEREE ofHe RoEE,



y K, K .
K, = k(X X) +od= K+ LK = r(XX), Ko = £( X Xo) [4]
O AFEE GP AMES-E 2 Z(posterior predictive distribution)= o}&-3 o] e}
¥ 4

P16 Xy) = [ DU PR LXy)dS = N 5)

pe = KK Yy, 50 = Koo — KK 'K [

2

Radial-Basis Function (RBF) kernel< ©]-&3}%l+=Hl, o]+ Squared exponential kernel ®+
Gaussian kernel¥} 2o z5 7He] Ao AFOoZE FAMES SH3T

1

K (X, X;) = oexp (— o

— (7~ ) (@, —x)))

=

Vertical variation parameter o2 $52] vertical variationS A|oJst=d, o7t AAH &
HAlg ol MY Yo g o yWe 4% 73k& 7FAA "t} Length parameter 1> 39| w11
¥ 7 =(smoothness)& Alojst=t], 1o] AAH O wjIIPA FAAZ sl AZA odZF2 3
o lo] ZtowW F o FEFESA THAR Atolo] YW 4AlF 73 JHAEE "ok Bts
2 93 ¥x=z alpha%_— 4743t AY RBF kernelo] white noise kernelg ©3le] EHA79
global noise F&F& AAT 4 A ¢t AAY noise’t B Azl HZHFE 93HH
coarsest &S & F JUrh

o]

L34 E Folr JHA RS kernel parametersE2ERE #A= yE IS FEo|lEE
LML(log marginal likelihood)E #tj3}sl= gho= A4 goh
1, 1 N
logp(ylX) =log Nyl K)) = — 5y K, "y — FloglK| — F-log(2m) [8]

@ Seluet o8l 71 BEAS

BB Treld 2 QIS 8% EH(GP-PD), #=F7Int AdH A =&
(GP-0OBS)¥} APCC MME$} #=$ 4 = 9
HE At Aese #HIbeH =2 =

GP-OBS ®Ed&-& o]&3ste] 1980-2013d°] 7]3+& o] &3t Leave-One(year)-Out w2t %



(Cross Validation, CV)-2 Adsta mdo] Al5-S 2014-2020d 7]17kel thall #HZEstE o

Hwg mdo] AL 7d oA isotropic length scale matrix® AR&EA](ISO) oY=
anisotropic lenth scale matrixE AF&&X|(ANISO), 18]l o ZAA =EAGE HA A7 R
Zhold oA &8s od X Heo] IdATA(LR) ot A g4 glo] F3TA(LNR), L&
1 HFAHOER AFAAE AABY w FAAAY FAF Fodol BEA FF =Lk AdA

TS A3 (p-value ol whet P1, P5, = P10)2] Al 71E&S Ay R kTh

Loocv
(a) For GP-PD (34 x 34)

—— Performance

Train Data ( Isotropic/Anisotropic
- > Length Scale Matrix GP Model (1SO)
Train Labels L “50/ ANlSO)
PD Predictors
(1980-2013) » Performance
(ANISO)
Loocv
(b) For GP-OBS and GP-MME (34 x34)
[ Isotropic/Anisotropic x —> L —— Performance
Length Scale Matrix
L (IS0 / ANISO) ) (ISO/ LR/ P1)
[i Predictors’ Locations h
Train Data Restricted / Not-Restricted ;
> GP Model + » Performance
Train Labels \ (LR/LNR) J
OBS Predictors [ Significance Levels ) (ISO/ LR/ P5)
(1980-2013) for Selecting Predictors: .
0.01,0.05,0.1 .
& (P1/P5/P10) j .
—s T » Performance

(ANISO / LNR / P10)

Figure 6. Various model conditions were selected by leave one year out cross-validations
for (a) the GP model with pre-determined predictors from observations (GP-PD) and (b)
the GP model with objectively derived predictors from observations (GP-OBS) as well as
the GP model with objectively derived predictors from observations and MME (GP-MME)
for the train period. Adopted from Rhee and Myoung (2021).
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(2014-2020)

Test Data

(a)

Selected Condition

Train Data
s Lt » For GP-PD Predictions
rain Labels
GP Model Performance
PD Predictors Test Labels
(1980-2013)
(2014-2020)
Test Data
(b)
Train Data Selected Conditions
> For GP-OBS GP-OBS Predictions
Train Labels Performance
GP Model
OBS Predictors I Test Labels
(1980-2013)
(2014-2020)
Test Data
(c)
Train Data Selected Conditions

> For GP-OBS

Train Labels
GP Model
OBS and MME Predictors

(1991-2010)

Predictions
Performance
I Test Labels :]—-’
Figure 7. The GP models (a) with pre-determined predictors from observations (GP-PD), (b)
with objectively derived predictors from observations (GP-OBS), and (c) with objectively
derived predictors from observations and MME (GP-MME) were developed based on

selected conditions. Then final model performances were evaluated for the test period.
Adopted from Rhee and Myoung (2021).

(th 22 3 #= JEE TEW 483 FEAT U2

Apestuae A9 27124, ARFR A2Y, mdol By 58 tesl A
g3tol PR AR WSl o Z AE T olF VAT ols) Wimetel ofe sl =
9 Ass gese 7

$E poor man’ s ensembleo]gtx d}H(Wobus and Kalnay, 1995;
Ebert, 200D, o4& /WEFRI ] 3t =2 H 57| To2RYH B4 BRE AF
st= Aol JtHDu et al, 2018). dWHH o= TheFst nd 9 @J/P% AYP o2 Agster, &
& 29 H(Simple Model Average, SMA)Y 79 7+ =dleo] 7lFx & FYsA HE&3oh
(Hagedorn et al., 2005). SMA2] ¢ Ao £ mds} Ao £ £33 ndol o= A3}
7 2L TR HiYg Y= ‘i‘r’é o] AT

ceret 29 Ase] ARe o ofstwd Ase Aol waaA ek A sA
SARY AvelE 483 + dedl. olHd Aux AL T YA AZYRE

)%
)
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BT F ok Az mde] F BEYS BEWE, AYAR wet Yo W] U
S, 4 RRY% FENS Fol Ul BE /183 mde AdE Fusrlncs 47
o AFH FRE B AFA el we RAE ATl FAAAG S/ Sel 4

g g3 7| = o]

g 7 (Bayesian Model Averaging, BMA)¥ th5 24 <3 ¢44E(Super-ensemble) '
Apste] A &5kt

O G A=Y
Awz FRAG BED ARG EDY 55 9 7 2o fat thedt g

Table 6. Machine learning models used for objective combinations.

Model Description Output
ANN Artificial Neural Networks
RF Random Forest .
; : Deterministic
Adaboost Adaptive Boosting
SVR Support Vector Regression
GP-PD Gaussian Process (with Pre-Determined predictors) L
: : ; Deterministic ~ /
GP-0OBS Gaussian Process (with Obs.-based predictors) o
_ _ - Probabilistic
GP-MME Gaussian Process (with Obs. and MME predictors)

@ Zr 249 79

2
ok
r
oy,
N
N~

A4 7id-e 1940t ol /\17-‘}H°*—‘:H](MCCulloch and Pitts, 1943), 21zte] AAT=x
© o] 29AE dAMA BT F o oF o] &3 HFEHY A w8 FEANE
NS AoZ AYSATH Hx9 91%4\_173“(} ndo HAEE O Z(Rosenblatt, 1957) 21zt 9
A7 BEE RYES Fde FHor TxrIstgor] FUe 27t g4Il fa 4
i bR E 53 A9 Foll AEEFE Hote E4%TE A&t FE S ALkt HAY
EE dFFES FIAA A EA HE8E & UA T oolteil(Adaline) REE I EE
ATtHWidrow and Hoff, 1960). XOR (Exclusive OR) &4 s24& 93 &95S A th=HA)
E E(Multi-Layer Perceptron, MLP)o] Aot 1o MLPo|A 7}5x QHolE FA|S 23517
#3l & xd skBackpropagation) ¢arg]Eo] A|<tE ItHMcClelland et al., 1986). 5ol ® A=
st5S Qe o AWeE oAda A7 " Multilayer Feedforward Backpropagation Network)
So] Wol] ALgHT 71EAe HUolEE ¥ THS rEHow AAEZH(Gradient

Descent)ell 7193t daglEg B3l ol FoAH BATFTEE A AR E(sigmoid) TFE
o] ALgslE oyt &9 =o] 7t} 4 7]87] A(vanishing gradients) &A|71 WA st 2
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gol WFReLY) B4, stolH B A E(anh) § ol wol FeHTh

HYEe = E

WAEZH2ELE 7|85 2Hbase estimaton)® 2% E](Decision Tree)E ©]-&3h=dl, A4
Efe 27 AF €=U sVt Bk 52 BEgAA0]l AU Hdaste wEes, 37
o] B¢ HFoAELeA me Fodi oA 5ol Hadste ¥R ge Y. 2HET
= T4 AREREH A A 23S AT IV A" S FESER, AT Al
do] A3E Hrtd g 3 Ao o9 E2AeA doem AT 5 U =Y dYHe
of o dis| Awd PHE daglon dHWHE Alolo] HIAFH B ASH AAE HE
& JE Aol At APEY~ERandom Forest; Breiman, 200DE o AHEZE HE3
of FHgE E0la TF e =ole YFE VIR, 7 Ego Wi A_E ARE 22
718 FEEEE ZAEE dF FA9 5 FEot= A8 FEZEFBootstrap) HE MEH
24 EfolA HAE U dnig dEdEs F RS T B FESe dgRHse] |
H AEH S o] &ste mo] o] A9t mojzo thel A s HAES st AA T
< =9k

oo FFrE

ofolt}r ~E(Freund and Schapire, 1997)& o]y koj=zo] wzks wer &

(meta-estimator) 2 2] 3¢ &daglFe] AHEES 7ITAE Fo Holo g5 A5 3

= 7}&3 7)ot 9k3k <57 (weak learnen)d] A& 7FEXE Fo] ASS A
g, S M2 o3k stz ok & u =xpF oz AR St e N/ A5

HEAE INOE U5 Agstn BF ® AS Fdste] BRI FRHAAAY
2 AR AFAE FANAL F 0 gl JHOIET FAE ol gakel &
9AE FYsa A5 Aol AEEL Fokel vt AEFNE AuolEND ol T
& Myl WEEte] $HE BR wE 57 A FRA o AFIME ARGEAE AY

L T T
Moo XN o 2

A1 E ¥ B 5] 7]

A L EWE A (Support Vector Machine, SVM; Platt, 1999, Pal and Mather, 2005)-& &
28] AAY 4= TH ASSAWZE HH) Aol mizl& HUSst=EE E/FE T3
oz, I vl Fiko] FAE BEelste o ¥ w(hyperplane)o] "tk AP x
HHS 2= Zo] EVMsE A% Ad 55 ol&ste A FroE WEste] HEd =
HHS gon, T4 AAA ZXx EHd A8 59 7MEAE Fo I IFE Utk F
< FH ARV ER A EFRE T AoE 4HA U



A 32 EWE 3] 7 (Support Vector Regression)= SVME 3|7 TAo H&3 HAo=E weM
3 AZ A3 H4AFHOrdinary Least Squares, OLS)O A &2 gF=7} o k3 B=gke) 2}
ole] AF<S HASEEE AAEHE AR Hlwst AZEAHIANNE F2T57E I AA
T A¥s HaIEIEF AAHAHG, A5 A3 Aol(Hjxh7t 545 vI(H
R AEE 3. HY xRt Eﬂ Z AE JHAE AEVF Y& F YLEBE AFHST
(slack variable)2 vl o2 HE 9] ATE Aot o] Agld o mHs CE 53 &<
gate] ZAZFE AT F Jom xudHs CHes 2AHs HAdex Yo g 3 &ste

HAE A o Ao

Bt =2

W 4

off

o 471A] 7AEERE L oA e REBE gy mdo ZufHsE MAS
2 @gtormz 4 ZF mdo tisl] 1980-2013 7]7P<>ﬂ o3 LOOCVS E3) Zuj/uss
Sha 2014-2020 717kl e A% 0 3
A5 o]g). o] ATl TheF a2 o o=
mdo] Apd JRA%S HzEste ZAoluw, 2uj/iis A4 Al MA ] Grid SearchE
FPAE g1 Fo zuAEse 99 2Fe H2E .
1991-20202] 71zko] sl thA LOOCVE F3qste] o5 AE Adstan 4%< Hrisan
(MME %33 GP-MME Qgz8 o] &),

A7l B Jlold A QxE 83 wd(GP-PD), #=7dr A#AZA 2dAx =EF =4
(GP-OBS)¥} APCC MMES} #3< A3s m&(GP-MME)e] sl s 7|2 =d ke 93] A
= zuspEse 2 24 AAS 98 GP-OBS =dle o] 83dte] 1980-2013¢] 7)17+e o] &5+

Leave-One(year)-Out n.x}7%(Cross Validation, CV)2 A5t =do] AL 2014-2020 7]
holl tial AFstA=wl, o] dFolAe oln A" Zup/ids 2 20S &83t2E HA
717kl 1980-20202] 4112 717+o)] tha]l LOOCVE <3, 71 AFE HFste] mdo AL
HristEh o, GP-MME9] 7%+ 1980-2020 712t = MME &4 3= 1991-2020 7]17HS &
&3kt %ﬁ% 1-12€9, AYPAIZE 1-371€ 2 HF7]12(TMm), A 7] 2(TNm), & i17]-(TXm)
2 Z(SPIIE AHgste] &8)o) His] dSA4% S Hrbstgon w4, SPI4HdY, MME
OB o] 7]Z7|7Fe 1991-2020 717He A3t GP-PDe] A$ Qabr} EZA8kA] o=
2x99] Af dFo] EVlstATH

@ ©s MEHErd 3 APCC MME

ARA JRAT ] &89 NEAS R F52 o3} 2ok APCCollA MME A4t
< da dF ZAAE Agde 2d F 1391 APAY oG5S 2FstE 9 mds Al
stRom o] F HIT(2021d 8¥) o] MAE CMCCE Alfsta 87 ZE& A& T
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Table 7. Climate models used for objective combinations.

. Atmosphere
Institute, Model Ens. Fore;ast Hmd;ast Model Output
(H/F) | Period period .
Resolution
APCC, SCOPS 10/10 | 6-month 1982-2013 T159, L31
BCC, CSM1.1M 24/24 | 6-month 1991-2015 T106, L26
CWB, TCWBITVI1.1 30/30 | 6-month 1982-2019 T119, L40 o
KMA, GLOSEA5GC2 12/42 | 6-month 1991-2016 N216, 1.85 ?etefm”“s“c
MSC, CANSIPSv?2 20/20 | 11-month 1981-2010 T63, L35 Probabilistic
NASA, GEOS-S2S-2.1 10/11 | 8-month 1982-2016 288x181, L72
NCEP, CFSv?2 20/20 | 6(9)-month | 1982-2010 T126, L64
PNU, CGCMv2.0 35/35 | 6-month 1980-Present T42, L18
APCC, MME (SCM) - 6-month 1991-2010 - Deterministic

FUUAE EBD T A 28S &E BTAA GEden, 9;-% 1-129 8 A
A ZE 1-3704 9 %‘EW]%(TMm) 2 F=GPlle 4 3

o}, Hx}4FA, SPIA
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SCM Aol thste] A=, €W, LTE= Hd7|e 3 A5 dxgs g F 7ie g
T Ha @ APEsAn. A dagke ol &ste] A=, €, LTE SPI1 g AAstlen



B%3 wmstel Y grel WAV e Aol domE wa - B A%

BMAE A3l #sl, A7) HokollA thket B4 mde Axs AFstr] Y8 Abgstd W
HEOoZ dgtndo] YAl o= TAHIE 93 7Yooz FEd o Raftery et al., 2005)
[e]

s BAA o5 2do A4S ¢ &&= $kthe.g, Zhang et al. 2019). BMA S&&
23 AHE 4 MEERDY AR FEEEXTTFEAEE MY rtEsBEAleE, 74 =Y
o] ZbhsAe MERDL FAZ|T tig FdiFl S so] BFE AFgEe] Eoh NE
nde] e 2~z =(Ensemble Spread)w EHZF E4HBetween-model Variance)Rh& e
=4 H]3led BMA o & E4be 2@z B4k mehy) B4K(Within-model Variance)S =5 X
shalth(Raftery et al., 2005)

FH7IZY] S oln HYRAR ol stHets Ao G AHE T
S F712 RAT & o] &35t stedRaftery et al, 2005), ©o] AFAAE & ]
2do] e FUIE BHASIAS o dS3te] b AUXA AAE AS
7} &% $Ast Zhang et al. (2019)¢] A -9-9F o] FrHAQd BAL A LskA gt BMA
ZF A HUe=WHES Sl EIFESS #ol Hdivk 2 wizkA TrEeAe #ARES
Expectation-Maximization (EM) Algorithm (Dempster et al., 1977)& ©]&3la HolE
(Raftery et al.,, 2005, Zhang et al., 2019). Raftery et al. (2005)+= 7fE =g o=

i 7R ey 7 e A Aol & AE nEsky] f8 BE e E4ibs 54
3l the.g., Fang and Li, 2016; Zhang et al., 2019).

BMA 2H4 #AH 2 %), EM &ag]&2| Expectation ©HA|, Maximization TAZ Yo

q9E 5 o
GESL

w,e 24 kY 7FEA], giv EE ko] #4teld t& FHEARY AFGEA A D, ke
|

2k =1, .., Koy g AA tollAe] A4, 7,5 AA tollA 29 ko] o Sgkelth

i=0 [9]
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1 K
At = L Yl hl [10]
@ EM Algorithm2] Expectation T+7|
EdA M= A 25 Aot FAst=t, 2= AA tollA 22 k7t 7HE ¢
©)

WY w1, o] A9 0 ghe e WMeR god. ofdl A go] FHY & 9

g =
o FARLE 03 1 Aol #te 7M. g wlfieoi) S BEO] £y, 2ROl 0iRl BEEE g0l

=

- Vi
() — wi Vg, (gl frnolY)

K
Yw! Ve (ylfatV )

i

@@ EM Algorithme] Maximization A

MEA M= F43 28 ol &3t 7tE2 8 E4be ol ETTH.

@ wr

SIS EF5e] Z7hEo] BlS Hobd WA EWA S MEAS wEsHEd, Zhang et al
(2019)9] A% le-8¢ 71FOE ASSAEH of ATAHE A 4R NEFL 95t
le-5 71%& Agstgon B30 219EF5ge] FHHE A5

ARESE AT
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l[ng),...,wiﬁ,og] Zlog Zwk gk<yt\fkt Gk ) [14]

k=1

@ 9FTED FHYTE

029 3 YdAE(Super-ensemble) WS Krishnamurti et al. (1999), Krishnamurti
al. (2000), Krishnamurti et al. (2016)°l] A|¢t=EF oW THAFEE o] &3t ZF X|(F37] H
%), dZF W, d5Y 59 =& A4 tiste] AR BRdY TtEAE Tt HEAR
gttt 9 X|(grid locations; =3 2 42)), o= H<(base variables), o= (forecast intervals)
o] Ztztel z3to| s E ALE 2P E(member models)ol tidl RF JMEAE FIEE 7}
FA o b wlg WolA =, T wetH ZHzbe] 91X, ¥, AU 2Fol "t A B
Ao gk 7k JFol Bk o] A7 A-fole v X F IYE Ht

4 2

of 3l =S HAESEZ o= W ZxY 2 A3A7Le] 3o tis] zZF mdol sh=
A7} Tl AA Bk

FHAFES] A AL v 2o @RS Ae VHEAE AE W gs3AED

< AEste aFIARD IAATE JISAE ARESIH, FEAFY AS 7 2l

Continuous Ranked Probability Score (CRPS) 7‘«] AFE TS A 2 ARSI gsRd SER

E3FE d=HCane et al, 2012). X7} &4, Fe X9 FAHEXES(Fy) = PlX < y)DolH

Zo] AHeolg, o]ju] HE Heaviside step

x7F #BZZ AL, x9F F Alele] CRPS= o231
function® &, <17} 0o)u} k<o) m 1, 1 ¥he] A 0 S 7Hxith

CRPS(F,z) = f T (Fly) - Hy— 2))dy [15]

[e'e}

CRPS(Fx)= [ FloVdy+ [ ()= 17ay [16]

Q) A7led A& oMot A-W 54 A

b 71¥&x=
O ERA-5 AEAA

38 57] o EAE(ECMWE, European Centre for Medium-range Weather Forecasts)oll A+
2006 HE 7120 AFEHY AsfF=eo] ERA-Interim reanalysisE thAlsl7] $s] ERA-5
reanalysis A7E AlZelA T ERA-5= AMZE &9 SA2HAES, Integrated Forecasting
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System) Cycle 41R2< & &3l 13l %E 0.25° x0.25° AAAEE A|Fstth. ERA-S HlolE &
Ak
O

71& ERA-Interim A5.9] 4% 3)

80km~} 3lkm=E 4=tk ERA-5 Hlo]El&= ECMWF<]

FH2YF2 715 W3} AH]~(C3S, Copernicus Climate Change Service)oll <& A4kt
2 AT A= 1950 BE 2020@7FA] a3 = 1.5° X1.5° 9] 64

(Hersbach et al.,
F @9 ERA-5 A &4
U850, V200, U200 %«l HE
3k ERA-5 A &4 o
fdoz AFE

X285

0
2o g fokgrolth 3 ¥ ERA-5 AEMA=

e gT.

T2M, Z500, PREC, MSLP, TMIN, TMAX, SP, Q850, SST, V850,
FRst 1 4 gAsR HIste ALEETh Table 8 3
8 ZFo A T2M WS

Table 8. Summary of ECMWF ERA-5 reanalysis data downloaded in this study

Variable Long name Unit
T2M 2 meter temperature K
7500 Geopotential height at 500 hPa m? s
PREC Total precipitation m
MSLP Mean sea level pressure Pa

Minimum temperature at 2 metres since
TMIN . . K
previous post-processing
Maximum temperature at 2 metres since
TMAX . . K
previous post-processing
SP Surface pressure Pa
Q850 Specific humidity kg kg™
SST Sea surface temperature K
V850 V component of wind at 850 hPa m s’
U850 U component of wind at 850 hPa m s’
V200 V component of wind at 200 hPa m s*
U200 U component of wind at 200 hPa m s*
OLR Top net thermal radiation Jm?

@ 717+A = (Climatology Data)

NgARE

Y2 WHEhE 1991

e ALt dAEE A

7 day

Z ddag//,,latl,lan/
r=1

nday

C

d(l}/.l(ll‘,.l()?’l/ =
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ANNA, days DA, lat & AR A, lone JHAA BE, dyyy e, S A =S} W
A AR F N F pAA day SR AR, ny,, v 199137 202087kA 3043 713 day
2ol F HolE oty 29 29¢S AT EAE dHolE ) 30delx 2¢ 29¢-e 1992\,
19963, 20001, 20043, 200813, 2012'd, 201613, 2020 % 870t}

(WD AAL A5 A7 339 =22 44 = B/
@ Fotrol AU e AdZSe AT H8d 22 44

ANAE dolEet o] AlE2 HolE|(sequence data)oll= <=3+ Al WHRNN, Recurrent
Neural Network), &&+7] = =22](LSTM, Long Short Term Memory), Al°]E <3+ FY(GRU,
Gated Recurrent Unit) 5o] o]&o] ®tkFigure 8). o]#3 RAES L83l &4, H2E 5
S o] &3 TTS(Text-To-Speech), 4<% A|(STT, Speech-To-Text %), <o} WH(language
translation) Sl F2 AR&Eo] gt olgjd A - dr] 719& T3l TAE ddste YHE
ANAE dF A siAS sl &8st A7 Bol AL QU

Figure 8.  Structures of RNN, LSTM, and GRU
(http://dprogrammer.org/rnn-Istm-gru)

71&ol o] AREFEo 2 RNN, LSTM, GRU 2 7|He AAd BAE sidst=d 78
SEA R, 71715 Bofol A= AlFIt dlo]E] R d(spatio-temporal data modeD)g ThF7] wj&
of 54 AHER o}t F9H dlolE Y FF/A nEdof ke oA HLsHr]dE ta
SHAIZE Atk ol gk FAE s1Z3HY] $8] Shi et al.(2015)E F$dold HolHZE H$ o=
Al (precipitation nowcasting problem)ell A 3gt FH3F g5 2@ (end-to-end trainable model)
91 convolutional LSTM(ConvLSTM)S #|<¢Fa}9ith. ConvLSTM-& k29l CNN (Convolutional
Neural Network)Z *J2] 3 LSTM W] o2 gdl= who] ofye}l 13 dolg F+x7F o}
Uzt 22k o] HolEE AHYE & JEF LSTM #Fx o CNN& ¥ 7= HAE
gttt ConvLSTMS 13 g7tE =98l @A layer 7-&¢ we} GPU memory &
@o] Pasirh o & E£of, Time, Lat, Lon, VariableZ A% 4x-(dimension) ¥ #AsE
ConvLSTMO. = FA435td ¥ A7|vHE 439 dHlolHE AHgstr] "o 1 w8 22 GPU
memoryE FLE ot ¥k, o= CNN &+ Time, Lat, Lon, VariableZ F49 43 49
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A2 E 3D CNNo| ofd 2D CNNe 2 A& w= Hloly +xE Variabled} TimesS £=x}& o
2 J4gslA Lat, Lon, Variable+Time<Q! 3xY wolElZ A 3}7] W&o DE] =7]o wtgt 2D
CNN FZxo A= ConvLSTMell H]3l GPU memoryE @Wo] Q8= SHA= ¥e

1. W% .

ConvLSTM ¢Jo|= Ronneberger et al.(2015)¢] Hlo]owWt]A Folor ojux RE
(segmentation) & HZH o= AQIg U-NET B S AAE oFo &8tk U-NET gL o]
n]z] 9] contextZ 743+ contracting path®} contracting patholl A 743 H EA WS o] &3}
A3} localizationS 7}s3FAl sl expanding path® T4 ®t}. contacting path®} expadning
path+= 7+ <l=ZH(encoden e}t tl=ZT(decodenz EZ 7= st} 18l mdol Fx71 Ust &
UTHIL 3t U-Net o2 E#t}

Skip connection

Max acr)mgl

Contracting Path
14 Buipuadxy

Figure 9. Concept of vanilla U-NET

2 dFolA = Azad et al(2019)0] 5P #(medical image segmentation)E 3l
U-NETS &#3to] Aeksl BCDU-Net (Bi-direction ConvLSTM U-Net with Densely connected
convolutions)& 7IHte = F 5F /e UELAE AASIATE (Table 9). BCDU-Net =d-&
Figure 9% 7|2 Zlo| 3, densely connected convolutions, skip connectionel Bi-directional
ConvLSTMS 713t AA 3kt Case 1~5 =5 BCDU-Net el 7122 AA st} Case
12 BCDU-Netel| 4] Ronneberger et al.(2015)¢] A|¢tsk 7[HE AL 7|HES AANA TE
71& U-NET mZdo|t}, Case 2+= 7|& U-NET 2@ U-Nete] contracting pathe} expanding
path T3+ AZAFE=  bottleneckel Huang et al.(2017)] A¢Fe  DenseNet(Dense
Convolutional Network)e] densely connected convolutions 7]¥S # 83k mdolt} Case 32
Azad et al.(2019)0] AIotst mdlojt} Case 4= Case 39| =4 =] Hu et al(2018)c] A<t
3k channel-attention mechanism?! SE (Squeeze and excitation) &% up sampling Ao &
st3te] A A s eHFigure 10). Case 5+ Case 49l contracting path H#%+2 Simonyan and
Zisserman(2014)o] A|+3F VGG (Visual Geometry Group) ®2] VGG 16 Rd & ALA h&H =
o] 7tEA & AHgste Edolth
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Table 9. Summaries of deep learning models tested in this study

Model No Concept of Model Structure® Remarks
Case 1 | Vanilla U-Net

Case 2 | Vanilla U-Net + three densely connected convolutions

Case 3 | BCDU-Net-Depth3 Original BCDU-Net

Case 4 | BCDU-Net-Depth3 + SE(Squeeze and excitation) blocks

VGG16 pre-trained model (only contracting path) +
BCDU-Net-Depth3 + SE blocks

Case 5

a modified from BCDU-Net-Depth3 (Azad et al., 2019)

ch

—> — —F w
Skip conmactsnn with BCormed 5T block ]
______________________________________ . m = |
& i

"E.a' Max poolng l Cor (*BM+ALL} E‘
s 1
g —p — > E
BN e ]
5 = F
) Bl
l—r —
L (S >
s :

BComd STM Rlock

[Tonerd Rl i e

Rattignack ) |
{dersely cormested conmlution) ®  Plockt “ Biockd ° Bipexd. 7 Bigck M 7

Figure 10. Design of Case 4 model

@ FoMot AU Vid A%dSS A% 228d 22 23 FJrhdy

d8id wdo o =43 Hrix®E ACC (Anomaly Correlation Coefficient)E ©] &3} ot
(eq. 27). ACCE= 7]13%zk(climatological values)< o] &3t A4tE oA g9} FE2AF(FEh) 3¢H
ol o] FAAAE ou|aty FIHAH(spatial fields)S AZet=t] FHEYsH ALEEHE 9
% slvbolti(Jolliffe and Stephenson, 2003; JMA, 2013 =4 <1-8).
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fi=F
AL

QS

[18]

, W; = COSQP,

AN, wE A=W coss, fE AZRDT NFARCOZ ARG ohee, o= B2
A%} AN FAR(C)R A4S ofmelolth ACC e -1 ~ 1 Aole] g 748 1o 717}
& o] WAE BYSFE S VS o) FBBAV} e 2 gu@n

(™ ABHAA Q] Fotrol A A-AY o S

APEC 7| FAEl = AlA o2 7]dolA &2 7|FARE Alg ez w5 d A SA
£ AAsta o Figure 112 ECMWFE 2285 o] &3k I/l HAm Ak dAo of

b o Ajo]tt. ECMWEE HIZEs| o 7]3HollA dEASEE 20219 8¢ 2o FAlstA 25 5
16¥9~22U(F1, 15°), 23¥€~29¥€(F2, 25), 30¥~9<¥5¥U(F3, 3), 9€96¥~12¢(F4, 45)& APEC
71EZAIE oA 7fE3d  SCM(Simple Composite Method), PMME(Probabilistic Multi Model
Ensemble) & 7I'H< ol&3te] Y ARARE ALzt

O o

021 August 08

MOMN TUE WED THU FRI SAT SUN
1
2 3 LY 5 (] 7 B -
* ............ .
4 10 1 12 13 14 5 b
6 17 i 9 20 2 13 i
F10W+1) . ............................................................................... =
23 24 5 25 T R il
F200+2) . ............................................................................... »
30 31

Figure 11. Example of an one-month forecasting schedule operated by
the APEC Climate Center

ATl dgudedde 1Y ARARE A4ss PEe edd A
ECMWES] slZA45E ol gate] 25 Ml olu 13FD, o1 27EDe] thal A%E stz
@tk ol ECMWF clBAgse] 1-2F dZdo] 35 o|Fe] dZeoe] us) JrjHos we
AZ4e Holx, WlH BaF dEAnE 2F U dn 1FAHH Basty) gt
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AdE Held 2dL o] g3le ECMWE 999 drAzo 1-25 HolEE YEgA=E ol &
gt 3-4F( B 122D &S FHstaA} g

U AR 2238 Ad 2 A&

D FYEY AARF S T V€ 7|2dr = A
Oh = 9 wdA=

O d4=d A=

143 AGRED(GloSeadr)e] FAAAAE(hindcast)e] A9, wY AaEE o=F
(forecast)2} &2l 54LA, 9, 17, 25¢/mj¥)S hindcast ZHE AZYZ AHolste %7]3} i)
oluf, | ZHo| F3l= mlY9l hindcast 237} Q37 wEo, A= GRS 7|Fo0F HE
o] 7M7h& hindcast 7] @& 2705 a1, sEEHE 7Y AR5E @ Addd ©E JtF
HdS st S Exlo] F3h= hindcastE AJ4FgkthH(Ham et al. 2017). 9= UKMOO A=
AR O R Z|Z kS AlAtste], d kel tid AA BAS stal glerE, 9 WH(EAR
Aol W& 7tEH+, Figure 12)o] wet o549 AXE AT = A& Zo|tHArribas et
al. 2011, MacLachlan et al. 2015).

d=3, wl=ed"2/100 d=5, w2=e4"2/100

! ("/“ : I VvY;/ i i 1 I - *»-.,\
| | | | | | | | | |

07.09 07.10 07.11 07.12 07.13 07.14 07.15 07.16 07.17
A A A

HCST, HCST HCST,
(FCST issued date)

Cli HCST, -
Clim = F D *
Ywn

Figure 12. Illustration for date-distance weighted average using GloSea5
subseasonal hindcast.

@ 5A4 4xs 9 #=2A8

B AT A3 BAZA FTHEAFE+= GloSeabe] FAAIAAZZA 717HS 19913 FE
20163744 2610 Apmolth, el o= go) tig AA AEAREM ASOS 657] AHe B
] /\ _04

ARE AgSAom, BE A5 AHL oA 202195 E RS 98 BeH AF@
M7 wrgsiel, 19915 E 202087170 304 712 LeSAT AFAS Wrs A,
3, W) eolu, AAl Z717H20204d 98~20214 69) Fok FE WA I AA F

_28_



o

)

7

A\

A5 E WxEAst] 657 BSAE HAFEIHe] HFEE Hlws

W) #HaEAy T

@ Mean and variance adjustment (MVA)

e FH 2w BaAS A=y X5 BASE WO RN, Fdzt Aldd S o
7V E3HA AlgEHo] & HxpHoltk(Manzanas et al., 2019). 22 worldlAdEe #=3= o
E 713 H 7ol EAE ] ol ol Mg Ed ol E AT OEN HEs HAIZN
ok X3 29 worlde #=ol Hls] 4ol #r|w)Zll(overconfident, underdispersion) X2 9]
A TR BAS FAT o]o] #F 73S Tl A& EASATH

@ Mean bias correction (MBC)

7 o] zk(bias)#} # ] 7] 3 Zk(bias climatology) Ako]e]l EAAE2]S E3) H A}
71474 ddEd Ha - HA7]2 g #WasE o 2ol

@
=3
wn
D
=
=)
D
=
D
o
=
—_
o
=
D
Q)
[ab)
&
A<
)
A\
5/1,
=
wn
Q
<z
o
2
o
il
_1
i3
sV
do
frt
Oﬂ
4
et
!
o
e
Wi
=
o
=2
L
f
ol

A, B AFolAE 714H 71Fd53 A4S AT A5 A8 S st oS B A
A 71% +/-159 9] time-window(Z713} 4~571)& s

Week3 Week4 Week5 Weekb  ~dayco
2010
2007 v

1991

fead week1 week2 week3 weekd week5 week6
'T‘ (days1~7) (days8~14) {days15~21) (days22~28) (days29~35) (days36~42)

forecast Bias{2week) Bias(3week) Bias{d4week) Bias(5week) Bias(6week)
time FCST 1 week FCST 2 week FCST 3 week FCST 4 week

Figure 13. Diagram for bias and bias climatology definition.

A/ F3E2 AT 1 windowE oBA Fshikel] mek v} gerd & o), o
B BAY u UTH00EE ATHIA FE). 19 LoFsHAH,
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time windowel] W& 7| FdZrd | FANHASANA YEU= bias g Blast=dl, ol
windowZ 02 32 d$(window §12), £15¥9 2 S A, 18 T2 P& A5 vl
st -7 7|Fd 53 AFIA S 1T A=, dF A A v Aol thd
hindcast7} 7}F&3A 7] wj&o] B2 133 Aoty 23S A3 Ed, time window7} 0¥
W E A&stale= windowel WE bias7t A &S & F ATk F, time window7} YA o]
d we AXEA F I mAe FEo] Husitta & F ok 7|4 Bold L, 4
= gAYE JIFez2 A/F window(=+159)E A& A9 o= Al A A9
window(=-7¥)< ARH&3F 73-%-, biase] Zpol7t =LA otk wetA B AT AN e AT
window(=£15¥)E AH&3te] TR A S skt

@ Empirical quantile mapping (EQM)

Do
(e>]
—
x

X
o

re
-
2
=2
|t
/®)
=
rlo
£
i)
AN
N
N,

F= HAgsts WHo=m go] 2og=t(Wood et al., 2004) 7| F RN E AAF 7] 59
2o dSghe AA BSgkol 2 2AsHY] flste] RIASHA AFEE o gt 53] QM
o
o

=

%]
2 (Parametric Transformation, PT), Bl 2SHIPHINPT), 27|89 HASHDODD o=
TES=H, £ AFdAE BRFHISH S ALSSITh EFHSHe U2 4P FAHY
(empirical quantiles, EQE Al43lg=d], ol #=73 meoA o =3k 7he) Ad3 THE
Z}TE LAAA HEst= HHo|

(h A
O BAFH AF

B AFoHe HARA Ho g2 =4S nuFrstely] 95ked, mean biaset root
mean square errormse)S A3t RMSEE 2algkal A #=7ke] xpolE Hris wf +
2 AEEHY 7 2y AdX(precisionNE WEtH=EH A ettt 53] Alaaer obd A
ol el I3 TG E —i‘—ﬂﬂt’i APAR 279 =Z7|E ¥ & Yehdth. Mean biase 7|
T Srde] ST AFFe FaAFE UEMT. FE SR HFS 953

AHEEE &R A Eolth

@ WFdR FF

AA N droAs mdexef ofert #Ze] Wi $l(normal range)®] o= H
Fo &ahAz WFANE S Ak o & Sof, muelAel opwuelsl 420C, BEe of
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e 7h +1.5C, #59 HdHe s +/-1.8C e std, 2de HdHo Ea(above normal,
ANE 9 =39 oy, dA B FdHnear normal, nn)ol| &3HA He Aotk &F &

3x39] contingency tableE TA3te], A B H$o 1‘4] H],
ure s=o] v & EZHR A (accuracy)S AL

(2 A4E2 AdU IFBSSO)E &8&3 d B = A

Ob A& 2 8

Ui A%s 1% F98 BSISO 9% AxgS 7I7idd W EEEAE 5, 2018)S 2483t
o ujde] BSISO d& A go FZoZHES A4S AT e FH HAsto 4&3.
e} BSISO A*P #3594 97ARE 2018@71A ] GPCP #A&=&, 1
9 o] W] A9 1981 F-E] 2018 d7A] 2] NCEP/DOE Reanalysis 2 A5 2 AJ4td 5A 4
o= #o% éﬂrolﬂﬂ AP HZRE AFxet BSISO o= A49 H$ WMO S2S
ECMWF ZA5E &8st odF 7|3te 657704 &skdaL, 71€ Bl (Lee et al, 2013)3%
At A7 “—‘?* AA A #So] opd =d J|&A FgES Abgste AEsiden JAlE
== APCC BSISO Al #3# ALl {fAg Ais E"d\:‘r(not shown). 2019 ¢=71&2 AT
BaAe “gFrd 7| BSISO g4

st o =do] uHls) ECMWF = & o= 7]qk BSISO & a4 A7t oprlop 2 A9
oA oA 3F7AA A=HE w3k BRE ATl wet e 9 Z8o AP Aow Ad
3R WMO S2S ECMWFE o &ZH(forecast)e] 745 46¥€ 2] o717t 51719 S5 AH=E
AE 3 713 (Hindcast)e] 73-$- 2001dH-E 202087k F 2039 =713, 11749 SdE
HE 7450 o mF dad HAN 27F A5 A7t Aled BSISO 9% &
g el 71 2 Age 713AHCd A AFseE ASOS(Automated  Synoptic  Observing
System) 5671 AAS HHFT ARES Agsgon, #H vl 3L HAS$ ECMWF
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do

Reanalysis V5(ERAS) A5& AH&3tATH &4 7172 1981dF-H 20208714 F 40d o= 64
BE 8971A9] o423 Axo|t}t. BSISO FAE B4 Al Student t-testE A L3t] EAAD &

94 AL FAFAUT

ok 71E A7 R 7lee &7 HIL
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g AA F BEA AEE 2d PIE AASAT dSo®2 AA" 9 2hdd tiste]
2] 3l ol ARER AR 7|ZE AMEE CdEAAY Al - FIF AH, oS
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™
—\J

_31_



A% BRoR AT 6271 ASOS AMIAN W ® 1ed BEE AZE AEIAL
dZx2 &88 X552 NOAA (National Oceanic and Atmospheric administration)¢] Sea
Ice Cover, Sea Ice Extent, OISST (Optimum Interpolation Sea Surface Temperature), GPCP
(Global Precipitation Climatology Project)e] <=3, NCEP reanalysis v2¢] OLR (Outgoing
Longwave Radiation) ©]t}.

4 Ao a9 Aupgad O35 229 95 Bl HE 93 FarEFs AQe 84
B 3 69 1595E 7€ 29¢9 HE Aottt HFd % FFHS AA]
A3l EfFUMA (A, 201D A=W e I e F BEAH M)A, 2012; 2013; 2014;
2015; 2016; 2017; 2018; 2019;) &< Faste] Fl s Z57F A &S A U A
ol DA FeFs )3 2A Heste] oS BZloE AMEETh BE ATFAS 98
Python statsmodels #7121 2] Tt A8 ALY WHAMEE ALESIATH HaASHS 1835149

8742 Astn o Sghe P
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information

Table 10 Statistical models’

oY (o) ueaa( 242eq Yoy (1) uean0 J4oeq oo S NA~AYIN _
Uean() Uepy| 15 MR- 068l am_un_me_é_ M ony
(-1 - (o)1) (o) anuepy yoy () onuey oy 15 NN - Y S0IBID-L55MSL- -
(o 1Y) fewoue NEL 0 NS NG YR XS W ONGS NOS () esem X AVNIE N + LSSOINGED - LSS5 0
fiwoue ] LW N ND OURGWONUEEN WO A0 )+ (010 oo
fjewoue MSOL 3L NG9 NG eas buog IS WNIE - LSSaNEED + i)
fjewoue 18 U9 N N uenQURpU uON S ¥ 091 ISSSD) + (1S5S850 pegr) ¢
fjewoue MOPL MO9L NOL SGL ONINOWoed pase) LSS wt T ongro-smero g AMMN_Z
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zdo] oSS 74 mdo] o= A9 o= targete] 3E9 JlEl2lE vlw st Hit
Rate, Heidke skill score (HSS), 18] 3¥<9] ZFea8]® Accuracy, Probability of Detection
(POD), False alarm rate (FAR)E 3= ZAS=Z H7lslth Table 112 thF 7He gl oj g
contingency tables YWERN™, HA7IA n(Fo,)E -7t E A5 3ot j-7lEH IR
#AZ" 35, NE)T 7HEHIEE dS5% dA S, a8 N2 A 9= SgE
Uehdth 389 o oA Z+ FlE|3lEl= Above normal, Near normal, Below normal<

pepa,

Table 11 Multi-category contingency table
Observed Category
1j 1 2

1 n(F0y) n(FlOQ) n(
n(F0,) | n(F,0,) | n(F,0;) | N(F)
n(F0,) | n(F,0,) | n(F,0;) | N(Fy)
total | N(O,) | N(O,) | N(Oy) N

w
—
o
—
o
=

Forecast

Category

9l HolEL nlg o2 HRI} HSSE obe 43} o] F3th,

.
HR= =3 n(F0) [19]
Nz
1 & 1 &
—~ 2 (F0)——— 3 in(F)n(0)
i=1 N~ i=1

[20]

Accuracy, POD, FAR2 7lH| 1 e|E 2 w2 A4kslr] w&ol Table 129} Zo] dichotomous
contingency table-s F/AdstaL ofeg] A3} o] F+& ¢ o}
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Table 12 Dichotomous contingency table

Observed Category

yes no total
yes hits false alarms forecast yes
Forecast
) correct
Category no misses . forecast no
negatives
total observed yes | observed no total
Accuracy — hits + correct —atives [21]
total
hit
POD = —% [22]

hits +misses

false alarms
hits + false alarms (23]

FAR =

() WiAnz S vt Uid A% 884 Bt

ENSO-MJO2] A 2 A trend AR FAL E3 343 o=AHR AL 931
33 BoMolA AlFst= ENSO A<+==Z# NiNo3d.4¢t MJO A|+=2Z4# RMM indexE Z+7};
A3t ENSO Ao talAds 0.5 o] a4 El NinoZ, -0.5 013]' o thsiA= La
NinaZ -0.5~0.59 s A= Neutral2A A3ttt =3, MO 2= 1.0 o]Ae] 73 =4
thate] 158 87bA 9] phaseol] tha) z+zt 43tk waka ENSO-MIO Z} PR 2470 9]
AL O3] &% IATE Fsta, oo uE AZIHUTE olwl ENSO ¥ MIOE A=
Ed-oly, vt 7l2d dis AFHA BAE 7zl Aoz Hosiged, Ay ATl
m2d AP Age] VMRt AR AE Av]d tid ool ¥ Atta

g w9k
ENSO St MIO 2 sgel @ @43l sl $euet 5= /9AS 228 sbdta

7Hg skt

Z A A7|dE Y

D WMO #71dE A=AE &9 2 A4
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b WMO #7948 A=AE Ad g5 Al=d &9

© WMO #71d B A=AE A- d4F A=" 99 #A

7] %< A g2 JIMAE FE5| BHEF 3, Thgs THelA 93tm
FS ol &3t 7SS kol Atk Ly sty AAo 29E ATEH al Be %7
ze B & A3 9T RY A F AHEEE Joldth olHd #AE A
st7] Y WY T UE U dstndge FAF FALE HE&se udsERAIEE
(Multi-Model Ensemble, ©]&F MME) 7|®{o] d&] A&E3 Ut}

AA ECMWF, NCEPE HIZ3F theket A 7]3olA MME 7RSS &83F A-dS A0
25 AlFstar At} (Palmer et al., 2004; Min et al., 2009; Wang et al., 2009; Kirtman et al.,
2014). AlA 7174717 (World Meteorological Organization, ©]3F WMO)o| A = o]o] t3t T2 A
< Q1A WMO HAF Ar]dEats A4RdE] (WMO Global Producing Centre for
Long-range Forecast, ©|3} GPO)7te] @8-S T3l =71e] A7]jdr AH}E T/t MME 7]
FAFSA =S APt A-HASF Aess FHATIZA A 14z WMO 7] EA A 9 A 3
(Commission for Basic Systems, CBS)9lA WMO #A7]o® XM=AlE (WMO Lead Centre for
Long-Range Forecast Multi-Model Ensemble, LC-LRFMME)E <<13}$it}. o]o] wlel GPC =
st s 7144 (GPC SeouDd ml=r 7177 (GPC Washington)o] WMO #7]d B d=AlE
& +FM Atk WMO A7dr AEAE = 2 GPColA A4tsts A7IdE AEE
3382, MME 71'HS 7ldtste] Aui2~sta, zH GPCY oA 8¢ MME oZA2E 493d
P = AF3st=  ‘one-stop shop’ °] He AL FFHA HIEE st IFHIL AT
(Graham et al., 2011).

(il

dejy AEdE 714 71F 45 2 39 38 dFE Fdsta e 1Y EAN
WMO A7]dR AEAHE X &3t kA oz gsta, 53] WMO 3= = WMO &
71 B HAE7FE (WMO Expert Team for Extended and Long-range Forecasting, ET-ELRF)<]
a7 tests 5o YRE P FAIoE tha 11 ojElgol BE & Unk wabA 7]

<8< FEI dErdolA 713 At :9E A5 7Iedd FEAA dEAES A

ssts A0 Z14Ae 718 2 A @Y FRol A WMO grleln HEAlE e F -
7] WAYFE 4Ys

3 Hole T2 AUA m23E FEZ 5 7]l APCC= WMO A7 x A
SAEE &9t #d AT MEe Ades 98 dA s Uk

AE7|#o =2, 2011 HE5 201613 71A] APCC7]' “WMO 271

B AzAY 9”7 /\}%‘ &Aoo 2 T8 FFHA 73AHAY dF B 2 =V}

g5l wEZEA Mu A2 A H o7 A2E 2= YA

510“3} ﬂ 1/}0}7} WMO 7‘*7101]—% AZAHS 94 Aasts A At wEA B

S F3l 2021'@ APCC7} 38k WMO A7]dlR A=AEH 92 Aurzl U833 MME A
i‘%«] M A& Aelstaa g



@ WMO #7|di A=AE A" 94F A2d 9 /18

kAl w3t uke} 7ol ‘one-stop shop’ ©ZA 9] WMO A7|dB ATAE IS 5
gst7] 98 24 GPCEZHH 7| FASARE F3stal MME d3A 8 & A4Hste] WMO A=
AE 9] 3)d=ro] EHo]AE B3l tAE Aset I8 o2 AFsta ot (Figure 14). 1
g 2+ GPColA A4tst= Al dEA 5= 3 34 (Binary, GRIB1, GRIB2, NetCDF), ¥4&
&, W SolA Zolrk Atk wEtAd WMO A7dx Ax=AE el A3 w3 AHH (data
exchange policy)oll we} GPCEE 67 W4 2m 71, 25, lFHes, sl r|qt, 850hPa &
%, 500hPa A 1=, o, dlFdLze] H9+= AFTEE GPC #H3Hwke x3st= GRIBl &

2ol 9 Y HFE B A8 £F3} st ok

WMO #7|di HzAlEe] 2%7])o= 1171°] GPCEEEH AddZ42E 433t}
20103 6o Bk CPTEC (Centre for Weather Forecasts and Climate Studies, GPC
CPTEC)°] FojstdA 127§ GPCY d&AzE thdzl 950l oty 20179 =Y 7144
(Deutsche Wetterdienst, GPC Offenbach)e] GPC7} ¥ a1, 20213 CMCC7} 14 A GPC=Z %o
stAA, A= F 14719 GPCEHRE AH-AZSARE AT JthTable 13).

WMO CBS/CCl ET-ORSLS
(Advisory body) j Rccs
w .

Lead Centre
for LRFMIME

G KMA S NOAA
1-3 month forecast

1

Global Produdng Regaoral Chraie Riesgronat Chnate Dubook HNatroras Meipomiogoal
Cemire Centne Forums and Hydrologca Sereces {1_‘1:)

Figure 14. Functions of WMO LC-LRFMME.

137) GPCe] forecast®} hindcast k&0l tigt FstE 953 3, 4719 2 EZ MME
71¥ (Simple Composite Method, SCM; Simple Linear Regression, SLR; Singular Value
Decomposition, SVD; Genetic Algorithm, GA)# &&&2 MME 7|3 (Min et al, 2009)°.& wj
4 MY A-G=H(EE AYAetA Dok Hindcast 717+ GPC 7+e] #% hindcast 7]%Fel
1993-2009 S 712 &2 gich. 7z 7|l digh AAg A2 ofefet 2

- Simple Composite Method (SCM)
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SCME & dF B2do 53 7[FAE Fo] O Hddste WHOoE, g1 (HHehA
AL & Qo ARAE A= GPCERE forecastoﬂfﬂ FE 717kl 1993-2009 o EH?'E 715
-2 AAZ forecast anomaly (F)E Al4tete] B3 & GPC /M5 (ME UFolZTHEq. 24).
o] 7L AA A-ASES AT ol Y Z1HAA g8l AEEHIL AT (dE =9, APCC
Development of a European Multi-model Ensemble System for Seasonal to Interannual
Prediction project (DEMETER); North American Multi-Model Ensemble (NMME); WMO
LC-LRFMME, &) (Kim et al, 2016; Kirtman et al., 2014; Min et al.,, 2014; Palmer et al.,
2004).

MME= - F, [24]

- Simple Linear Regression (SLR)

GEMF I A 7HES o] 83 MME hindcast 7]zrell thall F+ail 2 GPCE A &3] A A

= 3%
T (a,)€ 7+ forecast anomalyel] F3 & T Hs|F Yotk (Eq. 25).

MME= L~ >, [25]

- Singular Value Decomposition (SVD)

o] 71 7t GPColl 3Z3te 7tEXE 7317 YalA ofe] Eq. 267 2 SVD #H2]<
/\}Q—o}oq GPC zr9] nat Fi4F S Fojyaxl st} (Krishnamurti et al.,, 2000; Yun et
1., 2003).

N
Cij= (UVW%J = EwkUik Vik [26]

1=1

olgA Falx GPCH A¥FAAS(b)E forecast anomalydl F3+ s oF(Eq. 27)<}
[e3]

== ]
=
2ol Halgoz2A o ARE 2= 9T},

filo
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N
MME="Yb,F', [27]
i=1

Genetic Algorithm (GA)

7% A2EE T4 8AE e UF, 9F doaged o] nAdEA, vldEds 2o
A7) wWEol &2 AEFZH FAYHOEE AL F4A7IE g FAS A wEkA
HAEAAE 1 MME 9Ud 5 A2 9 AASEI e §31 dagFoel WMO A7jdn
A=AEE 913 MME 71H F stu2 ARRE I Tk WMO A7l X A=A oA Al &st=
MME 71§ & HlAg 7oz 31 daugsol st

A daElEe FEo FAAZRRE A& FAAE FASE FA8ANTY AA8A &
o] XYY E FU WE ¢xEFoltt Holland, 1975). 4 Lue&e 273, A¥s P}
o} ALK E, W, FdRo]), E A Hd s B 4GAE FEEHE 4 B4 ZEA
25 B3 M 52 HAYREE /1R (&, #BSHY At AuHoR HL) JtEAERbe] o
= Adl RS 8l AP Eo] BAEE BAS wEste] HAHo X E Folds Wo|th
A-eZe] 44 ¢1EEF SCME o] 83 MME 7[H<S Huge o, 4 4ug3e o¢

g MMEZ} SCM 71} 9] 54K Y ¥ . 4# A QA7|%= stk (Ahn and Lee, 2016).

o

- Probabilistic Multi-Model Ensemble (PMME)

20123 ET-ELRF 3]9]& &3l APCColA 7de &EE4H MME 7[HHo] WMO #A7]oH
A ZAE o) =dHAH (Final Report of 2012 CBS/ET-ELRF meeting,
http://www.wmo.int/pages/prog/www/CBS-Reports/documents/Final-Report-ET-ELRF-March2012.p
d). PMME 71" AAdSIAE7 EFAHATEELE HEHL 7HAHTG $ FE 9HEY
hindcast®] HdZd FGEEZZA@TED)ANA HAH(wH FiHo)s  o]&std  33.3%
(x, = p+0.430), 66.7%(z, =p—0.430)° siFst= F 7N 7IEgks AR =53 GER
ZE ol &35ty 7|F HH SEEEXEREH AAH VEge OE 4 g gES A
Abetk= ol thFigure 15). oA AAME 2 GPCY e FE#S 4 GPCY Y&
Aol Ao WE JtEAE FAT tFEEE dAE SEHS 44 dd Min et al,

@)

& oA AFIY 67] W42 hindcast Y forecast o] et AZE uw] & F8stn Yt}
Ao ASe AAHER A= FEEF A= & Syt Aok (A

SCMell tigt AT 433h. o] ZF hindcastel]l gk HFS FF7]F=717HA 1993-2009 o o
& AMAT. AFd AMRHE AEA #= AFE forecast®} hindcastol whe} th=w, Table
149} 150 A}A|3] LR AT
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For tha middisfupper tercile boundary: . DN probability of above-normal
:maan plus 0.43 timeas the standard deviation

W& - probability of near-normal
Forthe owermiddle tercile boun aary:
: mman minus 0,43 times the standard deviation - | BN | - probability of bslow-normal
[ e | L ]

rllluuu- N s AM S R Ak

|
+

LT
™ E) ‘_\_'M Afodel V= P E | Model )
LS =3 r S - " |

modal welght forscast probabllity of sn avent
W
PLE) = 1 S JnPLE Modeld i Ensemble size of i model
> Jm = M: Total number of participating modes in MME

Figure 15. A parametric Gaussian fitting method for estimate of
tercile-based categorical probabilities.

GRIBle.2 #ZF3t¥ GPC A5 &3 MME dEFA5+= WMO A7]dR ATAE 3 oA
(https://www.wmolc.org))E &3 AFHTh #YA7F £F3E GRBL ARE S o)A H=
E 39 GRIB1 A57} A5 S 2 GRIB2 A2 HEE 1, A8+ GRIBl == GRIB2 Fo A
gt tezmt & & vk FaE, ZF GPCo AsA Ao wa} Aujzrt A8 A=
oB=E BE GPCY dFASEE 2= TS F Jde A2 oYtk WMO ZA7]d R A=
EH o)A ANA TEEE BE F Qe GPC A5 & Table 139 AASHAT =3 oS5
JRYoRER AFHL Jom, AEATVE 454, W, GPC, A9 T& Add
3], SCM9] A f-ol= AFEA7E d &7 (1~671€)S e = de= AHEAF B
AFsta gk 18y o] 3 AT ELS WMO 3| Ydolvt Aga oz AF=Ea Aot

=

¥
o
o

0 VA A

,4
i
ok -{
Xy
=

l

[

WMO #7]dB Eoo)lAd& d&As By ojUgy AAEH A5y G54 A5 2
I = AFdh Fx forecast ASZAF}E WMO A7)d B A E=AME oA A3}, hindcast 7
FAN= ST A A +g3te WMO A7) o 1 HASAE
(http://www.bom.gov.au/wmo/lrfvs) ol Al Al &3t o}, 20161 dF-EH WMO 7o xR dEAlE o
A= forecast %k ofu} hindcastell tigt ASAAE A AFsirl= AT wEbA,
201613 o] FRE] WMO #A7]dr AzAlEe] ASHEH BSH 3 YollAl forecaste} hindcast 7
FAE7E AFHI Aok F T FUIHCE FPEHE WMO AR A=A o A
Z ol i3k dHo 1AL Figure 1600 7rEstAl =243t JeERY AT
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Table 13. Characteristics of seasonal forecast model from GPCs.
<2021 09¥ 71&>
GPC Beiing Bologna CPTEC = ECMWEF Exeter Melbourne Montreal Moscow Offenbach Pretoria Seoul Tokyo Toulouse Washington
. UK Met Meétéo-
Institute BCC CMCC CPTEC ECMWEF . BoM MSC HMC DWD SAWS KMA JMA NCEP/CPC
Office France
) ) United United ) ) South United
Country China Italy Brazil ) ) Australia  Canada Russia  Germany ) Korea Japan France
Kingdom Kingdom Africa States
System  Coupled Coupled 2-tier Coupled Coupled Coupled Coupled 2-tier Coupled Coupled Coupled Coupled Coupled Coupled
Digital
data
o X o X X o o o o o o X o o
download
1)
Forecast
Data
¢ ; NetCDF  NetCDF GRIB1 GRIB1 GRIB2 GRIB1 GRIB2 GRIB1 GRIB2 GRIB1 GRIB2 GRIB2 GRIB2 GRIB1
orma
Forecast
iod 13month  6month  6month  7month  6month  6month  12month  4month  6month  9month  6month  7month  7month  9month
perio
Ensemble
. 24 50 15 51 42 11 20 20 50 40 42 51 51 40
size
) Hindcast
Hindcast
Period 1991-2010 1993-2016 1981-2010 1981-2016 1993-2015 1981-2018 1981-2010 1981-2010 1990-2017 1982-2009 1991-2016 1979-2014 1993-2016 1982-2010
erio
Ensemble
. 24 40 10 25 28 3 20 10 30 10 12 10 25 20
size
U850 V850 U850 V850 U850 V850 U850 V850 U850 V850 U850 U200 U850 V850
It U200 V200 - U850 V850 - - ‘ U850 V850 -
U200 V200 U200 V200 U200 V200 U200 V200 U200 U200 U300 icfrc U200 V200
4= FTP FTP FTP Web FTP Web Web FTP FTP FTP FTP Web Web FTP
T63L35 1.125lat x
S AL T106L26 05 L7260.5, T126L42 Tco319L91 N216L85 N216L85 14 x1.4, 1.40625lon, T127 T42L19 N216L85  TL159L60  T359L91 T126L64
L79 128
AR Al&she Aol ofd & 71 SolA 2&F Al50o] 7HsetAlol tigt of i x2 BAIE GPC= WMO A7|oE AEAE o]
g 2 gs
- 4" -




[T

&4

@J " Lead Centre for LRF MME

1-1 month farecant

1 Data collection & standardization 2 Producing seasonal forecast 3, Producing verification data 4. Dissemnlation

[traripbidas, GRTSL) Dhetarrrminislac Forecat

De=tarminisin Ver | ladakios Dispiyy graphics on Webaine of
Limipie Compoile Meah AL, RMVESE, MSSS, G55 WD LC-LRMIIRIE
Regular Muftpie egresann
iy uitar Value Decodmpoastis Probasiivte Verflcalion
Leewrtic Alpor|then Rl | s | 1Py TH gy
ROC cufve & BOC sore
Fredaisans Forecast RS wngd 5SS
P Bl e, A

Figure 16. Forecast procedures at WMO LC-LRFMME.

WMO #7]dB A=AE A5 AFTLS WMO A7ldr #F HF: AA (WMO
Long-Range Forecast Standardised Verification System, WMO LRF-SVS)ell ¢]A&te] 3= w1
Atk ARFEH o F HIFoe o=y #AFEA(Anomaly Correlation Coefficient, ACOC),
B A+ 2 2HRoot Mean Square Error, RMSE), MSSS¢} Gerrity Skill Score (GSS)7F AM-&% 11
35 o =9 7H=o|= Reliability Diagram, Roc Curve @ Score, ROC map, Brier Score (BS),
Brier Skill Score (BSS)7} ©]-&= 11, AFAMg W82 B35 Ao YA

Table 14. Reanalysis data used for verification of real-time forecast.

NCEP—-DOE Reanalysis—1 CAMS OPI OISST v2

Source NCEP/CPC NCEP/CPC NCEP/CPC

50hPa GPH (gpm),

) Sea level pressure (hPa), L
Variable Precipitation (mm/day) Sea surface temperature (K)
2m temperature (K),

850hPa temperature (K)
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Table 15. Reanalysis data used for verification of hindcast.

ERA—interim GPCP OISST v2

Source ECMWF NASA NCEP/CPC

50hPa GPH (gpm),
) Sea level pressure (hPa), R
Variable Precipitation (mm/day) Sea surface temperature (K)
2m temperature (K),

850hPa temperature (K)

(\h) WMO A7|dE A=AE A-W oF Al=H 9
© WMO A7|& A=AE AW oS A2" 7] /e 3 Foqrd 54

5% 7% A 5= Boh ZAGsta ASA dFstr] st A dSARE AEY
A FERZ FFste a7 =4 ABldA ALAHoR AZHA 9tk 2011de] EdY
Sixteenth World Meteorological Congress (Cg-XVDo A& A-W AP FE27HA dZABE A
Tk & TPt WMO A7leR A=Al Ago] 34" & IS GPCEY AdE
Q43T o] 2012\ @) 7HE ET-ELRFe] &7 3¢ 9 Expert Team on Operational
Predictions from Sub-seasonal to Longer-Time Scales (ET-OPSLS) o} Task Team 3 (TT3)<]
o T B3 B FAAHJ A-W MME o =& 23 Alge] 253

olglgt =A A PoJE WMO A7|dE A=A FH oA o= A-AS 259 MME
A3 w89 ofegt AFW MME dS23E F71E AFstr] A3 AgS JAdAsHA =AU
ok 20143 = AU MME Al2HoA Axd FTH=2E TZstes 5 A 2AME F33A
ow, 20153+ 370¢ GPC (ECMWF, Tokyo (JMA), Washington (NCEP))2] o|Z2t8E ul&t
o7 ydsl Nx"gES FF, FHolA A= MME & AEY &3 v ok 2016
T Aol = MME #4l olyet 7k GPC ¥ o & ZHE F/HH o2 &3 oFA59] #
A A gttt ARE S5 § JEE AT =3 20161 4€ Ho] oA MHE WMO &
A7 HAEZIE 3o (the meeting of WMO Joint Commission for Basic Systems
(CBS)-Commission for Climatology (CCD) ET-OPSLS)e] TT3 3]¢ Ao wat 5789 GPC
(Beijing (CMA), Exeter (UKMO), Melbourne (BoM), Montreal (ECCC), Seoul (KMA))®] o7} &
AEom, AT F7F Fol ZARFHUT. 2017d = hindcast 71%F |3 2 S
Ao 2 74, &&rtol= g FHo]x tFH o)A A, 71k A WAE 58 AP S
Fetdh 2018l AEFA &5 FAS 93 Z2 a9 A3 GPC Seoul o|ZAE7}
Ao 7 AFEHHAH MME o= GPC Seoul dlZZ3E £33ttt 2019d= 4+ &
AW E A2"S o] A3t 2020 FEl = hindcast &5 7]%to] A4 HAFHE Ao t)-$
= FAol olFolxeon, 20213 = Forde] MAAES AEste 5 A MEd W&

FYHoE P FHE Tk

o &1'
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A-AY MME 7|3 d&A59] A4k Q3 7 GPCo YW o SAm+= A ECMWFE
Sub-seasonal to Seasonal (52S) data portal (Vitart et al, 2017)2XF¥ S35 ot 20194
10€97+A] Beijing®} ECMWF, Exeter, Melbourne, Montreal, Seoul, Tokyo, Washington <&%=4
S AZY MMEo] AM&3t o, AA Beijing? Melbourne, Tokyo & 37§ <2 =-& MMES]
AFESLA] EEka Qlt) Beijing =22 20199 11¥€H-¥ hindcast 7]7Fe] 2004 A4 20181 S
2 WAFHAeH, 1= s MME &5 7]zto] ol A MME 3Fofol A A 9)3staith. Melbourne
2de 2020 9€9 25¢4FHH AAY dSAs ALY FHSIHETE Tokyo EEL2 2020@ 3€9
2dS e e, hindcast A5 &&WRo] A WA WMO AlEW MMEO] 234
714 %712 st

AA AR e BREY 5A42021d 10€ 718 AHEo] FHEY] A7MA] AMEE B
o (Beijing® Melbourne, Tokyo)e] E41-& Ay

=
otz] Table 16 %t=Fs] e AT Table 16
GPC ¥ =2 forecast A5E A2tst= F719 oA|=7131, forecast Y& W] <=, hindcast =}
9 A4FE7], hindcast ¢73E WH e <, hindcast +3713tS Yebd Aotk AdW MME
o =0 ALgEE 2do) A3 e ECMWE S2S data portal i#|o] A mdl Adw Fioj
A (https://software.ecmwf.int/wiki/display/S2S/Models) &<1& 4= Ut}

Table 16. Characteristics of GPC data for WMOLC-LRFMME subseasonal prediction.

GPC name Forecast Forecast Forecast Hindcast Hindcast Hindcast
(Center) Frequency Time range Ens. Size Frequency Ens. Size length
Beijing dail 0—-60 d 4 dail 4 1994-2014

ai - ays ai -
(CMA) Y Y Y
ECMWF 2/week 2/week past 20
0—46 days 51 11
(ECMWF)  (Mon,Thu) (Mon, Thu) years
Exeter ) 4/month
daily 0—60 days 4 7 1993—2016
(UKMO) (1,9,17,25)
Melbourne 2/week 6/month
0—62 days 33 33 1981—-2013
(BoM) (Sun, Thu) (1,6,11,16,21,26)
Montreal weekly weekly
—32 days 21 4 1998—2017
(ECCC) (Thu) (Thu)
Seoul ) 4/month
daily 0—60 days 4 3 1991-2016
(KMA) (1,9,17,25)
Tokyo weekly 3/month
—33 days 50 1981—-2010
(JMA) (Wed) (10,20,last day)
Washington ) )
daily 0—44 days 16 daily 4 1999-2010
(NCEP)

@ WMO A7 ¢ R AZAE AZY MME = 49
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A-AN MME =S $3317] $8lA 2z GPCY «dZAze ZF3 Ao Hasig.
Table 169] Yebd niel o] zF GPC ¥ dZA5E Tokd ALY s, 338 =27,
oty 53] ujF AFY MMES 74 st 2 249 o

N
- O

AFF7] 5= 7HAL A7) o 1= Al
2 AZEe] AelstE® AW MME oASA2 Al S Ask= 2ol 23 olsrt At WMO

A71dB A=A AdY oS5 A2"lE As 758 ZACE MME Fofrde) Azt
Ede Haser] fdl MME AS5A4 de H8d= AT bf Stk A MME o2 A
ol dad® Aske o] AA A-Y dSARS 28 "ol ¥ Festta AwEo
201683l oS A FAZEE WASAT. welsd WMO A7l A=Al A= A-W MME
e dadel AFetERE Aaler wF 18] d5S s ojH T Ay MME o=
= 98l AHEEE 4 GPC RHo| AFAZ AL AFaAs FHd 2ges Ate 18
A FadolA F2<d Akele GPC <5237} AH&dn

O

| GHE
Hrdo] 59 S 5 483 Ay A8 79319 dFAHAE BT ARSI & A
Y MMEol AM-85+= Exeter$} Seoul of|Zx 5= MME o o] A|ZE7| 254 EQURE 1
TH goY d39 A5E HHFsto AHEE

ohulk Exeter®} Seoul dlZ2A g3+ 13 o= A el 71 N2 wle FHow, )
1.

fd
%

o 1o

A-UW MME &< F3stHA & stute] F83% ol9r+ hindcast AF&o] A€ 3}
7153 AL WRoltk Table 16914 Hol= npel o] ZF GPC H=E tdkd F7]9k 7|3t
hindcast A&55 A|&3star Ut} forecast AFZHE anomaly Al4HS $siA= AbAC] 2+ GPC
HE 7]33e FaloF @tk vl d5ES Fdste AAW A5 7% hindcast AR =
forecast oS AlZEA e} A3 I AE7F wjF ALLEE Ao] oot shx|Rk
GPC (Exeter, SeouD®] ¢ wig 74" EAIHRE 7|Fo 2 A4H hindcast AR S Al F

e
S

o} oleldl GPCIe] Aol Mol E R7etm MME =g fisids Hdad fAd ez 7t
GPCel 715t A4kslol sivl, AMU MME olZolxs forecast A% Gai(d, sk 713

77ke- E# o] hindcast A5E AYst== AHsAt) welA ECMWFE, Montreal, Washington2]
A2+ forecast AlZEsel 5 49| hindcast A&7} M€=, 1 9 Exetere} Seoul?
7% forecast AlZrE# e} 7} 717ke @59 hindcast A&7} AElETh Exetere} Seoul o =
g} o] 743 ASAHNE FAHA AHESEE 79 hindcast AR A9 rEe 7wt
A EA1FH F8Y)9 forecast oS AlZbEs=E Fetoh. =3, 7153 ALt 713 AA
GPColA FBAH o2 AFHH+= 2000d FE 2010372 1120203 o] 9] =275 = 199993
FE 20109714 121d)e] AFEE AE3ith. Table 172 AU MME &S 33 A
forecast®} hindcast #AF=o] Melz} FAT A AHs y&S A gk Aol
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Table 17. Operational setup for subseasonal MME prediction system.

GPC name Forecast Forecast Forecast Hindcast Hindcast Common
(Center) Init. Date Time range Ens. Size Init. Date Ens. Size Hind. period
2 weeks
Beijing 4(10)—45(51) Same date as
ago Sat - 28 (4%7) 4 2000—2010
(CMA) ) days fest
last Fri
ECMWEF Same date as
last Thu 5—46 days 51 11 2000—2010
(ECMWF) fest
2 weeks
Exeter 4(10)—45(51) Closest date to
ago Sat - 28 (4%7) 7 2000—2010
(UKMO) ) days fest
last Fri
Melbourne Closest date to
last Thu 5—46 days 33 33 2000—2010
(BoM) fcst
Montreal Same date as
last Thu 5—32 days 21 4 2000—2010
(ECCO) fest
2 weeks
Seoul 4(10)—45(51) Closest date to
ago Sat - 28 (4%7) 3 2000—2010
(KMA) ) days fest
last Fri
Tokyo Closest date to
last Wed 5—32 days 50 5 2000—-2010
(JMA) fest
Washington Same date as
last Thu 5—39 days 16 4 2000—2010
(NCEP) fest

Table 16914 H<Ql uiel o] Zt GPC mdEZ MME o= ALE7}53S o=
ol 4F A 6F7FA thgFetth. WMO A7 B A=A A-Y o FS Ho 65772
FPsta glor, MME 952 FARde] JdAAS A ste Bt Ao &
E=ATNE AL oz TS Y E} 1 A3 20199 11€ o]Hol= 4F
871 GPCe| o|SHAHAE BF ARESHA|NE 65 oS0+ Table 184 ¢f o] 574
o 2020 109 o] * &+ Table 199} o] 37ie] Edo] F7tE Foj50o] 4F 4
Ak FodstA = Ao

Table 18. Participating GPCs in subseasonal MME prediction each forecast before November
2019.

Forecast S . —

. Participating GPCs in subseasonal MME prediction

Time range

1~4 weeks Beijing, ECMWF, Exeter, Melbourne, Montreal, Seoul, Tokyo, Washington
5 weeks Beijing, ECMWF, Exeter, Melbourne, Seoul, Washington

6 weeks Beijing, ECMWF, Exeter, Melbourne, Seoul
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Table 19. Participating GPCs in subseasonal MME prediction each forecast since October
2020.

Forecast R . o

. Participating GPCs in subseasonal MME prediction
Time range

1~4 weeks ECMWEF, Exeter, Montreal, Seoul, Washington
5 weeks ECMWF, Exeter, Seoul, Washington

6 weeks ECMWF, Exeter, Seoul

WMO A7 5 AZAEdAE AFdY MME oWy o2 SCM Uy 3 E S
&3t SCM WS Eq. [28], Eq. [29]9} Zo] Z+ GPCel d=ZAdol gk 1rash s v
2lo|Awt Z mdo] 7l Ye AFZ LAAE aFoR Fo dEAE =

(Krishnamurti et al., 2000).

1 & —
Ai N ﬁim—l(ﬁ;n_ F;) [28]
1 N
SCM = ]—V;(AL) [29]

W Z7ke] A o EAdeln, F= oA dwWe zF GPCY 713 grolth oA Talrl SCM
AFRZE WMO A7) B AxAE EHolAES Ea) oluA3} 3t &% 71} GRIB edition 1
ud FAow AFdAn

PMME: 7z} Azd WH=E Above-Normal (AN), Near-Normal (NN), Below-Normal (BN)o|

Agste oHMEV AT FES T AHolW, 2 meter temperature (T2M)3} total
precipitation (PREC)el tial| A gt ol &S S8ttt AN, NN, BNS FE3t= YAAL2 hindcast
A#RE vg o g GEUEI}TE o1, Y HAS ASE st AHES #geE o &
EY =3 fitting A T2MS normal distributiong w231, PREC= gamma distributionE W=
= Zog Jpgsn. ol#HA Tl AR AR e 7= 4 GPCY forecast A7t
Zk categoryell drby X3EEA FES ARSI EERP FE S gho] ALbHATH
PMME= Eq 303 Zo] /fEEdS 59 HFOoE FafAH, ojuf 7z} Bd It 53 7154
£ 7Hxith
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P(E;) = — Y (P(E/mdl,)) [30]

A7|A PE AF FEclH, EE AN, NN, BN Z47+9] &< ojugth. M2 PMMES] 3
o3 GPCe oW, mdl,2 tHA GPCE or|dtt. =3, P(Ej/mdli)% /NE GPCe  Zt7te
3ol tizk gES o

Q@ WMO A7 i A=AY AW qF A5y 2 d2s

2021 &A WMO A7l 2 d=AlEe] Add o5 A= Afed otk AZU

d A 2"l &gt FFS 93], APCC= Am T4 FHE Ao Z mYHAS A, o/
o gt &S AHHOE FY3t= 5 P Fole +FS 3t Aok AA- AJ2=®H G
71®o] ¥ ZF GPCY forecast hmdcast ArEe ABAGT F7)o @3 F7138 == HF7]

ZZA43 Ao wrx F7)

o AT ER 24 PEo WLH BE A= ALY o
SR AR MME o2 A2"elq 54 3 AR OE Bo AT ARe

Table 200] A29] 223} 7], Ba¥z Fejstgrh oldd A4 Fo £HD ALY o

2 ARE WMO A7]dR HEME $Q®e ofuel APCC, 7144, 283 714wt )

02 AWE AT A= D AF BA AR o] 4HH, AHY MME o3 AT AL

S ek

Jol AZWMO AE7F 1% Q3w 5

A
oo, —?‘—7}@2% PMME d&4 B e DMME dSA R
AFsta ek o 4E A

Figure 178 d#] W
A7FHET U= EES At
o) /¥ GPCY d=AHR M
R = hindcast MME®] o3k A3}tk-e- A3t
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Table 20. Used data list for subseasonal MME prediction system.

Data ) Download
Variable Purpose
Name frequency
- Sea Surface Temperature
- 2 metre Temperature
- Mean Sea Level Pressure - weekly :
G P C s - Total Precipitation ECMWEF, Melbourne, - Subseasonal
Forecast - Outgoing Longwave Radiation Montreal, Tokyo, Washington MME prediction
- Geopotential Height at 500hPa - daily : Beijing, Exeter, Seoul
- U/V wind component at 850 hPa
- U/V wind component at 200 hPa
- Sea Surface Temperature
- 2 metre Temperature - First one time :
- Mean Sea Level Pressure Beijing, Tokyo, Melbourne,
G P C s - Total Precipitation Washington - Anomaly and
Hindcast - Outgoing Longwave Radiation - weekly : PDF calculation
- Geopotential Height at 500hPa ECMWEF, Montreal,
- U/V wind component at 850 hPa - non periodical : Exeter, Seoul
- U/V wind component at 200 hPa
ERA-Interim - 2 metre Temperature o
. . - monthly - Verification
daily - Total Precipitation
- 2 metre Temperature
N CEP Mean Sea Level Pressure - Verification
i - Geopotential Height at 500hPa - weekly - ISO monitoring
Reanalysis 1 ) o
- U/V wind component at 850 hPa and prediction
- U/V wind component at 200 hPa
N O A A - Verification
Interpolated - Outgoing Longwave Radiation - First one time - MVEOF mode
OLR calculation

N O A A
Uninterpolat
ed OLR

- Outgoing Longwave Radiation

- weekly

- ISO monitoring

and prediction
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ducts/Variable = Covering Periods Charts Verification scores

Probabilistic | = Precipitation + Weeks 1,2 3, 4.5 6, Probabilistic maps " EEE EE;:I,: map
MME = 2m Temperature 3-4, 5-B, 3-6 Reliatility Bisgrans
= Precipitation
2m Temperature ¢ Pattern Correlation
«  Mean Sea Lavel ?ressu'e Coefficient
Deterministic | ©  CcopotentialHeightat | | \weobe 1,2, 3,4,5,6, |+ Each varisble anomaly | +  Root Mean Square
MME el 34,56, 3-6 it
«  B50hPa Wind A map )
+  200hPaWind *  Time Correlation
200 Pa Velocity Potential Coefficient
«  200hPa Stream Function
MO Need:
CLR, LB50, U200 . +  Root Mean Sguare
Intraseasonal | «  BSISO Need: H.Endnn and Wheeler Error
: " 42 days Diagram
Oscillations CLR, L850 £ Ber bt s Coridation
. Cuitgolng Longwave AT RET- Creg I Coefficient
Radiation

Figure 17. The variables and covering periods of graphical products for subseasonal
prediction.
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Figure 19. Sample of APCC 1 month forecast chart.
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BEFS HAE ¢ Aok

o9l ECMWFE AdW dSA7e F 469 o374 dFZAaE AlFsta e, APCC
BN AdEEY7 wid 15904 20Y€ Afole] XqstEE AdHES] H P HAY
ECMWF forecast/hindcast #4555 4lste] &&3chd 3 A5 5 3 e B dFow
&8 7hssith o8 A ECMWE AdY dS3ZAAE AHEste o9 195E 4F mp A +
7HA B AxE YA, Figure 202 Ao 1Sl mpel ro] Folrjol Fo thsle
500hPa A=} si|~7]Q}, 850hPa vIEA, 72 & d= Aoy gF d= A34E AF

s BU2E AT Yok FAHOE BuE Joo] ATshE 54 A4S WS e
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Figure 20. Sample of subseasonal model output for APCC 3-month forecast.
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Figure 21. Performance of GP-PD from 34 LOOCV train-validation sets for (a) PC, (b)
HSS, (c) AUC, and (d) RPSS. Adopted from Rhee and Myoung (2021).
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Figure 22. Performance of GP-OBS from 34 LOOCV train-validation sets with ISO and
P5 conditions for (a) PC, (b) HSS, (c) AUC, and (d) RPSS. Adopted from Rhee and
Myoung (2021).
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Figure 23. Performance of GP-PD, GP-OBS, and GP-MME for the test period for (a)
PC, (b) HSS, (c) AUC, and (d) RPSS. Adopted from Rhee and Myoung (2021).
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results of all models for the test period. Adopted from Rhee and

Myoung (2021).
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Figure 25. Operational products of TMm, TNm, TXm, and SPI1 probabilistic
forecast results based on GP-MME: Example of TMm (LT1) forecasts for
November, 2021.
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Figure 26. Performance of deterministic forecasts of ANN (LOOCV results
averaged).
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Figure 27. Performance of deterministic forecasts of RF (LOOCV results

averaged).
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Figure 28. Performance of deterministic forecasts of Adaboost (LOOCV

results averaged).
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Figure 29. Performance of deterministic forecasts of SVR (LOOCV results
averaged).
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Figure 30. Performance of deterministic forecasts of GP-PD (LOOCV
results averaged).
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Figure 32. Performance of deterministic forecasts of GP-MME (LOOCV

results averaged).
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Figure 33. Performance of probabilistic forecasts of GP-PD (LOOCV
results averaged).
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Figure 34. Performance of probabilistic forecasts of GP-OBS (LOOCV
results averaged).
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Figure 35. Performance of probabilistic forecasts of GP-MME (LOOCV

results averaged).
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Figure 36. Performance of deterministic forecasts of APCC (LOOCV

results averaged).
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Figure 37. Performance of deterministic forecasts of BCC (LOOCV
results averaged).
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Figure 38. Performance of deterministic forecasts of CWB (LOOCV
results averaged).
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Figure 39. Performance of deterministic forecasts of KMA (LOOCV
results averaged).
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Figure 40. Performance of deterministic forecasts of MSC (LOOCV
results averaged).
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Figure 41. Performance of deterministic forecasts of NASA (LOOCV
results averaged).
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Figure 42. Performance of deterministic forecasts of NCEP (LOOCV
results averaged).
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Figure 43. Performance of deterministic forecasts of PNU (LOOCV
results averaged).
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Figure 44. Performance of deterministic forecasts of APCC MME
(LOOCV results averaged).
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Figure 45. Performance of probabilistic forecasts of APCC (LOOCV results

averaged).
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Figure 46. Performance of probabilistic forecasts of BCC (LOOCV results

averaged).
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Figure 47. Performance of probabilistic forecasts of CWB (LOOCV results
averaged).
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Figure 48. Performance of probabilistic forecasts of KMA (LOOCV results
averaged).
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Figure 49. Performance of probabilistic forecasts of MSC (LOOCV results
averaged).
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Figure 50. Performance of probabilistic forecasts of NASA (LOOCV results
averaged).
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Figure 51. Performance of probabilistic forecasts of NCEP (LOOCV results

averaged).
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Figure 52. Performance of probabilistic forecasts of PNU (LOOCV results
averaged).
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Figure 53. BMA results of deterministic forecasts: an example for TMm (LT3)

forecast of January 2022.
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Figure 54. Boxplots of TMm forecast
forecasts for each season and model.
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Figure 55. Boxplots of SPI1 forecast performance of BMA of deterministic forecasts
for each season and model.
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Figure 56. BMA results of probabilistic forecasts: an example for TMm (LT3)
forecast of January 2022.
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Figure 57. Boxplots of TMm forecast performance of BMA of probabilistic forecasts
for each season and model.
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Figure 58. Boxplots of SPI1 forecast performance of BMA of probabilistic forecasts
for each season and model.
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Figure 59. Boxplots of TMm forecast performance of Super-ensemble of
deterministic forecasts for each season and model.
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Figure 60. Boxplots of SPI1 forecast performance of Super-ensemble of
deterministic forecasts for each season and model.
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Figure 61. Super-ensemble results of probabilistic forecasts: an example for TMm
(LT3) forecast of January 2022.
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Figure 62. Boxplots of TMm forecast performance of Super-ensemble of
probabilistic forecasts for each season and model.
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Figure 63. Boxplots of SPI1 forecast performance of Super-ensemble of
probabilistic forecasts for each season and model.
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Figure 64. Comparisons of PC scores of BMA and Super-ensemble.
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Figure 65. Comparisons of HSS scores of BMA and Super-ensemble.
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Figure 66. Comparisons of AUC scores of BMA and Super-ensemble.
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Figure 67. Comparisons of RPSS scores of BMA and Super-ensemble.
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MSE= % Y (v, —v) [31]

=1

A7IA ¢ = R dSH, y= Fae oo

Table 21. Summaries for training, validation, and test dataset

Name Content
Dataset ERA-5 reanalysis daily data
Variable Name T2M
Training and validation period | 2001 - 2008
Test data period 2009 - 2010

Table 22. Initialize values and hyper-parameters for deep learning training

Name Content
Input data length 14
Output data length 1
Activation function relu
Kernel size 3 X3
Polling method MaxPooling
Dropout rate 0.5
Maximum epoch 300
Optimizer ADAM
Learning rate le-4

Loss function

MSE (Mean Square Error)

o3 4?_] A=A=)] 6‘1—2_\_%

23l tensorflowoll A Al &3h=
S

59 Z9(callback) 5 o] &3tATh EarlyStopping=

7F €74 3l4(patience) B<F Aol HA &S A
ReduceLROnPlateauw €78 3 <(patience) &<+ EUE
St E(learning rate)S ARl AoH WHoE XAt &4
Shrolth. B dAFeAe S 3 BF

o, EarlyStopping®} ReduceLROnPlateau®] patience= 2} 5, 3&

Asted Agshe 2
& 2UHY 34
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Figure 68. Training results of cases
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Figure 69. ACC of predictions from case models by region and year

Figure 70. ACC of predictions from case models by region and month
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Figure 71. ACC of predictions from case models by region and season
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Figure 72. Anomaly correlation coefficients(ACC) of predictions from
case models by case
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Figure 73. Maps of one prediction result of the cases (first row: ground true, second row:
prediction, third row: prediction-ground true)

Table 23. Summaries of basic statistical analysis of the cases

Case 1 Case 2 Case 3 Case 4 Case 5

Maximum 24.7481 24.7196 23.9463 27.9390 25.1415
Minimum -25.2562 -23.7951 -22.0204 -20.9774 -20.6895
Average -0.6036 -0.7434 0.2382 0.3562 -0.0211
Standard deviation 2.5172 1.9712 2.0766 2.2254 2.1996
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2HASLAL oS3 dolHE FU1ele A2 4HAEE A nd ¥HE o &3k
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Figure 74. Example of rolling prediction method for predicting 14 days
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Figure 75. New case 4 model with added climatology data input data as
BConvLSTM block input data of the last skip connection in the decoder part
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stR A, 53 ASole= 2001~2010E 717+ AARE ZF 80%, 20% HlEE AMESISTh HZEE
2011~2015d ABE o] &sIF . dEAE 2+ 1991-2020d F 30d@ ~71%te] ERA-5 A EAAH
£ o]&3te 7]*A=(climatology data)E TF=3tal, +/-2¢Y o]EH T, 5X5 FFYHH 9 ©lo]
B IHY 7HE& Z &3t deolH H&sKsmoothing) Y-S st 2l @Y Bl A
SG8EE Hrlstr] 938 2016~2020d ECMWFEF €8¢ dEHASEE o] &3t ECMWF o Bt s
¢} Hrlste o, ECMWE o 215+ CF(control file) 17}, PF(Perturbed forecast) 507§ & % 51
Me| s WHE 7HA I ok B dAFelA= ECWME & #H 51 7 & CF D& ©l

Table 24. Input data summaries for training, validation, and test dataset

Input Data Name Content
1 Dataset ERA-5 reanalysis daily data
Variable Name | T2M
Data Area 78N-78S, 0-360E

Training and
o . 2001 - 2010
validation period

Test data period | 2011 - 2015

2 Dataset ERA-5 T2M climatology data

Data period 1991-2020

Data filtering +/-2 days, moving average, 5 X 5 area mean

=

2016-2020d 71zte] wl dgado Ay4ikdE ECMWE o BAE o] T2M W& o]&3ste He
d =do) 62229 ECMWE slRAR 1t ACC BAE Atsln Bad 298 A
(Table 25). Aol Al o] e 7HAD ey 2D JZA77t £ AL qvistn Wy
29 ghg 71" ECMWF o BAEe] 5247k o & 2¢ ondnh 5 dvel Bxol

7] Wz kel g sbvkn A ACC el Sgkol %ol FE btk ofvE otk I¥m
2 ol ghe F o o Aol YO & HBS neltke ojvjoln

o B 15xHF1, W+3)¢] DJF, JJA, MMA, SON A& #HA H+ 7 -0.02594, -0.00666,
-0.03622, 0.0197, ol® 25FxKF2, W+d)+= 2z -0.13076, 0.00284, -0.07582, -0.00356°]%1 o1
B 1, 25AF A He-2 7 -0.07359, -0.00234, -0.05422, 0.009127€ HAoh. AFAF AA
712t th3t oS4 ECWMF ol BZatzel vs) tha AR, A-dS 83 H7helA= SON
A& ECWMF d Bzt Hl& oX® 152+ 2016-2020d 2E 7|4 2 45 BS
o}
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Figure 763 77 3, 459 H8d rde] =2z ECMWEF drRAZE I+
DJF(December, January, February), MAM(MMarch, April, May), SON(September, October,
November) AA¥H ACC HALE A 49 IHboxplono® FHF Ido|th o1 1F:xKHFD)
= Ao mgt Z HAF §lo] dEFAES Bl ¥vd, dE 2FAHE2DE T 71H 3He dESA4Y

BAo] WS 2 Ao et

2

A B 1725 7|2 ECMWF dEzts tiv] Hejd 7MY d3Ado] 2 49 59
= 20203 09€ 28¢, 20194 08<¥ 26%, 2017 10€¥ 2¢, 2017 4€ 10€¥ 202049 03€ 02¥
<=o] A tHAppendix A).

Table 25. Summaries of comparison between deep learning and ECMWF prediction ACC
based on ECMWF T2M forecast data every Month of 2016-2020

Forecast week | Year DJF JJA MMA SON
W+3 (FD 2016 0.0609 -0.0128 -0.0268 0.0201
2017 -0.1205 0.0219 -0.1013 0.0228
2018 0.0681 -0.0057 -0.0539 0.0005
2019 -0.0353 -0.0280 -0.0448 0.0001
2020 -0.1029 -0.0087 0.0457 0.0550
Average -0.0260 -0.0067 -0.0362 0.0197
W+4 (F2) 2016 -0.0884 -0.0672 -0.0338 0.0040
2017 -0.1317 0.0992 0.0053 -0.0002
2018 -0.0619 -0.0121 -0.0904 -0.0567
2019 -0.2045 0.0306 -0.0801 0.0553
2020 -0.1674 -0.0363 -0.1801 -0.0202
Average -0.1308 0.0028 -0.0758 -0.0036
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Figure 78. Time-series of GloSea5(blue) and
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temperature for each week from weekl
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range.
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Figure 81. Comparison of RMSE after bias
correction for the (a) maximum, (b)
minimum and (c) mean temperature or
each week from weekl to week4.
Black, orange, blue and red box
indicate raw, MVA, MBC and EQM
bias correciton method.
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Table 26 Change of RMSE. The change rate is defined as the difference of RMSE from raw
Gloseab and each bias correction method. The difference is divided by the RMSE from raw
Gloseab

TMAX
W3 W4 W5 W6
MVA -35.1 -37.9 -39.0 -43.4
MBC -40.8 -40.4 -40.1 -38.0
EQM -40.1 -43.9 -44.8 -45.7
TMIN
W3 W4 W5 W6
MVA -35.2 -30.1 -34.0 -34.7
MBC -36.4 -25.2 -26.3 -22.9
EQM -40.9 -36.0 -37.1 -36.3
T2M
W3 W4 W5 W6
MVA -44 -5.7 -8.7 -16.1
MBC -6.0 -34 -3.0 -1.6
EQM -8.3 -13.3 -15.0 -16.6

o, 7d Ay} T3
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=
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Hod d3&4E& Holv HAEA PHL e A= eyt F, lead-time H=E, o W
FHE 2 434S Holv HAEA UHE gE2A et AAERAY ARvgE HARA
T g Fgo] EokAE AL AWEA R M4, lead-time MR o FAF0] T HARA WY
S OEA Yetgong, A4 odRrAE olg 13T Favt Jth
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Figure 82. Categorical temperature forecasts from raw GloSea(left triangle),
MBC(bottom triangle), EQM(right triangle) and observation(top triangle). Blue,
white and red indicate below-, near- and above-normal values with respect

to observed normal range.

- 102 -



(a) TMAX

0.6
0.50
. 0.40
E .30
0.29
010
0.00

Lead Time

0.20

W3 W W5
Lead Time

RO
]

-1
W

Lead Tima

RAW WA MBagc — O
Figure 83. Comparison of accuracy in
contingency table after bias correction
for the (a) maximum, (b) minimum and
() mean temperature or each week
from weekl to week4. Black, orange,
blue and red box indicate raw, MVA,
MBC and EQM bias correciton method.

() drn&EEg T
O ANAE dr

UM WARY ARG WARA F dZHo] FFEL & F AUTh ohet, lead-timed 2,
ASVFHER o ZA0] F2 A o mebA AARA
Asg o Zo T8 5 e ool gF 2 sk 2 AFAE AdY 2= 4%

- 103 -



< WS HEilA HARA ARE AHEStE, AARA AARE EF o 1Hse Beks
Aletazt gkt ofef) Figure 84= |XIEA Wi mE a1, HA, P70 dig o
Aot oA e} Zo] HALRA Wi me} 2% o ‘ﬂ417} o9 24 JEelS
At} Figure 8204} o] HARA whol wiel v st A3E Holr] w & o
H3ok o Zo] Bodhs oA g WM & 4 AT Figure 84 Alg| o A+= raw GloSeab2] 7%
o HAHY Bt 52 above normalg o =3k v, HxR A 9o wal above normal
+ near normal ¢ &< UetdS & vk ol AAE Fa Y JEH FE&L W
oheFgt HatRAY W H}E 25 BXE 8 T F s Aoth

r:i mlm we I o
o -y 22

40 T T T T T T T T T

24 |- —

Anamaiy

20 - =

4.4 - -

&9 i i | i i i i i i
AW -EW TW W 3w 3w W W B
Weak

{b) TMIN 2021-06-01

240 =

20 F 4

Anamaty

U

59 1

AW SEW W W ZW W W BN aW
Weak
{c) T2M 2010601 T W

MwA

20 1= -

oo - ? é EE 1 =

- E0M
a0 = — [
40 | 4

£4 i i I i i I I i i
Ay -3 TW TW O 3W W 4w BW W

Wieak

MBC

Anamaty

Figure 84. Time-series of bias-corrected
forecasts for (a) maximum, (b) minimum and
(©) 2-m temperature from weekl to week®.
This  forecast is displayed with the
observations during the previous 3 weeks.
Gray zone indicates the normal range and
pink zone shows the ranges from 3 different
bias correction method.

- 104 -



|

HAARA Wi 2 2% BEXO HAZFES FHd HFdRE 3 A9 raw GloSeas9]
A¥e| i3l contigency table®] accuracyE 7 %5t tHFigure 85). AA|Z 2 3F~4F0A H

3 = =0 2190 0o} =
ARA AFNE B3 Ao d=Ao] o AL o 2= 9k
(a) TMAX
0_60 E : .
050 3! ]
g 0.40 ek : -
§ 0.30 _EE E E_
< 0.20 4: : ]
010 g: : ]
0.00 L : 3
P W wa i ws we
Lead Time
(b) TMIN
0.60 — i
0.50 ]
. 0.40 3 ]
¢ F
5 0.30 3 ]
8 e
< 0.20 3
0.10 3 ]
0.00 3 3
we
Lead Tlme
(c) T2M
0.60 :
0.50 ]
~. 0.40 i ]
] :
§ 0.30 o E_
< 0.20 3 3
0.10 3 ]
0.00 3 g
we
Lead Tlme
RAW BCs

Figure 85. Comparison of accuracy from
(blue) raw GloSea5 and (pink) bias
correction.

@ FE4R

AR AY AVQEE & w, TR olyg FEQE A3}E Fa3sT. Figure 862
32X, g HY 20213 6¢¥ 14¥9S VFEO R, AR 33 W Ha, HAA, HFr]Ld th
TS FEAR Aolth. FERZEZNA YERe], UAEA A raw GloSeabe] oK o 7 -¢-

EE W s above normal &ES =A dEIATE Tyl MVA HARAA A= FASHA
above normals o B3} 2, raw GloSeabel] Hl&l] &L thad A d =3tk =3 MBC
o o= 238 below normalZ, EQMoll A& H@3 H)=3tA] o H13te], HRA w3
gt GEFEUE AE O2A YHEdS & T Ao, olE 13 FECGEI} BagEs o F
AT

- 105 -



0 £ %: 2021.06.14. (+3W)

WMH’ Iaovn e 2210414 foSums TMAX POF [ S — TMAX POF (e -
! T
il el L) ‘ o T T Baas nans)
(1) Sl vl E P
X marten -~ Focast 3
e s % Forecas! memben
a (18 X
oo f- m:wﬁ E A= 30705
BN=1221% Q= NN=41.78% -
TMAX | ox A\ - ok ENZAT L) E
\
- \l‘ - b E
l&
o E r 4
o - ] i |
s - L]
2 Maom m wp T NP Tm o ome w0 o me % om0 % Wm0 M N0 % om0
P p———" i e FEVE 24 0 v E N DT TR
L=l 2 o T AR N
TMIN POF o D - 230544 (o Dok
o TMIN POF e Dam 20200604 1w, TMIN POF s Dty DII0H1A s D
- T T T T T T an - T - - T L T T T T T
o - = fonc ET crw 4 W ,u',-,“", E
(L] B x Fumnm X Fomcas mamben
AN = 44 88% o E [y =
anf NN x0T R AN e d721% AN« 26.67%
BN« 14.95% 04 = NN=31.57% E 040 - NN = 38.46% E
(50 b P B BN=21.22% BN= 8™ ’
TMIN N o ,, -
020 g B 4
\ o 13 E
e \ .
& on (1] 3 -
o ; i
L] 7 L] " n o Hl » 0 - o0
i o 0 W B M 0w o» B B 0 n " " a2 8 »
CET V0T e D TV N4 0 e e ETOME JTTON N e o Do VIR 05014 (T
MOET 20O - HOXT 001 I SCET 20N W e e
Tense Dum - 90014 o wm
mmm o T2 POF 9000 Duse - 26210614 [+ Jom; oM POF kot Duy 20210614 ( Jwowk) TIM POF o D - 20200004 o Do
— Oy ’ ! Y b T T T T T " T T T o T T T T T
[ e B - { = Clmaisiogy 3 — Caraiogy
] wE= (1) S v 0 e -
T E | . 3| pf X ectein 3
00 NN 4011% «1101% AN « 26.29%
m”am T m.weq. . o= NN =3900% { 3 E
M \ ol BN-88BS% 31 gk BNe358 / ]
CE1 3 \ E () E om E
L 3 1 an 4 anf 4
]
" o L o -

SN T v
e T———

uo

20
- E 304
-

E) né

Figure 86. Week3 tercile-based probabilistic forecasts of raw GloSea5, MVA, MBC and EQM
bias-corrected for (top) maximum, (middle) minimum and (bottom) mean temeprature, which is
forecasted at June 14, 2021.
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Figure 87. Week 3 tercile-based probabilistic forecast of (to) maximum,
(middle) minimum and (bottom) mean temperature, which is forecasted at June
14, 2021. (Left) raw GloSeab and (right) bias-corrected forecasts.
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Figure 88. A document from KMA/CPD for operational use of APCC bias correction
method for the purpose of 1-month forecast(F&A1: 7] 3o Z3-2606).
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<< Criteria for selecting representative BSISO impact phase>>

BSISO1 one phase + BSISO2 two phases ---> 1set

Temperature or precipitation anomaly >= +1.5¢

Number of weeks with the same phase for more than 6 days out of 7 days

If there are multiple sets, the largest anomaly set is selected.

1981-2020, June-August

Precip. (-

BSISO1 P6 BSISO1 P2 BSISO1 P5 BSISO1 P8
BSISO2 P1-2 BSISO2 P5-6 BSISO2 P7-8 BSISO2 P4-5

Figure 90. Schematic diagram of BSISO phase selection process
affecting Korean summer temperature and precipitation variation.
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Figure 91. Time series of weekly mean Korean
temperature(precipitation) anomalies for warm/cool(wet/dry)
phase cases.
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Figure 92. BSISO phase diagram of exception case for
warm phase case(red) and cool phase case(blue).

@ YUt 4EF 71L& HF 9F & F+ BSISO 94 &4

Figure 932 BSISO A% 9]4te] warm phase¥ @] 2 cool phase uwe] FolAlo} A
71 #HaF FAAS HolEFt BSISO1 =9 ¢4 63 BSISO2 ==2o] QA 1-27F BAlo &
S of T ZalAYGEE SEivel, a8l 98 dE7tA] FolAlof A YolA g T
Ha7F eiuy eeiugt 34 712 Hd dibl 0.7C =A YepdTh W,
A% 29k BSISO2 REe] 974 5-60] Bl TAYE @l T AFAA 5o 7L #AATE

gy vt B 712 Hd diH 0.6C @A yERdTh

2m temperature anomaly (JJA)

2m temperature anomaly (JJA)

B1P2+B2P5-6 (150)

BSISO1 = E¢

2
Yelws) B2 FHOE BRI FoA wIHE mge B

B1P6+B2P1-2 (121)

B

paz:

I D N (0 3 ) I

-1.05-0.9-0.75 0.6 -0.45 0.3 -0.15 0 0.15 0.3 0.45 0.6 0.75 0.9 1.05

|| [ o -

-1.05-0.9-0.75 0.6 0.45 0.3 -0.15 0 0.15 0.3 0.45 0.6 0.75 0.9 1.05

Figure 93. Composite map of 2m temperature intraseasonal
anomalies for the

case(right) with respect to BSISO mode. Areas with black dots

warm phase case(left) and cool phase

indicate statistically significant at 95% confidence level.
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Figure 94. Composite map of outgoing long wave radiation(top left), 500hPa(shading) and
200hPa(contour) geopotential height(top right), omeaga(shading) and meridional-vertical
circulation(bottom left), and 1000-700hPa integrated moisture convergence(shading) and
850hPa moisutre flux(bottom right) intraseasonal anomalies for the BSISO warm phase
case in June-August.
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Figure 95. Same as Figure 94 except for the BSISO cool phase case in June-August.
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Figure 96. Composite map of precipitation intraseasonal anomalies
for the wet phase case(left) and dry phase case(right) with
respect to BSISO mode. Areas with black dots indicate statistically
significant at 95% confidence level.
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Figure 97. Same as Figure 94 except for the BSISO wet phase case in June-Aug.
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Figure 98. Same as Figure 94 except for the BSISO dry phase case in June-August.
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Figure 99. Weekly mean anomalies of outgoing longwave radiation(left),
1000-700hPa integrated moisture convergence(shading) and 850hPa moisutre
flux(right) for the period 24-30 July, 2021.
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Figure 100. Phase diagram of observed(red) and predicted(purple
to green) BSISO for the period 24-30 July, 2021.
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Figure 101. BSISO impact anomalies of OLR and 850hPa wind(left),
500hPa geopotential hiehgt(middle), and precipitation(right) estimated

using the BSISO forecast index for each lead time.
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Figure 102. Weekly mean
atmospheric initial data(left) and ECMWF based on week-three forecasts(middle), and
200hPa geopotential height anomalies from ECMWF based on week-three forecasts(right)
valid for 11-17 October 2021.
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Figure 103. Phase diagram of observed(red) and predicted(purple
to green) BSISO for the period 11-17 October, 2021.
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Figure 104. BSISO impact anomalies of OLR and 850hPa wind(left),
500hPa geopotential hiehgt(middle),
using the BSISO forecast index for each lead time.
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Table 27. Statistical models’ predictability scores
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Figure 105. Changes in temporal correlation coefficient between model’ s prediction
and the observation
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Figure 106. Changes in temporal correlation coefficient between
model’ s predictor and the target. Blue lines denote original period,
and red lines denote extended period.
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Table 28. Statistical analysis of reconstructed wintertime(DJF) monthly temperature
prediction model
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Figure 107. Scatter plots showing the relationship between predictors and
standardized December mean temperature. Orange lines denote 1979~2015, and
blue lines denote 1979~2020.
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Figure 108. Bar chart showing standardized December mean temperature (skyblue)
and model” s prediction (blue).
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Figure 109. Scatter plots showing the relationship between predictors and
standardized January mean temperature. Orange lines denote 1979~2015, and blue
lines denote 1979~2020.
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Figure 110. Bar chart showing standardized January mean temperature (skyblue) and
model”’ s prediction (blue).
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Figure 111. Scatter plots showing the relationship between predictors and
standardized February mean temperature. Orange lines denote 1979~2015, and blue
lines denote 1979~2020.
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Figure 112. Bar chart showing standardized February mean temperature (skyblue) and
model” s prediction (blue).
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Table 29. Statistical analysis of reconstructed summertime(JJA) monthly temperature
prediction model
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Figure 113. Scatter plots showing the relationship between predictors and
standardized June mean temperature. Orange lines denote 1979~2016, and blue
lines denote 1979~2020.
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Figure 114. Bar chart showing standardized June mean temperature (skyblue) and
model”’ s prediction (blue).
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Figure 115. Scatter plots showing the relationship between predictors and
standardized July mean temperature. Orange lines denote 1979~2016, and blue lines
denote 1979~2020.
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Figure 116. Bar chart showing standardized July mean temperature (skyblue) and
model”’ s prediction (blue).
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Figure 117. Scatter plots showing the relationship between predictors and
standardized August mean temperature. Orange lines denote 1979~2016, and blue
lines denote 1979~2020.

- 129 -



s . Fvedict

p | || II.-I|,||I'I|'|I l|||||

AT o o o o i i o o o

Figure 118. Bar chart showing standardized August mean temperature (skyblue) and
model’ s prediction (blue).
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Figure 119. Scatter plots showing the relationship between predictors and
standardized July-August mean temperature. Orange lines denote 1994~2014, and
blue lines denote 1994~2020.
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Figure 120. Bar chart showing standardized July-August mean temperature
(skyblue) and model’ s prediction (blue).
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Figure 121. Scatter plots showing the relationship between predictors and
standardized August mean precipitation. Orange lines denote 1994~2014, and blue
lines denote 1994~2020.
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Figure 122. Bar chart showing standardized August mean precipitation (skyblue)
and model” s prediction (blue).
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(1) = 0.41 X NAggp + 0.46 X NPCyg—0.40 X CNIN Oy [34]
(2) = 0.49 X NAggp —0.49 X NIOgyg; + 0.33 X BSgqr

(3) = 0.57 X NAggp +0.33 X NPCygp—0.41 X WNPy,,

(4) = 0.54 X NAggp —0.39 X NIOgyqp +0.42 X EUSC

9 AolA NAge 49 62014 259779 WE BojMd s5d L e ¢
o8, NPCu,= BEIBGAS s5H o5 Aol 49 11dolA 309749 Fad 39
20U 49 100747 HFE o), =
19614 20207449 B, MO BAEF slew 5 Bate] 49 1624 300 7H%
WE BS,= WP HeW 2% mae] 39 12404 31Y7Ae] B _—
2AeEF OLR #Ae] 59 11Y6)A 304744 B, Ao s EUSC= febAoh o

EH-eF AHe] 354 e =G WA AFololt

b A 2 dqFdae] Axxe 3AMdES Figure 1230 dERAIT. At
BT NAgel 48R 71E7Z 06794 0.622, NPCy, b2l 434 04004
0.260.2, CONINOys, 2l 484 0440014 0452, NIOg, o 484 -0.43°14 -0.362.=,
BSerS 4TAe 038014 0.042, EUSCS ABAL 026014 022, WNP,, 7o A3
-0.43°) A

-0.492 WA, CNINOso, st WNPy e AT BE A JAAS9 ddAde] &4 7Ixk<
2020714 sEEA Hobxl Ae & F Atk BHo] A Fghe A4teE 2015-20219 F

zdo] g 3= 33 o|tiFigure 124).

2

riy

- 133 -



) 5 B s
5 ) e L
2 . ’
€ of ° * et
o 5
5 e o, Fo o
°
5 %o, . o 0,
-2 -1 0 1 -1 0 1 2
X1 x2
8 e
o @ & -]
a 2 [ e
o
| o 2 .
=4 & o
y‘ﬂ/. * S ® ~
° e e |eo . a
e °° . ®° ®
-4 -3 -2 -1 -3 =2 i -2 0 2 H
x5 X6 x7

Figure 123. Scatter plots showing the relationship between predictors and
standardized Chang-ma precipitation. Orange lines denote 1994~2014, and blue
lines denote 1994~2020. X1 is NAgg, X2 1S NPCygp X3 i8S CNINOygp X4 1S

NIOgy4p, X518 BSggp, X6 is EUSC, and X7 is WNPy,p.
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Figure 124. Bar chart showing standardized Chang-ma precipitation (skyblue) and
model’ s prediction (blue).
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Figure 125. Rolling Correlation between averaged Indian Ocean SST
from April to May and averaged Korea precipitation in August.
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Figure 126. Regression map of April-May averaged sea surface
temperature over Indian Ocean onto (upper) 500hPa geopotential
height, (lower) 850hPa wind, and precipitation.
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Figure 127. August precipitation and July-August 200hPa velocity
potential in (left) 1998 and (right) 2016 (source: Chen et al., 2019)
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Figure 128. Daily MJO phase frequency in August (Epochl: 1991-2010,
Epoch2: 2011-2020).
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Figure 129. Regression map of Barents-Kara sea ice concentration onto
geopotential height (200hPa and 500hPa), 200hPa wind, 850hPa wind and
precipitation. Grey and black dots indicate significant regression coefficients

at the 95% confidence levels.
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Figure 130. Time-lagged composite temperature over East Asia from
weekl to week4 by utilizing the information of ENSO and MJO phases.
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Figure 131. Weekly temperature
anomalies over Korean Peninsula,
conditional on the initial state of the

MJO phase 3.
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Figure 132. Weekly temperature
anomalies over Korean Peninsula,
conditional on the initial state of the
MJO phase 7.
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1) WMO #A7dr AxHe 9 2 AA

D WMO A7 R A=AH 9

WMO A7d B AZRAHS A-dS @92 44 A5 vief Zo] stgdo A4 3%
ot g 7144 713 =] WMO A7]dR AZAE 9 #A3 RuAE AEFste] 7%
A 71 SHe Ay SHY olgrel dis) FFsk Atk 21+ GPC Pretoriazt @A Al 2
g FAZ 10€97HA] AdAS ARE AFstA Fgon, & GPCo Al-ASF A5 AFd
< Table 303 %t}

Table 30. Date of data recption from GPCs.

MA MA
GPC JAN FEB R APR v JUN JUL AUG SEP OCT NOV

Beijing 11 9 11 12 9 14 14 12 13 15 12
CMCC - - - - - - - - 14 13 13
CPTEC 13 10 12 12 12 9 12 11 15 15 11

ECMWF 14 14 14 14 14 14 14 14 14 14 14

EXETER 11 11 12 12 11 11 12 11 13 11 11

Melbourne 8 9 9 5 7 7 9 9 9 10
Montreal 5 9 9 5 10 7 9 8 9 10
Moscow 15 19 12 13 14 11 12 12 13 10 12

Offenbach 5 9 9 12 - 6 12 4 13 4 4
Pretoria - - - - - - - - - - 18

Seoul 12 18 12 13 11 8 13 10 15 12 11
Tokyo 14 14 12 12 15 18 13 14 13 13 12

Toulouse 14 14 14 14 14 14 15 14 14 14 14

Washington 12 12 12 12 12 14 13 12 13 12 12

WMO A7 ® A=AHE o Fost= /18 GPC PMMEY] AAZF & o2 H%S 4t
B kt} (Figure 133, Figure 134). Z+ Zhe|azg]l® ROC Scoreo] A|AE EA o] A& o =7
re 2017d JFME-E 2021'd ASOeolt}. Figure 1333} Figure 134914 H2 44L& MMEE uEk
Y, 2+ 52 /I¥ GPCE vt gatdoz FAH A2 ECWMFe 4= H5S
Wt Table 313 Table 32 HATFEHH FotAlol 9o gk A=E ROC Scoree] o=
(AN, NN, BN7}e|222]e] )& YepdE, Ao Hls] Folrlol dde] o450 A
el 20219 AFEYe ¥ GPCe MMES] 7|12 2 42 d=3e AyHEd, MMEE
712 A9 0.7, A= 0582 7/l GPCEol Hls) Aoz =& ROC ScoreE 71zit}. 7H
" GPC & GPC Tokyod] d&4d%ol AFFYGH Fotrlol 49 BFAA £ A0SR ey
Ho AA% B4S 53 ¥ GPCY d34eS =S54
ATHAH 71744 Add S A e 7l & & s AL

4 8o
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Figure 133. Relative Operating Characteristic (ROC) score aggregated over globe
of probabilistic real-time forecast of 2m temperature for three terciles, i.e., a) the
above normal, b) near normal and below normal for the period JFM2017-ASO2021.
ROC score for PMME prediction is indicated by red line. The grey dots indicate
the ROC score of the WMO LC-LRFMME individual GPCs and the blue dot
indicates ECMWF.

- 144 -



a) Above normal

0.80
0.80 — —
070 —
0650 —
050 —
040 — -
030 — =
0.20 I | I I 1 | | I

JUA DJF JudA DuF JdA DJF JA DJF JUA

b) Near normal

090
= E
0.70 — =

0.60 —
- ﬂWﬂﬂHﬂﬂﬂf!‘n]ﬂWﬂ‘rﬂhﬁfﬁfhmﬂﬂiL
D.40 —
030 — =
0.2 1 | I I [ ° | I I

A DJF JdA JF JA DJF Juid DuF A

¢) Below normal

0.90
0B — e
0.70 —
0.60 —
050 —
040 —
0.30 — =
020 T ] I I | | I | |

Figure 134. Relative Operating Characteristic (ROC) score aggregated over globe
of probabilistic real-time forecast of precipitation for three terciles, i.e., a) the
above normal, b) near normal and below normal for the period JFM2017-AS02021.
ROC score for PMME prediction is indicated by red line. The grey dots indicate
the ROC score of the WMO LC-LRFMME individual GPCs and the blue dot
indicates ECMWF.
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Table 31. Yearly Relative Operating Characteristic (ROC) score aggregated over globe of
probabilistic real-time forecast of 2m temperature and precipitation.

2016 2017 2018 2019 2020
T2M PREC T2M PREC T2M PREC T2M PREC T2M PREC
Beijing 0.58 0.52 0.58 0.51 0.62 0.53 0.65 0.54 0.64 0.53

No. GPC

—

2 CPTEC 0.56 0.52 0.55 0.51 0.57 0.50 0.56 0.51 0.60 0.52
3 ECMWF 0.65 0.57 0.56 0.52 0.65 0.54 0.66 0.57 0.68 0.57
4 Exeter 0.68 0.58 0.63 0.54 0.65 0.55 0.67 0.56 0.66 0.56
5 Melbourne (.62 0.56 0.57 0.52 0.60 0.53 0.61 0.55 0.64 0.56
6 Montreal 0.64 0.57 0.61 0.53 0.64 0.55 0.66 0.57 0.65 0.57
7 Moscow 0.60 0.53 0.58 0.50 0.57 0.51 0.60 0.52 0.61 0.51
8 Offenbach - - 0.64 0.53 0.64 0.54 0.67 0.56 0.64 0.55
9 Pretoria 0.55 0.54 0.53 0.50 0.55 0.52 0.55 0.53 - -

10 Seoul 0.68 0.58 0.63 0.54 0.64 0.55 0.66 0.56 0.65 0.56
11 Tokyo 0.69 0.59 0.66 0.55 0.66 0.56 0.69 0.59 0.69 0.58
12 Toulouse - - - - - - 0.68 0.56 0.65 0.56

13 Washington  0.65 0.58 0.62 0.53 0.63 0.56 0.64 0.57 0.64 0.58
MME 0.69 0.59 0.65 0.54 0.68 0.55 0.70 0.58 0.70 0.58

Montreal : 2014JJA~2016DJF¢] 7%, Montreal3¥} Montreald¢] ROC %3k
Offenbach:2017SON©o| 32} 5

Pretoria:2015AMJo] &2} 5

Observation:PREC/CAMS—O0OPI, T2M/NCEP—R1

20160NDo] 27 HhindcastAH-&

20160ND 4 =B ¥ = hindcast 7] 7H(1993~2009) A&
A7 28 7 2] A &

ROCZ-2AN, NN, BN H k52 n

Table 32. Yearly Relative Operating Characteristic (ROC) score aggregated over East Asia of
probabilistic real-time forecast of 2m temperature and precipitation.

2016 2017 2018 2019 2020
T2M PREC T2M PREC T2M PREC T2M PREC T2M PREC
Beijing 0.50 0.50 0.54 0.50 0.56 0.56 0.59 0.56 0.62 0.53

No. GPC

—

2 CPTEC 0.50 0.49 0.54 0.51 0.51 0.51 0.47 0.50 0.58 0.54
3 ECMWF 0.52 0.57 0.60 0.51 0.58 0.56 0.59 0.57 0.66 0.60
4 Exeter 0.54 0.56 0.58 0.49 0.62 0.58 0.60 0.56 0.63 0.57
5 Melbourne .55 0.54 0.53 0.50 0.58 0.53 0.58 0.54 0.59 0.55
6 Montreal 0.49 0.57 0.54 0.50 0.59 0.57 0.57 0.55 0.59 0.58
7 Moscow 0.51 0.52 0.56 0.50 0.51 0.52 0.50 0.51 0.57 0.55
8 Offenbach - - 0.56 0.51 0.59 0.57 0.60 0.56 0.64 0.58
9 Pretoria 0.48 0.55 0.50 0.50 0.50 0.56 0.54 0.56 - -

10 Seoul 0.55 0.56 0.59 0.51 0.59 0.58 0.58 0.56 0.60 0.59
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11 Tokyo 0.55 0.59 0.61 0.53 0.62 0.57 0.58 0.58 0.66 0.58
12 Toulouse - - - - - - 0.62 0.57 0.64 0.56
13 Washington (.56 0.56 0.58 0.50 0.59 0.58 0.61 0.57 0.63 0.61

MME 0.54 0.57 0.59 0.51 0.61 0.58 0.60 0.58 0.67 0.61

Montreal : 2014JJA~2016DJF¢] 79, Montreal3¥} Montreald¢] ROC % 3k
ECMWF:2015~20163 A =x5 A4F

Offenbach:2017SON©o] &2} &

Pretoria:2015AMJo| &2} 5

Observation:PREC/CAMS—O0OPI, T2M/NCEP—R1

20160NDo] A&7 HhindcastAF-&

20160ND ]l 3-8 ¥ % hindcast 7] 7H(1993~2009) A}-&
HAAZ1Z ) 287 A A &

ROC#-SAN, NN, BN H ¢ 7k5¢] 1

(1) WMO #7]4x8 A=AE AE 495 A== A

]
Exeter | Qemes CmCC POAVA  Melbourne
GloSea5 -» Gloseab % New GPC ACCESS S1 ->» ACCESS 52

. ) i v
o o e -
E Toulouse

MF-57 > MF-58

Figure 135. Improvements of operational system at WMO LC-LRFMME in 2021.

WMO 7o B A=AlEf o] Frods}

I Qe GPCE AdelZe A= P4 A A%
o= ABAZAZE ANIT ATk 2 CPCel ARAZAZH AU AT A% A B4
o WMO A7leln AEAH tF B G3E «24% GHS U 5 e Zelth 2021

doll GPC UKMO, Toulouse, Melbourne®] Al o= Al 2=®lo] JJdE ] WMO A7]d R AXAl
B OFEd GFE dF Alz"ox g AT (Figure 135). GPC UKMO+ 2021'd 2€F-H
Gloseaboll 4] Glosea6= 7= Slo™, Toulouse= 7LHE System 7oA 8.2 7= AT =
3k GPC Melbourne= 11¥fE ACCESS-S1oA ACCESS-S2Z W7 E o] WMOA7|dE A=Al
Bo W= et 28 2021d 8ol olgeglol (GPC CMCC, CenteroEuro-Mediterraneosui
CambiamentiClimaticD7} @H-&Fel F71=o] @A 147 GPCEHRE AAHGSARE T+
MME oSA5E A4tsta Aot ol Aoxe GPC AlddS mdo uolE A&y} GPC
CMCCe F7t=d 3 #dsty] FhHAY WS 7lsstax ot

@O GPC AAZEE rlolE %
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GPC UKMO AAd = mde WMO A7]dR AZAEH gsEd YFE o SA 2o
2021 29 (Q02IMAMY2)HE ALFYTh MAE GPC UKMOS AAY= rde 7|&
(GloSeab)¥ Y3+ Tier-2¢] o7 =@ A ~=(GloSea6)e] ™, GloSeabs} thr], &<, A

wale] Bl ARA Aol S 7HA B AP 5 vhREe md 54 Fdstch

GPC Toulouse= 2021€¥ 7€ MF-S70]4 MF-S8Z AA o= =do] J|HA=EIAUT. /fHE
MF-S82 7]& MF-S7¢} ti7|2de Fdsiy sl 2do Frel =7t S7Fsk3lal, hindcast
9} Forecast Y& A4k W o] ERASE ©]83 3 lagged initialization W o2 HA ST
Zy Z7|AEE 25, 25, 1709 AAE 7| AS TS forecastol A= EF 5119 YAHES A4t
sk A A AFSES Table 33014 &<l & 4 Ut}

GPC Melbourne Al 9= a2 ACCESS-S1olA4 ACCESS-S2Z2 W7 & ow, 2021d 11
HREH WMO A7di AEAEH tderd GE dFA2"He L=t 7]& ACCESS-S1
A-dd S A2="]oA 7" ACCESS-S2 AE oS Al2~¥l-& hindcast 71Xkl 1990~2012 ol A
1981~201817kA] g =0l FHZ9 Z|FWHEFAS wFstax st dir|Rde] =714
hindcast== ERA-interim-& forecastz= NWP ACCESS-GAlRE o] &3t} dAEo e 713
o 117HellA 372 HAEHACH, A 67Hde] ALY A5E A&7t w1 hindcast2t
S& AAtste A4S 71X old Wi AAlg A B Table 340 YEeERH AT

GPC CMCC Add S 2d& 2021d 8€7EH WMO A7jdxE A=A tgsrd GE
SA|2=Hel HEHAT AdAS 2] FAF FE= Table 359 Yl
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Table 33. Improvements of long-range forecast system from GPC Toulouse.

September 2018 July 2021
Is it a coupled forecast system? Yes
Is it a Tier-2 forecast system? No
Atmospheric model resolution T359L91 T359L.137

Ocean model (if applicable)

NEMO v3.6 , ORCA 1°
grid, 75 model levels.

NEMO v3.6 , ORCA 1/4°
grid, 75 model levels.
Frequency of coupling is Frequency of coupling is

3 hours 3 hours

Source of atmospheric initial conditions

ECMWF operational analysis

Source of ocean initial conditions

Mercator-ocean analysis

If Tier-2, what is the source of SST

. N/A
predictions?
Hindcast period 1993-2016 1993-2018
Ensemble size for the hindcasts 25 members

How is the hindcast ensemble configured?

3 lagged initialization (12
runs, 12 runs, 1 run),
each built with 1
atmospheric condition
from ERA5 and 1

1 atmospheric condition . "
oceanic condition from

from ERA-Interim - 1
oceanic condition from

Mercator analysis.

For the 2 first
Initialization dates,

Mercator analysis,
ensemble generation by

stochastic dynamics ensemble generation by
technique (Batt¢ and

Déqué 2016).

stochastic dynamics
technique (Batté and
Deéqué 2016).

The last initialization date
begins the 1st of
initialization month.

Ensemble size for the forecast

51 members

How is the forecast ensemble configured?

generated by a stochastic Same method as for the

dynamics technique in hindcast.
addition to using a 3 lagged initialization (25

lagged initialization runs, 25 runs, 1 run).

Length of forecasts

7 months

Data format

GRIB 2 or ascii for digital data
Gif for graphics

What is the latest date predicted anomalies
for the next month/season become
available?

8th of each month 13th of each month

How are the forecast anomalies
constructed?

Departures from the model climate estimated by the
hindcast integrations

URL where forecast(maps) are displayed

http://seasonal.meteo.fr

Point of Contact

IM Soubeyroux (Jean-Michel.soubeyroux@meteo.fr)
Jacques Richon (Jacques.richon@meteo.fr) Christian
Viel (Christian.viel@meteo.fr)



http://elaboration.seasonal.meteo.fr/
http://seasonal.meteo.fr/
mailto:Jean-Michel.soubeyroux@meteo.fr
mailto:Jacques.richon@meteo.fr
mailto:Christian.viel@meteo.fr

Table 34. Improvements of long-range forecast system from GPC CMCC.

System name: SPS3.5
Implemented: October 2020

Is it a coupled forecast system? Yes

Is it a Tier-2 forecast system? No
) ) 15 ° approximately on a cube-sphere quasi-regular

Atmospheric model resolution orid

Ocean model (if applicable)

NEMO3.4, ¥4° on a nearly isotropic, curvilinear,

tri-polar grid.

Source of atmospheric initial conditions

ECMWF

Source of ocean initial conditions

Global Ocean 3D-VAR Data Assimilation System
(C-GLORS)

If Tier-2, what is the source of SST
predictions?

N/A

Hindcast period

24 years: 1993-2016

Ensemble size for the hindcasts

40 members

How is the hindcast ensemble configured?

Chosen at random among 120 combinations of 10
atmosphere ICs (time lagging at 12h interval), 3 land
ICs (forced during previous month by ECMWEF and
NCEP analyses and mean of the two) and 4 ocean
ICs (perturbing ocean observations)

Ensemble size for the forecast

50 members

How is the forecast ensemble configured?

Chosen at random among 270 combinations of 10
atmosphere ICs (time lagging at 12h intervals), 3 land
ICs (forced during previous month by ECMWF and
NCEP analyses and mean of the two) and 9 ocean
ICs (perturbing ocean observations)

Length of forecasts

6 months

Data format

NetCDF

What is the latest date predicted anomalies
for the next month/season become
available?

10th of the month

How are the forecast anomalies
constructed?

By subtracting the 24year hindcast mean

URL where forecast(maps) are displayed

https://sps.cmcc.it/

Point of Contact

Andrea Borrelli (andrea.borrelli@cmcc.it)

Silvio Gualdi (silvio.gualdi@cmcc.it)
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Table 35. Improvements of long-range forecast system from GPC Melbourne.

ACCESS-S1 ACCESS-82

August 2018 Nov 2021

Is it a coupled forecast system?

Yes

Is it a Tier-2 forecast system?

No

Atmospheric model resolution

N216 ~ 60km horizonal and 85 vertical levels

Ocean model (if applicable)

25km horizonal and 75 vertical levels

Source of atmospheric initial conditions

ERA-Interim for the hindcast and operational NWP
ACCESS-G for real time

Source of ocean initial conditions

UKMO

If Tier-2, what is the source of SST
predictions?

N/A

Hindcast period

1990-2012 1981-2018

Ensemble size for the hindcasts

11 members for each 3 members for each

restart time for the restart time for the

hindcast hindcast

How is the hindcast ensemble configured?

10 perturbed members 3 perturbed members

and one central member and one central member

to the atmospheric model to the atmospheric model

Ensemble size for the forecast

11 members for seasonal forecasts in real time

How is the forecast ensemble configured?

10 perturbed members and one central member to
the atmospheric model

Length of forecasts

6 full months

Data format

netcdf

What is the latest date predicted anomalies
for the next month/season become
available?

Two days after the beginning of each month

How are the forecast anomalies
constructed?

Based on hindcast climatology

URL where forecast(maps) are displayed

Poama.bom.gov.au

Point of Contact

Dr Shuhua Li

@ GPC CMCC A& ®+3 € AF

GPCZXRE A=
7] i E TFE3 FAHS

8} Alzglo] Wasith 3

AZARE WMO A7)dln HEAE ] AdeZA 286 7}3)
2 AAok s5tal, o]|& 3= GPC CMCC Atz o] EAol wes EF
%5} B4E AA MME )2 A 2sl6 28317] Qe GPC CMCC 7

b o
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Ao & 2d AA o dF4He Fdetstal & GPCEY 343 vl sh7] s s &
Aol A4 34 A= AT
D 2=F3 Z=E F3 A

2+=l forecast anomaly®] F7FA sjElo] WMO A7|d® A=Al
B MME o S43te] A ot

2) 7A hindcast7]1ztell Wigk B GPCE¥e] ACCE vlustil< w, GPC CMCCe 434

AN

PN
T

20213 8¥ol AyAE 3/E A=AEd W B HEES 33k GPC CMCC forecast
anomaly WEl% WMO #A7]dR XMZAE] MME o= Axe 7129 dEo] §A3S Aoz
Bol ®#s} g 0 F7b flol SN (Figure 136, 137), 1993~2009717k2] o -2 (JJA)T}
ALZADIF) w¢te] 7123 Z =4S WMO A7|dBmA=AE MME o =4 129} e} GPCs}
Hlal ) ®BgkE w GPC CMCCel ACCE thE GPCeh HIsdt 2 glttn AHUT
(Figure 138, 139). o]ol whz} 20211d §Y5E GPC CMCCE WMO #A7|e|® A=AlEle] A4
5 dAPArzdol 230, FH0AE B4 o] GPCE ASARE AlF3t7] AlAstaATh

GPC CMCC

WMOLC-LRFMME
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Figure 137. Probabilistic forecast for OND2021 from GPC CMCC and WMOLC-LRFMME.
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Figure 138. Anomaly correlation coefficient (ACC) for JJA forecast for the period 1993-2009.
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Figure 139. Anomaly correlation coefficient (ACC) for JJA forecast for the period 1993-20009.

(Th WMO #7418 A=AE Ad 45 A5 AF

@ 71783 344 A% A4

e}
=o{=4
N
oy
o
B
i)
£
A\
e
e

o B TS5 IRsta Jow, 34 AUldr A
Rd Bk ofyE} thefet Zdol A AitE oS ARE F8ste] Bt Ak WMO A7)
B AZAE A Aatsls 371€ MME dSA8E 71449 1Y A9 93 Sa3% Fux
52 853 Yt oA WMO A7 R A=AE e wd 3ME A% WRERES g
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T M dS 2R E FAHSIY AFTsIAT =23 20203 HHE s g did 7L, &
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AEE Aok =g 20219 S5€ERH 7AH A RIEYE SH oA
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3 month Outlook (2021Dec-2022Feb)

Issued Date : 2021.11.15

Figure 140. Example of seasonal outlook table.
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3 month Outlook (2021Dec-2022Feb)

Issued on Nov 2021
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Figure 141. Example of precipitation probability forecast based on WMO
LC-LRFMME.
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Figure 142. Example of temperature probability forecast based on WMO
LC-LRFMME.
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A8l 7HE = SASCOF-19 (Nineteenth Session of South Asian Climate Outlook Forum)el] 43
o WMO A7|dx A=A MME o S4Bt T3¢k x1dd WMO A7]dE AEAEe 7hA
AbeS ST Al19xF SASCOF+= JA=71243 3 MAZIZE71, 957174733 Regional
Integrated Multi-hazard Early-warning System (RIMES)°] &-&C°. = 7)|H3tH o™, dolA| oA H
970 =r(Afghanistan, Bangladesh, Bhutan, India, Malives, Myanmar, Nepal, Pakistan, Sri Lanka)<]
71747 JAAEG olygl WMO A7]dx® A=AlE, International Research Institute for
Climate and Society(IRD), Japan Meteorological Agency(JMA) &©] #43}o] Asian southwest &
& AZISY 713 g dSEAH 2 gAE FRHEkAT ShEbr] o= HolAolA ] T

AP = ZJAT FHS WMO A7]ejn A=A MME 5485 AFsta oF HF
F ARE FR3tAh =3 ASEANCOF-17-& WMO A7]elB A =AlE

A 25l 3o FHAsted WMO A7ldE AZAlE A Aikdl MME A S5H R
A AL AA free] AR dS AL 71de] AR Ao
< TR A-S AR 28 AHE et oAS a@sHTh

Table 36. The list of participating RCOF in 2021.

RCOF Place Date
Nineteenth Session of South Asian i .
] Online 26, April
Climate Outlook Forum
Twenty Session of South Asian Climate )
Online 27, September
Outlook Forum
Twenty First Session of South Asian )
) Online 25, November
Climate Outlook Forum
Seventeenth Session of the ASEAN )
Online 23, November

Climate Outlook Forum
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WMOoI &= AAAs] A4S Y3 &P 109 @3t El Nino/La Nina UpdateE wHz+s)
of A BB T &5 WElo] A7 A - Y ARE ASKHCE AFAYT 1L
AAZ] S ek By 23AQ0 AHE AFE ool A=, A153] MA 7]43] ol A
HT 713N 9 o F HERE AFTY HHO=Z GSCU (Global Seasonal Climate Update)e]
be AARsATE olE A3yl fs] WMO A7ldE A=EAEE o 27] 24, 5¢, 8¢, 11
el 7FdSHHE AAste] GSCUS 7124 Q1 =& AlFsta Aok GSCU =x¢ke] W&

A=A & 713t tdk 4 GPCH o5 A=

I

H
« AR 22 9 FEEZ MME 7|HES 283 =28 9 Consistency map,

* ACCE ©|&%3F GPC B 24 &2 MMEY A5 ST, 2m 7], 2=, 500hPas] =] ¢

[e)
5, siHE7Ieh

« ROC map, ROC curve and score, reliability diagram< ©]€3F GPC @ &&&2 MME
o AFAEE AFCm 7], 7=, 500hPad] A 9Jai%x, siH 7<)

« Nino 1+2, Nino3.4, IOD, NTA, STA A&

20204 10¥BEL= WMO ARE M7t 220 Al2std interim GSCUZ 2021do]= S35
Agstgod, wE interim GSCU A5 #xk ozl WMO AlME S HEV 25S AYsH]
A8l WMO #7]dl® A=Ale MMES] #Fosts 1470 GPCel 371¥ HEARE ZF WsE=
A, Algeta o o] ARE B MEVF 21EFS /E GPCY dF EAS Ftd F glo
W, A&7 2Fo AFHeE A52 <oA= Figure 1439] YeRAA 2020d 11958 GSCU
¢} interim GSCU HZF BuAE WMO A7|dR AZAEH EHAES Ea Au2mon,

2021 1€ol&= 2000 ¢ GSCUA= ot FH o)A o AlFstr] AT (Figure 144).
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Figure 143. Example of materials for WMO expert team.
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Figure 144. The bulletin board for GSCU on WMO LC-LRFMME

website.
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Figure 145. The number of monthly visitors of WMO LC-LRFMME
website in 2021.
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WMO A7ldr HA=AHE 20099 49 b= 714HIA v 714 (GPC
Washington)®] &% & w2021 A A AA 1470 GPC7F A4bkslks A7)
ANSAEE F3 - BF3eI, GPC 75 ¥ tFEdY/dE (Multi-Model Ensemble,
MME) d&x5E WMO 3= Agste 48 s3] 21 ok dA WMO A7]dr A
SAE qSA2EE AEAY V&, ) A2H V)&, dHolHMWolx Ves THHSE A L5t
of &Fstal om, AR BEY B AlF H'ﬂ] 78, 71% 29 F71 T &
AHl 2 g, HA 7ls AE 2 ] weke] JIAS FEl A AlA WMO F el AR
A8E AFsteE 7182 JFE EHo %Xéxﬂ.gi TFPL dad a7ge we 20179 FE
WMO A7 A ZAE A2 A& FAAE 7] ANA EFEL ew, APCC=
WMOA7d BN = Al2=" i 8§99 AFAHQ 7« AdS T35t Jrt 202130 =
“WMO 71 ® A=A A28l 714 (V) 89 Aol 3€7H 119744 ¢ 7149 &<t
FERon, EAAIFY WA= ofgfel Zo]l IA INE FEEHO PHJUHG 5 &
WMO #&71dr A=AE FHo|AHd #Z7]|F A8E 7HAFste 7]F dF BERE B
mzA dMstar AGE F e A= ARE AFstY WMO A=A AdodZS Aujx
N8Rt =3 7 AEAE o olAdA AFHA HESAH AHEH

Ae AddSE AFZEAHAE ASASEE
o

o= Mestin.
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WMO 71l A=AE 45 Az=d Ad 89 AY FPo2 WMO A7ldi A=
A E Al”ﬂ] Mol wet HAAA sd= AHgAA I H o2 FH & AMHAE ATE
F A& ZoZ Holn, WMO A7dH ATAEH 7|$dZF A5 &85 =3 SoAZ 5 9
= dzi 7tk WMO A7 B A=AlE o A8E AFshe= GPCole] =AA < AA
g A3 F & Ao JgEr

- WMO A7dE A=A A5P4HAA 1A

WMO #7]dE A=AEe gFrd GGE A-dSF Fodst= 1471=2 GPC=
Aoz AAT AdE 9L WA AMSD Aok WA o ARE

2o 2AEE 7] i}
o 95 WMO A7ldn HEAE =3 7] AddZ mdo] MAHN A8 EF
A z9le] Mol Wbtk 2% GPCAM AHE AW e ZAR7 WMO 712 HE=AE]
of A& Hed + A=S A AP NELS EFstel WMOB7| ) BAZAE A
A= AR Avs 25e Zaedn =3 WMO Arldn AEAE A a3z 5e
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WMO A7l ® & A3F AA (WMO Long-Range Forecast Standardised Verification System,
WMO LRF-SVS)ell o] Azt Faqste], 7]& FH oA E Fall AFHY 67] ¥l gtk 4
ZA4rd th3 A=4A3E Forecast?} Hindcastoll thafl A vk A 338t o1, WMO A7 ® %3
AE AAANAE 71FA Tl dd A52AE A AAND As FHstn o oA 2 7
AE T3 7€ EHAE T AFst A= 7 71FA 4 (NINO1+2, NINO3, NINO3.4,
NINO4, DMI, TNA, TSA)oll ™3+ Forecast$} Hindcast7]ztoll gt ACCS RMSE AZZAH}E A
& = A HAT (Figure 146). 18] WMO A7]dr ATAE A= Ad= = 2 Mo
gk A ddze FHolA A AMEATE I8 AAES f8 "WEoE FI3ds W HAF
Scores AlAtste ZEIOo] £ o]F I AIpES olfst Iz E A UU7I
o Zofl FH o)A AFEATE FH ]RGN A DM EZE FEe] HsAE AT di7|Alzte] E
a3o. =3 WMO A7ldE A=AE #aes =3 2 7449 aHd tisstr] 98l
WMO 71X A=A MME 2 /i EY HISAHAE AHEste Ad Z2O90S AP s)of
st MAZEC] AT FF o)A AR HAHH WMO A7]dr AEAE #Axe] A
#Hele S 84S SUHAIIZ] A8l AS5ZEHE DBslstal ol & T3l oA T E FE0]
g 7 JEFE B Ao ASAI=RS Aol o]FoHT olF Tl WMO A7|dBA
SAE AMEAEC] ALKHoRE gFIW FHolA trAtE Y F A HAG =T
SAE o HAZIE &S divlstr] fs Ad 2 AEY AsAe By o}
#¥ phython3 Z2 & /fdste] FF A" Ml HEE + e =

3
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Figure 146. Verification of climate indices in WMOLC-LRFMME.
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3IMLAA 6/NLE7HA AR AAES Addste] 228 7 JAEF sPor, WMO A7]o R
AEAE MMES 7]13zko 2 AFREE 1993-20097kA1 o] 7133k WMOO A A Ao s A}
5= #=9 713717k 1991~2010d@, 28] A 713 7]1%H1981~20101)2 AL&A7F A1 E]

&5t AbgA HeolAd S FUlAA T (Figure 147). =3 g A5 A s
£ ol&3 AlA dF HAIFA2EE MEste A-ddS AF 75S MAAsEATE. 71 hindcast
A5S fsi AFEstdd #59 AEA4% ERA-interimo] ECMWEA o o] A4bE A ka1
2lom, forecast =S sl A8£39Y NCEPIAREE o2 AEA AT B8] 1 HFA o)
Hojx= Aoz A rt wheF WMO A7|d R Al o] MME| AR&3t= hindcast”] 3t

o] A=A 7]Eo| A3l ERA-interime 53 HFo] 7158 = 7] W&o oo
E ATE F AEE Atk AHEAE &5

o] A5E ERA59| tisiA Azl A&
Atk 71€e WMO #A7]¢lR A =AlE
T goldEs 1Yt MFHEE &
2 7|l 2m 7], 850 7]
1710 AAIZE HSoll AHEH A

ol A Al-&3td hincdaste} forecast A=A += A5 2
ABXA2FEE AFESIP o, ERASS A$ & AAZte =z A4
2, 500hPa A 9l1%, dl+H 259 ] A5E FFE

= A

4G Ao Bste] AgAelA AHAT = YA HUh WMO A7ldn A=A F3)
AN AT G A5 ARE ol§F AMAS AF A Ho|A ) oA Figure 148
% 2t

= 5 WMO A7ldln A=AEe AA W FUe 918 WMO g7ldn A=y
FololA A8 o B a7 Ae FESHE B AN AR B ARk A
ABE WEE THeol ZPHUTH WMO A7]en AR FalolAe] Auls FEe Aw
0% AWSHL BelAst B FEo 3 ANz AW A AEE FolB HAY 4 9
L QoA E AdsAon, YANs 4 AT ARE DI AN B AN o
g 93 FAlAE FIA AGA 9 L ATAG £ A3 sz AUz £E A
AP GRS ARES ] TAHL AHx BEE vobe 95 A WEEE BE FEL
zols] 8714 (2 S A, o]& o4, AHz, vl Holols, YAlE H2] 7]
S, ARz Any, AEA W) AF BEEL BE BYS Il YANs BEE =
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Figure 148. Verification display web page
with added reanalysis data in
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e
X
Ry
[
I
b
01(_)I[_4‘
o
o
d
ol

P AE 2 A 9 A% FAH 5

=
=
o
o
N
2
e
2
kr

HEAE Foln] Aulat 15 ARSI YAH 20 H2A
of oA b B AH e wolskth 53] Aol WMO A7]dn A=ME Folx e =

719 &
{3 22 T2 AT F e ZEE A AY HaskstH o
TS B35t ZEE AT 9]

£ 5
sl AAl el x] 2Y ARbe @SS ¢ Ao, ALgAe] fu|olA] HITAHE FEAE

- 164 -



() AdW A= A=" 9
O AW 4F 2d 4F4 ¥ln FF (ACO

WMO XWMLE AZAEANA ALY T AZFY MME Z3fo] tigh AF5S AAISA
ok A= 71zke 20161 19 1195E 2021 9€¢€ 279 Aol & 2993 o=3 Aoln, A=
e i GPC 2 MME 4 & A¥oltt. 2020 o] Al-W MME] FHostr ge RdE
o] A HAAVIZ T dF FHE dASAETE e Adde AT @A g FER AF
oAl Atz BEAsPct B B oAl hindcasto] 3 AZFS AAEHA e olH= 7—-‘
GPC ¥ & hindcast A&} 57} ©t=2w of Oﬂz“}ﬁ} A E = AP ge] W3] o & 2
At 2do] oSS B35 o] wEolth. R forecast A& A%= MME A& % Xﬂ
2 A ZF A AYgEHE 27] AYAZto] %_‘230}3’_, ZEd zlolrt A7) wfjfe] mEd Hlw A
= Woz HEsioh ®=3 hindcast ¢S forecast ool ARgs= 2Rl x7|&o] ik
Aoz =24 AAFH F we AA oF4 Aoyt low, FF hindcast 713ko] 124
20219 d &2 10D oA A= e HSAAE BT 5 7] "ot

A% W+ T2M# PREC, MSLP, 750001, H3 d9o =& Global <ol #3g Zaxvt
S AASFE=E AT ®=3H ERAS 59 7|EFS AldY o= 2deo] FE hindcast 7]17F3
TS 19993 FE 201037t = ettt FaE 8 HAg dF A LS HE dF
AN 7Es 9892 AotdA 2do AA o3 AREAEE oF 40 R oS APAt
A7 AgE AF AAolBE HF A s Al dFAo] AA R dFAHARG L
#d T Aol fFesfoF g

AA AFFHol tE ACC AS5<= AT Figure 149+ 4 Wi A7 T HA
o= Axo] 3 ACC AZF AH}S 7+ GPC SCM d= A2 AZ7|7F dA|o thalj A 3
&t JeEld Aot HeEE o 2AS Husrd dwrzlog A3z ulel o] PREC W
o AL g Mo viE] 1F A=A = ACC gtol 0.2 o] ¥A yelgon, YymX
Al g9 15 o= ACC g2 0.6914 0.8 Ao]=2 ®Ho =fo] glo] H|=3l Fro 2 AZEIY

o} IFoAE Z500 M7 15 2o s 2d 7k zjolrt A, HlwE E& e BYo
, SCM< 0.84, ECMWF& 0.869] #k= Bt 7143 Y d%olA 83 357 4= 4
o thE ACC AZF AF}ZS B, o=Ao] nwz 53 7500 Wi SCME 0.29,
ECMWF+= 0.289] #t& R %31, T2M Eﬂ—’Fﬂ]/ﬂ‘: SCM< 0.36, ECMWF+ 0.389] kS JERATH
dubz o g 7500 Mol dZAo] st gEg oy AT d9ol tiF 3F o A WE

Aol Ha, dEAo] 53 AT AY deH 2R Jgoz Aoz Y] oM ¢

7o
Be oE4o] Ue oz EAHEm.
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(a) 2m Temperature (Jan 2016 to Sep 2021) (b) Precipitation (Jan 2016 to Sep 2021)
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Figure 149. Anomaly correlation coefficient (ACC) of weekly mean real-time subseasonal
forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to Sep 2021
over the globe. ACC for SCM prediction is indicated by black line.
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THH, AALe] AN&R 22 4 HEHe A5 2He] 47 1 B FHe 5 Uk

30 o) 35k uhe} o] ECMWES] ACC Fhol
, BAe] A= A fAHE AFE BAFEh

o

o —= 1T

F WEE AL ALA A3 SHE TS deiAE gt
1= 1= =

3]

A5 2l ASA WHIAEEF 24 Al FEEHA UElds ENSO &g A]7]9 l%—*é o]
EotAl= @Aol dEAol w3 RddAs & suA skt Rk PREC ¥HolA A2
ol ACC #ho] dsdts ddFe HolH, dFAo] ta w2 mdox ENSO &E AJ7|(53]
2020 1¥ AF)ell ACC kol EokAl= AS & 5 Ak Figure 1513} o] o5 AP A 3to]
377 ¥, SCM3 ECMWFE o5 A3t dAxtzlow 7hg £& ACC e EoFEd. shAvE

el HE Fo| AR FEHG v A =
15 d&3e] Aol EE Ed Y
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2 A2 ol ARk oS 7|3te] Wt C @< A
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(a) 2m Temperature (Jan 2016 to Sep 2021)
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(b) Precipitation (Jan 2016 to Sep 2021)
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(c) Mean Sea Level Pressure (Jan 2016 to Sep 2021)
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(d) Geopotential Height at 500hPa (Jan 2016 to Sep 2021)
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Figure 150. Anomaly correlation coefficient (ACC) of monthly averaged 1 week real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to
Sep 2021 over the globe. ACC for SCM prediction is indicated by black line.
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(a) 2m Temperature (Jan 2016 to Sep 2021)
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Figure 151. Anomaly correlation coefficient (ACC) of monthly averaged 3 weeks real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to
Oct 2021 over the globe. ACC for SCM prediction is indicated by black line.
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@ A-Y 4F 2d AFA ¥l HF5 RMSE)

o2 AFYYel tg root mean square error (RMSE) A5 2
2 FAs thFigure 152). Figure 149¢] ACC #AZ5ZA7E 3
o = £ o RMSE x5 RolH, 3% o|Fe] RMSE gto] ¥A3
FTollA FHEE FFs Bt T2M=zF PREC WGl A= SCM3% ECMWES] ACC ko] th&
GPC =™ERT FaatA ¥ e Bgon, MSLP Z500 Mol 1 ko7 nlaz

:&E
ol

Fl

Al %tk T2M3} PREC, MSLP, Z500 & WA= 159 25 dZA4 ECMWFE o =o] Hlxu
H St on, SCME 3% o] 4ol ol Zoll A ECMWFS} nl%:atAL vl thebitch.
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Figure 152. Root mean square error (RMSE) of weekly mean real-time subseasonal forecast
of (@ T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to Sep 2021 over the
globe. RMSE for SCM prediction is indicated by black line.

Figure 1533} Figure 154= 7} =9 2 W4 HIZ o349 W3 AFS gotslr] $s)
Zkzh 178} 35 oS APARtY 8 H AS5ZA3] tid RMSE A5 A& AALE
el Zloltt. 523 2 HI7IE AsA" e Figure 1503 FLsiAl &4kt
Figure 153& 15 o& AdAIztel dist RMSE HZ Axfo|th. T2M {5 bt AL
o] FEA HolA e EES BHAor, bE HFdA = 74]@_31% A5 W= A
ATh ACC HZE# Fd3tA RMSE @ AA dS+re AE3 &8 dr 1F94= ENSO

1
—_
~
o

1



ek, 20163 1¥€olE 7438 Ay F3Fko 2 T2Me] RMSE ol BE mdoA e 7
TS HFoy, PRECE thE 7|3td Hl&] =& 32 2iY. Adq= vy
2o] o Zo A= ENSO2 ®Wsle] mel ndo] g SAo] Aojds & 4 Utk

Figure 154% 35 4d& APt g RMSE A5 Aot 2& W
APAztel ik AR AFAHJ FFS ¢ vtes ez EdFEt T2Me EE MSLPS}
7500 Wpol = Bl AL Ao Aukx o g RMSE ghol A4 Vet =3 o 34o) ¥
Ae dolle B Edd4 RMSE gtel A4 A F7kete As & + Ut &
4 W52 MSLPe} Z500 M4 o5 , 24
et o]Ae @A AEY SR FEAA 3F o|Fo ZgA il g
=

s

g =
© oA o EA=Z doldee orddt 15 =3 €49 35
& AAE dERst FLstA ENSO ®Wsto] o SA4de] e Whe ASo=E E4FHAY. 53]
Yzt TR 2020 142 oE AT A=dolAwE MSLP} 7500 ol SA4do] oA A &
Ut

- 171 -



(a) 2m Temperature (Jan 2016 to Sep 2021)
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(d) Geopotential Height at 500hPa (Jan 2016 to Sep 2021)
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Figure 153. Root mean square error (RMSE) of monthly averaged 1 week real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to
Sep 2021 over the globe. RMSE for SCM prediction is indicated by black line.
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Figure 154. Root mean square error (RMSE) of monthly averaged 3 weeks real-time
subseasonal forecast of (a) T2M, (b) PREC, (c) MSLP and (d) Z500 for the period Jan 2016 to
Oct 2021 over the globe. RMSE for SCM prediction is indicated by black line.
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Figure 155. Anomaly correlation coefficient of weekly mean prediction of (a) T2M, (b)
PREC, (c) MSLP and (d) Z500 for the period Jan 2019 to Aug 2021 over the East
Asia.
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Figure 156. Root mean square error of weekly mean prediction of (a) T2M, (b) PREC,
() MSLP and (d) Z500 for the period Jan 2019 to Aug 2021 over the East Asia.
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Figure 157. Sample of 1-month PMME prediction trend analysis chart.
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Figure 159. Sample of Z500 anomaly chart over Northern Hemisphere.
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Figure 160. Sample of Z200, Z500, MSLP and 850hPa wind anomaly chart over East Asia.
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Figure 161. Sample of final result table of APCC 1-month forecast.
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Figure 162. APCC 1-month forecast presentation format. (a) Dec 2020, (b) May 2021 and (c)
Sep 2021.
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Figure 163. Heidke skill score for 2m temperature forecast of GloSeab, ECMWF and APCC
from Jan 2021 to Nov 2021
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Figure 164. Heidke skill score for precipitation forecast of GloSeab, ECMWF and APCC from
Jan 2021 to Nov 2021.
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Figure 165. 12 weeks moving window Heidke skill score of GloSeab, ECMWF and APCC at
temperature forecast. Table is 3 lead time forecast results.

20213 A oSl #3 2= Figure 1660 e AT APCC% A5de At
238 0.2 el =2 HSS @< 7I15skdn. Wt ECMWFE &8 493 =2

- 186 -



BT o] A7|d dHte+ 5Z A|xHl o3t YFHG o 7|ay AA-AY Y I
TS F2 Hgton, o] FHEo|A AHE Holz ECMWF mdo] 2021d A& wl§ 53
% AHE B Aoy BAHUT FAW AL} BH| AAoT B Be ATO
2 AFae7] Wil A 7IZE By APCCO| ) F4o] B =/ YEyt dor oFd
T AHdYW MFol FHRE A ECMWF A& dF AAE 433 =2 7HSAE dH
Mgd el dnta B
_PREC (04 Jan 2021 to 08 Nov 2021, 45 fest)
— : APCC
,§ 0.60-—1 ECMWF
.E E GioSeas
g 0.40 —
g =
_ﬁ 0,20—_1
f S
o 000
= -0.20 _,I
01Feb 01 Mar os;\m osMay 07Jun  05Jul  02Aug 06Sep  040ct 01 Nov

Month Jan 2021 Feb 2021 Mar 2021 Apr 2021 May 2021 Jun 2021 Jul 2021 Aug 2021 Sep 2021 Oct 2021 weore

2
=
Z

BN CEE ECE
EEEED. N 1=
3 2 2 8 3 9 0 O I

Figure 166. 12 weeks moving window Heidke skill score of GloSea5, ECMWE and APCC at
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1. GloSea5/ECMWF O|ZXt8 %
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= o

SH713sreA A AEE VIEE VFASTAAN  eFee
TP lAAAARS B dAAEs AmnE FRET GloSead dAF5ARS A
N216L85, A= =A7]= 0.83° x0.56° (423x325) 07 F9xoA FHAAEE= ok 5
kmo]th(Ham et al., 2017). 170¥ AYS 8 AFEH+= T8 I E 5% (Forecast) 9
A 28 (4 x7d) ol dE W TE 7154 (Hindcast) &) - 156~2347K(26d X
SHM X2~3%71d5p) o] E Wt ARgET 715 I3RS 199149 H 2016d0]

B o
i

o o

(@)

1~ﬂ

&
1

3NE AdS 98 ARSHE € HEE ASEY A 4H@EH X219 9] EE
A7} 71540 S 468~54670 (261 X 3B X 6~72 7GR & GAFE wWn 7L ALRH
ECMWF wdl 59 Chy 1704 Aol 285 #%‘%H*JEL

0.57 x0.5° (361x17D)e°ltt. ECMWF o542 5171 = #87E 715382 66070
e WM AFSET @Al APCC MME Alite] AH85+& GloSeab ¥ ECMWE ¢
Agel W wAYECIh 149 A AL GoARY 67 (IR 1FVE 454 BE)
AEAR AgHL AL AP A dARH AL E= 67199 ASARE At
7 sl edel FHHE %A FEFES ek 100MB~1GBol Tk

Ay

3} AE 54 BBE

run.ngate.csh

Stepl. InterDM AfH Uf THE X3 CI¥E(E] Gy

01.mkdirngate.csh
01.mkdirinterdm.csh

wHERE ﬁfﬂ:ﬁ}ﬂﬂ e Step2. InterDM At E T3 H%
02 transferngate.csh

Step3. InterDM At L§ T} MERTF RY U Woori {HE HE
03.check transferngate.csh

o2 :h::k tran;f:rmurdm :sh

SHERE FTP MH
{InterDM)

L

run.woori csh

HEHURH Gﬁgf} AEETAM | soupa. Woori At Lf T2 HARE B U ScienceDMZ E191 % APCC HPC Y 3

check.transferwoori.csh

e HE kE
(Selence DMZ DTN)

APCC CREE AEZIX| MH StepS. APCC HPC Ul THY HE{T T
{octtpl check.ecoftp.csh
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o 233 53 Py

APCC—71"4% 7HH7FE A& &Y= olgst] MEELD A5AEE
g2y 2ok D FEAFEH 28] 2719 xS (ngate)d HE
THHAFEH FTP A (InterDM)E  ftp AF, 3) FHAFE I5E&&F AEHYA
AW (Woorl) 2 ftp A%, 4) A5 A% ==(ScienceDMZ DTN) AW Z <% 5) APCC
&5 ~EA AW (ecoftp) & ftp AFES FHst A5E It 7]
A&7l 8 7Hd WA A= = st e G B HE
MM E 218k o] Aasith. HE5 ol W AMu EQb e mE 32
oW #fHow ol FYPgt. WA, FwHAFH %Zohﬂ] A H
2 7% (run.ngate.csh) oA o5 A5 48 & FstH FHHFTH o5
ME7HA A5 7 AgEn o2 FHAAFYH dEdEE AEDA Al A
2 2 73 (run.woori.csh) ol A o5 AAE ?J%] F Fsid Sc1enceD1\/[ZE 1% APCC
HPC7HA] 2tz o] gmdnh 1712 @7E) A% Jx2e 45 Wa0hg) €ad (AT
499) 2V odS3s HAE, olnx], gl”lb nc e gdE vjF (i) e d (AT
stadd) Ao =g sid A IP Fae of#gl 2o

i
4
)
ol
o
rlr
1
o

1. FHAFE 2448 £719 == (ngate)
ngateb: 172.29.110.63
ngate6: 172.29.111.63
ngate7: 172.29.110.64
ngate8: 172.29.111.64

2. 7317AFH FTP AW (InterDM)
210.125.45.112

3. THAFH FsEEE ~EA AW (Woord)
gatel: 210.125.45.110
gate2: 210.125.45.111

4. A5 A% == (ScienceDMZ DTN)
dtn: 10.141.0.2

5. APCC tj&= AEg A A1 (ecoftp)
210.117.192.2

* g S AR
1~49 AH o] g Al Wk §A5 98 309 & 60 F71Z H|UHS WAool Fesi,

(1) 7HHFE 280 A W Sz A8

> c¢d /s4/home/apcc/sjyoon/
vi run.ngate.csh (o= G5 +4)

csh run.ngate.csh
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#!/bin/csh

set today = “date +%Y%m%d"

echo "Today : "${today}

set fdate = “date —d "${today} —1 day" +%Y%m%d"
echo "Forecast start date :" ${fdate}

#set sdate = ${fdate}

foreach sdate ( 20210913 )

echo "Forecast start date : " ${sdate}

set dir = "/s4/home/apcc/sjyoon/"

# ===== [ Make directories at InterDM server | =====

echo ${sdate} > mkdir.ngate.log

csh ${dir}01.mkdir.ngate.csh ${sdate} > mkdir.ngate.log

# ===== [ Transfer files from ngate to InterDM server | =====
echo ${sdate} > transfer.ngate.log

csh ${dir}02.transfer.ngate.csh ${sdate} > transfer.ngate.log

# ===== [ Check the total number of files at InterDM server | =====
echo ${sdate} > check.ngate.log

csh ${dir}03.check.transfer.ngate.csh ${sdate} > check.ngate.log

end
exit O
(2) FIAFE TEDLE AELA AW ) FEz g A9

cd /home/apcc/apcc06/URIM/
vi run.woori.csh (= @5 +4)

csh run.woori.csh

#!/bin/csh

set today = “date +%Y%m%d"
echo "Today : "${today}
set fdate = “date —d "${today} —1 day" +%Y%m%d"
echo "Forecast date :" ${fdate}
foreach sdate ( 20210913 )
echo "Forecast start date : " ${sdate}
set dir = "/home/apcc/apccO6/URIM/"
# [ Check the total number of files at WOORI server & Transfer files to APCC server |
echo ${sdate} > check.transfer.woori.log
csh ${dir}check.transfer.woori.csh ${sdate} > check.transfer.woori.log
end

exit O
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500hPa A ¥ate AxL 330, Ad 5 eyt 712/d5 A5l thd GloSea5/ECMWE
2o G RH/GEAR AFEEA R, GloSeab 22 o5 500hPa A 9132% #AF hovmoller
diagram (time—latitude plot), 9lX 1F5E 4F°] 3+ GloSea5/ECMWF R 42l 9|}z
717 SE A5, sotret A9 VR FE A5 ¥, el 71 oSl st
probability  distribution frequency (pdf) % Ao 3k  cumulative distribution
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ARz A AbEe A3pgie] g E2A vEhve A7 2 ol siAstr] fE 714
G547 B Thold A AA”A TAAE SdERCRE AT AW HE olvA s
JhE ARE-ET

4. geEy 72

- 2k}l A& /ifs/data26/KMA

- 17H% ;@_UoL

i

H= QA 35 A7 /Ifs/data26/KMA/CODE
— d¥xg A2 /Ifs/data26/KMA/GLOS (ECMW)/1MON/

— =828 A= /Ifs/data26/KMA/PPT/1MON/

| CODE | dFCsT | [ FiG
Fimon | vwyymmop || | cris |
Y
| GLos | Lo
' FIG
[ vwyymmoD |- [ GRiB
[oxr |
FIG
| ECMW | IMON || vwyymmDD || | GRIB |
TXT
FimoN || veyymmop || kma |
PRT
| GMON |—{ YYYYMMDD || KMA
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1748 MY 2U= xts S
(GLOS.ECMW.1MON.RUN.csh)

Step1. GloSea5 7|2/Z 4 AtEEME 44t

01-1.glos.veri.table.korea.ncl

Step2. ECMWF 7| /2% AlEEME WM

01-2.ecmwf.veri.table. korea.ncl

Step3. 0| 215 ~47F GloSea5 7|2 & GISZE & MU
02-1.glos.fcst.F1-4.3-6wago.table korea.ncl

Step4. Ol 215 ~4F ECMWF X| 47| 2 SE0IS HatE 44t
02-2.ecmwf.fest.F1.3-6wago.table.korea.ncl

Step5. Ol 21T ~4F GloSeas Z4 SEWS AE Y
03-1.glos.fest.F1-4.table.korea.ncl

Step6. 0| 215 ~4F ECMWF Z4 EHEOF ZatE WM
03-2_ecmwf.fest.F1-4.table.korea.ncl

et Z2O% 3% Ud

2+ g9 H e (/Ifs/data26/KMA/CODE) el Sl 171€ A% Am A FEZ29
(GLOS.ECMW.1MON.RUN.csh) oA w5 €2d o= IHE g & F33d 848
A g #EE g (/Ifs/data26/KMA/PPT/IMON/YYYYMMDD/KMA) o] H=E  o]ujx] o]

A7

K

(1) 109 AW Zal= 2z YA Zxz

> cd /Ifs/data26/KMA/CODE
> vi GLOS.ECMW.1MON.RUN.csh (= 35 +4)
> c¢sh GLOS.ECMW.1MON.RUN.csh

#!/bin/csh
#*****************************************************************
# Make 1—month outlook PPT image files

# — model @ GloSeab/ECMWEF (from KMA)
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# — variable : t15m(t2m), prcp
#
# Y.—R.,Jung / 2021

st st sk s sk sk stk sk sk sk sk sk sk sk skt stk kst sk sk siosksk stk stk sk skosk skl sk sk kol skoskok sk ok sk skok skok siokoskokskokokskokok

setenv NCARG_ROOT "/app/sw/ncarg/6.1.2/intel—bin"
setenv PATH "${NCARG_ROOT}/bin:${PATH}"

set idate = "20211108"

set ghdir = "/Ifs/data26/KMA/GLOS/1MON/"

set ehdir = "/Ifs/data26/KMA/ECMW/1MON/"

set ptdir = "/Ifs/data26/KMA/PPT/1MON/"

set codir = "/lfs/data26/KMA/CODE/"

set outdir = "${ptdir} ${idate}/KMA/"

set odate = “date —d "${idate} +7 days" +BY%m%Pd®
set ncldir = "${NCARG_ROOT}/bin"

mkdir —p ${outdir}
mkdir —p ${ptdir}t ${odate}/KMA

${ncldir}/ncl —nQ ${codir} 01—1.glos.veri.table.korea.ncl start_date=${idate}

$1{ncldir} /ncl —nQ ${codir}01—2.ecmwf.veri.table.korea.ncl start_date=${idate}

${ncldir} /ncl —nQ ${codir} 02—1.glos.fcst.F1—4.3—6wago.table.korea.ncl start_date=${idate}
#${ncldir} /ncl —nQ ${codir} 02—2.ecmwf.fcst.F1.3—6wago.table.korea.ncl start_date=${idate}
${ncldir}/ncl —nQ ${codir} 03—1.glos.fcst.F1—4.table.korea.ncl start_date=${idate}
$1{ncldir} /ncl —nQ ${codir}03—2.ecmwf.fcst.F1—4.table.korea.ncl start_date=${idate}

set wnum = 1
foreach dd ( 7 14 21 28 )
set bdate = “date —d "${idate} — ${dd} days" +BY%m%d"
# GloSeab
set gfname = "cfpr_gskr_lmon_hano_spat_500_as_fcst_wO$ {wnum}_${bdate}.png"
echo ${gfname}
cp ${ghdir}/${bdate} /FIG/${gfname} ${outdir}
# ECMWF
set efname = "prod_ecmw_lmon_hano_spat_500_as_fcst_wO$ {wnum}_$ {bdate}.png"
echo ${efname}
cp ${ehdir}/${bdate}/FIG/${efname} ${outdir}
@ wnum += 1

end

foreach dd ( 0 7 14 21 )
set bdate = “date —d "${idate} — ${dd} days" +BY%m%d"
# GloSeab
set gfnameO = "prod_gskr_lmon_hano_ts_500_korea_fcst_w01_${bdate}.png"
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cp ${ghdir}/${bdate}/FIG/${gfname0} ${outdir}

if ( ${dd} == "0" )then
foreach wnum (3 45 6 )
# GloSeab

set gfnamel = "prod_gskr_lmon_tano_pspt_2m_ea_fcst_wO0${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfnamel} ${outdir}

set gfname?2 = "prod_gskr_lmon_tano_pdf_2m_kma_fcst_wO${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname2} ${outdir}

set gfname3 = "prod_gskr_lmon_rain_cdf_sfc_kma_fcst_wO${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname3} ${outdir}

# ECMWF
set efnamel = "prod_ecmw_1lmon_tano_pspt_2m_ea_fcst_w0${wnum}_${bdate}.png
cp ${ehdir}/${bdate} /FIG/${efnamel} ${outdir}
set efname?2 = "prod_ecmw_lmon_tano_pdf_2m_kma_fcst_wO${wnum}_${bdate}.png"
cp ${ehdir}/${bdate} /FIG/${efname2} ${outdir}
set efname3 = "prod_ecmw_lmon_rain_cdf_sfc_kma_fcst_wO$ {wnum}_${bdate}.png"
cp ${ehdir}/${bdate} /FIG/${efname3} ${outdir}

end

else if ( ${dd} == "7" )then

foreach wnum (4 56 7 )
# GloSeab

set gfname4 = "prod_gskr_lmon_tano_pspt_2m_ea_fcst_wO0${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname4} ${outdir}
set gfname5 = "prod_gskr_lmon_tano_pdf 2m_kma_fcst_w0$ {wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname5} ${outdir}

end
else if ( ${dd} == "14" )then
foreach wnum (5 6 7 )

# GloSead

set gfname6 = "prod_gskr_lmon_tano_pspt_2m_ea_fcst_wO0${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfnameb} ${outdir}
set gfname7 = "prod_gskr_lmon_tano_pdf_2m_kma_fcst_wO${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname7} ${outdir}

end
else if ( ${dd} == "21" )then
foreach wnum ( 6 7 )

# GloSead

set gfname8 = "prod_gskr_lmon_tano_pspt_2m_ea_fcst_wO0${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname8} $ {outdir}
set gfname9 = "prod_gskr_lmon_tano_pdf_2m_kma_fcst_wO${wnum}_${bdate}.png"
cp ${ghdir}/${bdate} /FIG/${gfname9} ${outdir}
end
endif

end
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# Check files
set ifnum = °find ${ptdir}/${idate} | wc -1
set ofnum = “find ${ptdir}/${odate} | wc —-I'
if ( ${ifnum} == "61" && ${ofnum} == "5") then
echo " ### Success @ lmonth GloSea5/ECMWE PPT Image Files Creation &
Transfer Complete! ### "
echo " ### Total number of files ( ${ifnum} / 61 ) "
echo " ### Total number of files ( ${ofnum} / 5) "
else
echo " ### Error : lmonth GloSea5/ECMWFEF PPT Image Files Creation &
Transfer Failed! ### "
echo " ### Total number of files ( ${ifnum} / 61 ) "
echo " ### Total number of files ( ${ofnum} / 5) "
endif

7l A5 L

A4 37/ME Ao FE¥+= ZElEx= GloSeadb BE o9 ZAijolw g2 tha3
o 3702 dF AAF deHE B2 9 Nino3.4 79 Hf gk, S5 500hPa A%

Zk, 6709 ol Nino3.4 79 s+ E A box plot(HUE, 67%, T4k, 33%,
Bagk FE25E), 3ME A5 sotrlol 7= D A Hal, Y o5 fEiver V1 2 Ak
Aer/gtEdr 7k, 38 fEuet 7l oSl g probability distribution
frequency (pdf) % Z+4=ol] 3t cumulative distribution function(cdf) #XEo|t}. &
A5 AF, 1E AEH FdEd FAE GELVE Tlold A AR 7] gAE
FEHUCE AT HF olv A Fds IHE ARESH

4. OdEg 1z

— o] AR /Ifs/data26/KMA

i

5

(L of

-

1o/

— 3/ A Zd= YAk = AR /Ifs/data26/KMA/CODE
— GloSea5 9= €A g AR: /ifs/data26/KMA/GLOS/6MON/
— ECMWF o= 9J¥€xts A= /Ifs/data26/KMA/ECMW/6MON/

— =¥x8 A2 /Ifs/data26/KMA/PPT/6MON/
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| CODE | dFCsT |
1MON || vyvymmoD | [ GRi8 |
[ o ]
[ 6MON |{ vvyymmoD | [ Gri8 |
TXT
[ G |
[ecmw |—{ imoN | vwywmmop | [ Grig |
TXT
[ iMON || yvymmDD || KMA |
[ peT
6MON || vyyymmoD | KMA

7M€ MY X e Y4
(GLOS.3MON.RUN.csh)

Step1. GloSea5 374® O HX|T si+H2E Hi U Nino3.4 79 HAZ 4

run.ksh

Step2. GloSea5 3718 7|2 U Z4 SHHOS & Y4
11.glos.dfest.temp.prep.3mon.table. korea.ncl

Step3. GloSea5 3748 7|2 X Z4 IAFUS & YLt

12.glos.pfest.temp.prep.3mon.table.korea.ncl

2t 22O 53 U

Zel  gEEy (/Ifs/data26/KMA/CODE) o] Q=

F32 2 739 (GLOS.3MON.RUN.csh) oA ¢= @5
(/1fs/data26/KMA/PPT/6MON/YYYYMMDD/KMA) o] HE o]n|x] w}o] # A=},
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cd /Ifs/data26/KMA/CODE
> vi GLOS.3MON.RUN.csh (4= 95 %)
> c¢sh GLOS.3MON.RUN.csh

#!/bin/csh

kst st sk s sk st stk sk sk sk sk sk sk sk skt stk kst sk sk stk stk stk sk skosk skt sk kol stk skok sk skok skok siok skokskokokskokok

# Make 3—month outlook PPT image files

# — model : GloSea5 (from KMA)

# — variable : sst, t15m(t2m), prcp

#

# Y.—R.,Jung / 2021

#*****************************************************************
setenv NCARG_ROOT "/app/sw/ncarg/6.1.2/intel—bin"
setenv PATH "${NCARG_ROOT}/bin:${PATH}"

set idate = "20211108"
"/Ifs/data26/KMA/GLOS/6MON/"
"/Ifs/data26/KMA/ECMW/6MON/"
set ptdir = "/lfs/data26/KMA/PPT/6MON/"
set codir = "/lfs/data26/KMA/CODE/"

set outdir = "${ptdir} ${idate}/KMA/"

set ncldir = "${NCARG_ROOT} /bin"

set ghdir

set ehdir

mkdir —p ${outdir}

ksh ${codir} dFCST/run.ksh ${idate}

${ncldir} /ncl —nQ ${codir} 11.glos.dfcst.temp.prcp.3mon.table.korea.ncl start_date=${idate}
${ncldir}/ncl —nQ ${codir}12.glos.pfcst.temp.prcp.3mon.table.korea.ncl start_date=${idate}
${ncldir}/ncl —nQ ${codir}13.glos.sst.3mon.gl.plot.ncl start_date=${idate}

ksh ${codir} dFCST/run.ksh ${idate}

foreach mnum ( 01 02 03 )
set gfname = "prod_gskr_6mon_hano_spat_500_nps_fcst_m${mnum}_${idate}.png"
echo ${gfname}
cp ${ghdir} ${idate}/FIG/${gfname} ${outdir}
set gfname = "prod_gskr_6mon_tano_spat_2m_ea_fcst_m$ {mnum}_${idate}.png"
echo ${gfname}
cp ${ghdir} ${idate}/FIG/${gfname} ${outdir}
set gfname = "prod_gskr_6mon_tano_pdf_2m_kma_fcst_m$ {mnum}_${idate}.png"
echo ${gfname}
cp ${ghdir} ${idate}/FIG/${gfname} ${outdir}
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set gfname = "prod_gskr_6mon_rain_perc_sfc_ea_fcst_m${mnum}_$ {idate}.png"
echo ${gfname}
cp ${ghdir} ${idate}/FIG/${gfname} ${outdir}
set gfname = "prod_gskr_6mon_rain_cdf_sfc_kma_fcst_m$ {mnum}_${idate}.png"
echo ${gfname}
cp ${ghdir} ${idate}/FIG/${gfname} ${outdir}

end

set gfname = "prod_gskr_6mon_oidx_nino34_fcst_mO1_${idate}.png"
echo ${gfname}
cp ${ghdir} ${idate}/FIG/${gfname} ${outdir}

# Check files
set ifnum = °find ${ptdir}/${idate} | wc -1

if ( ${ifnum} == "32" ) then

echo " ### Success : 3month GloSeab PPT Image Files Creation & Transfer
Complete! ### "

echo " ### Total number of files ( ${ifnum} / 32 ) "
else
else

echo " ##4# Error : 3month GloSea5 PPT Image Files Creation & Transfer
Failed! ### "

echo " ### Total number of files ( ${ifnum} / 32 ) "
endif
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7}. Anomaly Corelation Coefficient (ACC)

ol AIA T BEHL o= Hed 1Y =S 9 9 e Ho tis) 22 Al4kst
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. Root Mean Square Error (RMSE)

HaAFZLAHRMSE) = oS3 A=A Alolo] 235 YeE A TZE, ofgl] 4] D2g} 2o
d = ste] HHSE A FLAE AFEoE T3

RMSE= | —Y w,(F,— O,) (D2)
of HolA FE elZgh 0% #% & wiE A= 713X, WE wel & vehiy it 7
A ovldeh ok o2 Az} 433 A RMSEE 0olth
t}. Mean Square Skill Score (MSSS)
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2 1 72
St _gizl(fzj—fi) (B4)
AXPE joll oigt MSEjet MSEcj+& Zt z} ofefje} Zro] Aliteict
_ 1 - 2 _ n \’ 2

MSEj&= 7+ AAloll thgk A A dr A5t #S ghe] ztol& AlFste] s Z ol MSEc
= 7S dSHgoE ALY AS 7IFE od=dd did mean square errorg 9w T}
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e seb @ & gk

TS MSSS+= 94 2 xHAnomaly Correlation), X2 9 2HAmplitude Error) 2 Hjo]o]~ @ xK(Bias
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MSSS = & i %] n (D7)
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2}. Gerrity Skill Score (GSS)

Gerrity Skill Scorex= 3&9 dEe} e 7he|ag] dHANA S gFA HES Uit 3E4
o o] #AHESHE (contingency table)= Table D13} 23l &7]eof vehd 2+ 9 o1l 3
Z9o A AHFE 1# 3t GSSE AlLteth
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Table D1. 3x3 contingency table.

Forecast
Below Near Above Total
Below nti n21 n31 nel
Observation Near n12 n22 n31 ne2
Above ni3 n23 n33 ne3
Total nie n2e n3e N
oM zF 7t 2]of thgt ouet #ES f.of x2t £ n;;e o\ 19 w5 j 7HE 2o sigE=
25 Qo 7t 7t ned WiELo] ShES
Ly D9
Pi.i: N (D9)
2 UeE 4 Qlon oEef #Fo] ZF g o] tist &g Sx= 27
3
p(f) =D p;=p; 5i=1,...3 (D10)
j=1
3 -~
p(mL) = Zpﬂ p; st =1,..,3 (D11
j=1
oltt. of7]A GSS9| A4t o3 2.
3 3
GSS=Y1DP,S, (D12)
i=1j=1
1 i—1 . 2
w55
2\ &
1 i—1 . 2
S; :5[;_]1% —(]—1)+T27a,, (1<i<3,i<j<3)
aF(l—Zpr/ dp,
r=1 r=1
2. &HEEN o529 HE
7F. ROC Curve ¥ Score
ROC+ Hit rate (HR)®} False alarm rate (FAR) Atole] Bz E 7z} stE5471d | A5 s
Oz ZHoZ JEIA AOZ o B o3t wizkstA] 7] wEo AF T} 3ttt
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Table D2. 2x2 contingency table.

HR = H/(H+M) Observed
FAR = F/(F+R) Yes No
Yes Hit (H) False (F)
Forecast
No Missing (M) correct Rejection (R)

% D2+ ZFEHit Rate)d} Wl FE(False alarm rate)ol] 3k 3 3% (Contingency table)o]
t}. ROC= 0~19] @< 7FAar, 9493k o B o o HR=1, FAR=0, M(missing)=0, F(false)=0 #t<

7k 5. ROC =412 HR3 FAR /\}0194 %ﬁ 2 7t gE FHEE F e AAtste g a9
zo] H4do=z yehdt. HR=10]1L =0 w7l ¢Egk o Hoj= = ROC J—’\*Ol 5 g
O 2 7ol HALFEH o K —rfiB % of Fha & 4 Ak AL skill FHF-o A

o2 g7 olgl&o e ROC =Ao] 9IX|shd FARZF HRETH AXEE ojn 43 o] o
o4 olmEta ZAlo| mmwoﬂ A58 7 oln SEME HRS} FARYL Utz ofn
ool R AL ROCE 4 ojilel Ba1E Foio] A5yl Y= A3 olF

rlr

ROC scoreg}al 3&}ar, %‘ﬂé drY AL ROC scorex= lo|a, dro 7]<Eo] L& ZHL9

ROC scorex 0.59]t}.

L}. Reliability Diagram

Reliability Diagram-2 <19 A =& FAHst= =2 72179 7lH 1= &/FE dESES
S A3 gA g FoF dr FEol
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T}. Brier Score(BS)¢} Brier Skill Score(BSS)
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Brier Score(BS) = %Z %E]Vi(oi— 0+ o(1—0) (D13)
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