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Executive Summary

This project performed a series of analysis and technique development in the verification,
correction, and application of dynamic model output, thereby it aimed to diagnose the current
status of subseasonal prediction and to estimate its potential for future growth.

Firstly, the basic performance of the subseasonal prediction was evaluated using an
ensemble hindcast runs for 20 years (1991-2010) produced by the KMA GloSea5 model. The
KMA GloSea5 model is a global prediction system for the subseasonal-to-seasonal time scale,
based on the fully-coupled atmosphere, land, ocean, and sea-ice model. Overall climatology
representation and real-time deterministic forecast skill of KMA prediction were verified
relative to those of three other organizations (ECMWF, ECCC, and NCEP) for three variables
and three regions. As expected, the general prediction skill of the GloSea5 model was worse
than ECMWF, while it outperformed all three models in predicting East Asia temperature. In
addition, real-time forecast skill, particularly for East Asia, could be increased when replacing
the reforecast sample merging method to calculate climatology. In order to examine the
forecast fidelity and reproducibility of the system, this study focused on three important
aspects: systematic biases of hindcast climatology, error diagnostics related to precipitation,
and prediction skill of major climate variability. The results indicate 1) the overestimated
precipitation over the western Pacific, 2) precipitation errors related to the enhanced
convection processes leading to decreased incoming surface heat fluxes by clouds. As a
consequence, SST can be decreased by cloud-radiation processes as well as ocean mixing
processes, thereby possibly affecting ENSO prediction. This study also included the evaluation
and the identification of systematic biases in the global prediction model and focused on the
prediction skill of East Asian summer and winter monsoon with its interaction between tropics
or arctic climate, which are major drivers of weather and climate variability in East Asia.

Secondly, post-correction techniques of climate forecast using either deep learning or
classical statistical methods (e.g. regression and empirical orthogonal functions) have the
potential to improve S2S forecasting skills. Deep learning technology, which has recently been
spotlighted, is expected to be applied in the area of climate forecasting with the development
of various algorithms, computing power, and the accumulation of big data. We investigated if
deep learning can improve the prediction accuracy of S2S forecast data in the Korean
Peninsula. After applying the Long Short Term Memory algorithm to GloSea5 and ECMWF S2S
models, the overall root-mean-square errors across the entire lead times were dramatically
decreased for maximum temperature (> 17%), minimum temperature (> 17%), and precipitation
(> 50%). This algorithm also decreased seasonality in S2S models, leading to stable climate
forecasting throughout a year. In addition, conventional regression analysis and empirical
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orthogonal function improved the 2m temperature (T2m) prediction skill of three week ahead
during boreal winter over the East Asia by 19.4% relative to that of the original SCM MME.

Lastly, the techniques to improve the usability of subseasonal prediction data were
developed. East Asia winter temperature is highly related to extratropical atmospheric
variabilities (East Asia Winter Monsoon (EAWM), Siberian High (SH), and Arctic Oscillation
(AO)), but these relationships are not always properly simulated in individual climate models
and even in the Multi-Model Ensemble. Despite of poor skill in predicting climate indices, it is
shown that employing those relationships has the potential to estimate the real-time forecast
skill of EA T2m three weeks ahead. APCC has provided the Boreal Summer Intra-Seasonal
Oscillation (BSISO) index since 2013. However, this index type information is not easy to
understand what it means, so it is necessary to provide client-friendly information that could
be intuitively recognized. Among three methodologies developed to transform the BSISO index
into the atmospheric circulation field (BSISO impact), the composite analysis based
methodology were selected because it reasonably accounted for total atmospheric
intraseasonal variability. This method was superior to the other two methods in respect to all
phase, season, variable, and region. The BSISO impact anomaly based on the selected method
accounted for more than 30% of total variability over the Asia monsoon area and described
up to 60% of total variability over the Indian and the Northwest Pacific Ocean, a source of
mid-latitude climate prediction. The BSISO impact has a seasonal characteristic, which well
represents atmospheric status in a wet season rather than a dry season for major monsoon
areas such as Southwest monsoon, Western North Pacific monsoon, Meiyu, and Changma.
Especially, the Southwest monsoon onset is a good target to exploit the BSISO impact field.
The selected methodology is also highly applicable to the forecast of BSISO impact anomaly
by using the BSISO index forecast. The BSISO impact forecast from the ECMWF model is
more skillful than those from the other models in simulating the observed BSISO impact
anomaly. For example, it provided reliable results for up to 2-3 weeks for the Asia monsoon
region. Consequently, we developed a method to reconstruct BSISO related atmospheric
circulation field and its local impact from index type information and this method can be
applied to not only monitoring but also forecasting BSISO impact. The BSISO impact
information has the potential to represent the monsoonal variability in the Asia monsoon
region.

_iV_



= AEW TR oS te Woh B, B
2 %Ho] ek

A WA 542, 7183 0M ddez ASHL e Y FEALAS A =HA GloSead
ol A-Y oSl WA A Hke 2E 7xF e zdeln. A

/\]Zl'ﬁeﬂi E}' 7]3'1’_]' _o , = %‘ /KE}%E %‘7]’
st AAE FFoH9 L, 2018 g & e 1-45 A AT T3t GloSead +=HH ZAHE

A HdF: AHE AAEAT. GloSead 452 ECCC, NCEP#= A2 FAFSHARE ECMWE|
Hls| A= A8 oA ar, 2018/19d e Hl&l 2017/18\d A9l Aeeol & o =ty HARkH
2 FolAo} 72 dFAFLe AYaEF HIEiA HolA 7|2 4R NHE 93 =g o]
& FIE 5 ok =D GloSeads I A A Ag 7|F@ES Atste Bo ©E BT
=5 #Hrietdnh 1 A, A AE dAATIE ARG S SRS dAAT= B
71335 ALEE W FolkAote] oA F Aol MAES FUAEAT GloSead A& 2%
A TE 5AE AHET] A APARE 2F, 45, 65, 859 o
JJA) &= 9 Ao o3 BXE E43519 k. ERA-Interim A4 A5k o)z
b 259 Ao A olm] EAAQ at Rx7F FEREA UE
L8Rl A FEHE A YEde 59 exs AgARte] AojdsE oS A vE
v ¥ eatE ATl AoHASFE B ofstA UERdTh

—_

N

n
3

f
&
£

[N
o
lo
)
offt

k)
o
_>|.1_|l
lo

l

4 do

t

B
N
=]
rlo 4
bt
1o
o
ﬂN_',
rlr
e
Og(:[',
~

4 % O & odu 2 jo

g o 8
%
Lo

"
2
©
2

o
O

As) 2o A A& oxsh Fesich of
59 o] X7} 3N, SHPFL
AAE & A ol ENSO clZ4ols §ge
=40 sl ¥ dA78 Bast Ak

B mele] 93k 4 Awns] 98 FolAel ALA OIF) 7]
A4 B@7HE 98 19919d-20008 (A Rt~], 1P)3 2001'd-2010'3(F-1H7],

2P) % 71k Uprold RSt ENSOSH FolAloh Ag el Azl Huol

ol
e

fu
lrm?rri
2
LAy o o & oy

o Mo ot
ot
E?{J
ol
o

N
-0

N

5

L

¥

:

b

ﬂ)l_:‘

O

k|
>

T

s
o
Jm
o
o
£
ol
o
)
>
(03
)
)

A ehgel ol AEaE 2 Bele] k. Ea, A ENSOS 54l BB F4 EP)
A FHBF FA CPOE Waty i ZA%E Aol 9L Ao Hef o AT BHo|
a7

FORA 542, v 2o A-Y 95 As FHEA 71 Jhdolth

& l
8y e g ¢ugFe M, HFYE e B, Z4E YuEiA= dolge =



Aol meh gFgk ZopollA Hae E2Aes dsted de A& v "HEY Ve
715 dF BopllAE dF FES woE F A 72 JHHL AR, wig B3 45
A HolHE 7" 71F dee dSste <2 W el 53 9 AL oAl Aol
7] wWiZol o] Eokol e Heid el A& ok 27| dAe A Iy dd e
ol A A T Aol i ds Aol BAJHAHA, 7] FAF okl E A e

AT 2 dATelAe "dEdel dudE F sl F

=]
]%(Long Short Term Memory, LSTM)2 ©]-&3}o] S2S o= A 59 &
HE F9o] A 7 dF A5FEFH I 2 HATL, )Y dF =
Rtk Held RdS 7557 f% oY AsE AxE H
A Z(TMIN), 850 hPa 71fHANA 9] FA, FE3F ueh(U850, V850), 3l
(PREC) 5 ECMWF$} GloSea5 S2S o2 Azboj A z]Eate
Z+2¢l ERA-Interim A 8& #=gro =z HAAs Y Hayd 2dS F&3519ch. 1 Ad, AA 4
= AgAZE g Al 7% WY AAGSH ASXIHY] BEAl a2 2HRoot Mean

5 Ass aRFor FIANE F Uee T F AMH AVledd JEEE okyg 1
AAQ A 24, APA Hu e 7IHS 8] s 53 71 AV A A
SotAlol Ag 7129 AFA Mde AR BAH B Jee MLEAT olE f8l sotAl
o A% 7129 ME EE, oMot AL &, B AE 2EFY, Aol ar|g, S3F
s OER Vg REEO] dF 54 Adsta, B FobAor 7R WAl #53 Ay
goldA wlastty 712 HE REof FoAlo A Hi 7| Aol vt 39 A& 7]
¥ 243 A3} 71F SCM MME the] Ho 19.4%2] ACC A% A e sttt

A A Sis, AU g5 B2 Asd BT A5 FEE i AxT ol&Es T
Eoh7] 93 AR 28 stol=gkdd JNdolth kA AP AW R FHT 52 1 4
ol B B ofyst ME 3] Ao A vl Ak wef AARE A5 ZEVE el o
& FAA A ATATE vid BN ZE&Ago] SiE 2 e Zoith. AA AE
25 E4e T, FoMAor As AW 3FA 72 AR o] 7% e, AW 27 4%, o
= A= =40l v3sA BedS ST FHE s A27F vEhd= 8749 71§ W
S EE wA e Aeal, A¥ 159k 3FA oo AFA, di M= HldEst=
g 54 Tol AT olF HE o2 HARL dqF Aes 3ES JtEgd Ui dE2
FAste AFE B3 Thol=ele AT F5 AAZE S ik A8 H7tel
71RMeE R A5t 2] olF, Y F8ol ivEn E3, A FHE ATHY A4FE ALY
BEE F O ABHOE JIAD 5 JA obrot E5= Aol td tr] =RHIFHe=
e AEAT ol A AFE THFOoR HMBAZ JHES AAEHT o] T AA o
7l MEs M8 AdsA dHd o e stuel 7IHES Adsisin Addd Jne 4, 9
B, AR, dMed, A9EERE & 7HEY $de Ssdn. AddgE JEe 48
GFAL ofAlol B A Auke] thalA AA HES 30% oS AHT F Y FIY= 7]
T dSe dxdeo] & £ Sl A=Y H EMEHEG A9 WHEel oA Ao 60% °lde
A AT Add9E ZHeRE e YIS A5d /1Y T JUE, T, HAHE



%, PVE 5 Fo Be AGuit 47 Bed 977 22 Uol 0] 43 o F 4
L ARY 54E AT o} Aol uls) $olo] UE BEEIL BSS L S AU 1 F
A= Beol hsiHE A2 109

A go] 7Heds skt 53 ECMWFE BSISO d&4 diRe= & mdo TJ7 4 vl3|
#59] BSISO FFL BSHE w0l © ol oprlol B A o] g4 Holx 2-3F
AAE ATV BSISO I ARE ATT 5 AL FASAT Ao o] ATl
E A5 AuolAE §F57] YEUY obol Ba Geolne] NG 5 AN WE
& PPl T JRE T ABHOET FAY F Yx WS TASHGL 1T o]
A 3}

o

w
&
f
rlr
)
&—l
2
2>
Ho
ofo
QL
)

— vil —



O i
EXECULIVE SUITITIATY ++++ev+eeseeserssesserssussrssimsiusemsissiissississsas bbbt i
R O v
T X eeneneeee et E SRR viii
s R X
=2 T I TP %i
L A] L cevreeere e e 1
= = OO 4
Th. B eeeeeseueeserenene et 4
(1) AU T8 ZFE correrserssemseesiessisis st 4
(2) THZE ZPEL eeereesesesesseitsei et bbb bbb 6
LE, HEEL B ceoeeiemes ettt 6
(1) TIEIE 7] M cereeeeemeere et 6
(2) BSISO SBEAF BLAT Z]H] werreriueueietienis ettt e 11
Th. 7] ] 2o teeueeesetseretse et bbb 13
3. T T eeereeenen ettt bbb 16
7} AAY 24 TIF L @A} BT e 16
(1) GloSea5 dlZA% B D FIF WET A ZPHE e 16
(2) GlOSEA5 TEZB] QRF ZIThereretuetetririei ettt 37
U AU B3 a2 BA 7]E TP HE e 58
D) 98ds 883 sl HA - H1 7| 2 45 = BA 7S ANk 58
(2) ALH SOIA O} 7] ]2 HA 7]Z NHF s 67
ok A o2 AR QT T ROl TP HE e 97
D) ALH Zolro} ZHF 7L o= A% 2A 7}o] T}l FPHE e 97
(2) TR 7)8F BSISO SBFELA] 7] e ZPHE errereeeieiei i 101
= = I O 118
KA #eststesesssetsssetess it bbb bbb 123
REFEIEIICES +++++++ererrereressererseseisesiststesit et ettt et b bbb bbb b b s e b e b be b e e b e bbb e b e e b e ae bbb e b et e s te s ebas 124

B2 A KMA AAY =45 vl - F7F WESY 53 A28 SHUFY e 130

— viil —



141

5
T

Srde 7]

=2 B. AdEY <

o

- 142
-~ 151

J
mr
piig

a
mr
ot

169
174
177

N

2 E FopAol A 7l a3

o

—_—

G. 94 BSISO Qa4 o

1=}
nE

- IX —



Table page
1. Description of subseasonal fOrecast MOMELS. « e eereseresessssssisisititititititiittsss s 5
2. Description of BSISO forecast moOdels. -«-x-x-r-rrererereremm e 0
3. Summary of input and label data for S2S-deep learning. :««::teeemreseeemereesrmianeniinenseneceens 11
4. Methodology for BSISO IMpPACE analySiS:«««serererererererssessntssintnsisnsnsssnsssssssssssssss 13
5. EASM indices used in this StUdy. —«eesessessssersrsrsrsmsmmmsiiiiiiii 14
6. EAWM indices used in this study. * indicates normalized value. «-:-esesesereeseeenensecnenene 15
7. Weekly RMSE before and after LSTM learnjng ........................................................................ 05
8. Four ways to reconstruct model” s T2M anomaly field over EA for 3 weeks lead time.--- 94



Figure page
1. Model configuration Of KMA=-GIOSEAD. «wwsrsrsrsrsrsrsrsssssssisssisisisisiisiiii s 4
2. Single-layer perceptron and multi-layer perceptron (Source: Lee, 2018). «wweeereemseeesiereininnnn 7
3. (A) The repeating Recurrent Neural NEtWOTKS, -+ ---wreseessreermsimssisnemsiinsisnsisssscenes 8
4. The repeating module in a standard RNN contains a single layer (Source:

http://colah.github.io/posts/2015-08-Understanding-LSTMS/). «++++ssssssssssssssssssssssusisisisisisisisisisinns 9
5. The repeating module in an LSTM contains four interacting layers (Source:

http://COlah.github.iO/pOS‘[S/ZO15-08-Understanding—LSTMS/). ...................................................... 10
6. SVM classification algorithm (source: https://en.wikipedia.org/wiki/Support-vector_machine). -

....................................................................................................................................................... 10
7. Conceptual diagram for BSISO iMpact analysis. -+ +sssssssesssessssssssssssssssuissiisiisisisisisisisisisisisiene, 12
8. The structure diagram of GloSeab Verification Framework. --«---seeereseseerserssnsccnnnsnncenes 17
9' An example Of Chmatology SmOOthmg methOd. .......................................................................... 19

10. An example of calculating 1-lead week for climatology from (a) 3-models, (b) target based
KMA, and (C) lead based KMA ................................................................................................... 20
11. Scatter diagram of annual RMSE and PCC of (a) T2M, (b) PREC, and (c) Z500 for ECCC
(orange), ECMWF (blue), NCEP (green), target based KMA (purple), and lead based KMA
(yellow) for 1- to 4-lead week over Globe (solid line) and East Asia (dashed line). -+« 21

12. Annual and seasonal averaged relative RMSE difference of climatology of T2M over East

Asia and Globe of ECCC, ECMWF, and NCEP with target based KMA., -« eeeeeeeeseeeeiaeenane 23
13. Same as Figure 12, eXCept fOr PREC, s+ swssrssessrsrssessiiustssiisitsisis it 24
14. Same as Figure 12, eXCEPt FOr Z500. «+wswswssrrssessusrssesssisssssisisitsisis st 25
15. ACC of Global (&) T2M, (b) PREC, and (c) Z500 for 4 lead weeks of ECCC, ECMWF,

NCEP, target based KMA, and 1ead based KMA. - swwseeessremssimimeimimeiiieiissenisceiesesenene 2%
16. ACC of East Asian (a) T2M, (b) PREC, and (c) Z500 for 4 lead weeks of ECCC, ECMWF,

NCEP, target based KMA, and 1ead based KMA. «--sceesseressereimermsmeemiesisieseiseseicsesscsesoas 27

17. Annual and seasonal averaged relative ACC difference between target and lead based

KMA of 2018 real-time forecast of (a) T2M, (b) PREC, and (c) Z500 over East Asia and

18. Scatter plot of day difference and 1-lead week ACC of (Left) T2M for MAM over globe

_Xi_



(left) and PREC for JJA over East Asia (right) of target based KMA (blue) and lead based
KMA (red)‘ ..................................................................................................................................... 29
19. Scatter plot of day difference and 2-lead (left) and 4-lead (right) week ACC of Z500 for
SON in East Asia of target based KMA (blue) and lead based KMA (red). «s«eeeeeseesseeanerenans 30
20. Scatter plot of day difference and (a) 2-lead and (b) 4-lead week ACC of Z500 for JJA in
East Asia of target based KMA (blue) and lead based KMA (red). ««-«weeeememmmmsmsnminennnnes 30
21. Annual and seasonal averaged relative ACC difference of 2018 real-time forecast of T2M

over East Asia and Globe of (a) ECCC, (b) ECMWF, and (c) NCEP with target based KMA.

22. Annual and seasonal averaged relative ACC difference of 2018 real-time forecast of Z500

over East Asia and Globe of (a) ECCC, (b) ECMWF, and (c) NCEP with target based KMA.

23. Annual and seasonal averaged relative ACC difference between 2017 and 2018 real-time

forecast of (a) T2M, (b) PREC, (c) and Z500 over East Asia and Globe of target based

KMA .............................................................................................................................................. 36
24. Monthly averaged lead week pattern correlation coefficient (PCC) for (a)Z500, (b)U200,
00747 38

25. Horizontal distribution of 500hPa geopotential height for 10 March 1991 from (a) ERA
interim reanalysis data and (b) GloSea5 initialized 9 March 1991 (1-day lead time). -« 38
26. Temporal correlation coefficient (TCC) of the 2m temperature between ERA interim
reanalysis data and GloSea5 hindcast with (a)-(d)1-4 week lead for DIJF. -seoeeeeererieennannen. 39
27. Temporal correlation coefficient (TCC) of the precipitation between ERA interim reanalysis
data and GloSea5 hindcast with (a)-(d)1-4 week lead for DIJF. e 40
28. Spatial distribution of surface temperature biases (model minus ERA interim reanalysis) of
(a)_(d)2_8 week lead for 1991-2010 JJA.  ceeceeeerererereimmrurtrtrtrtrtititrtrtititttttisistststststststsrsnsnsnes 41
29. Spatial distribution of averaged surface precipitation biases (model minus GPCP
Obser\/aﬁon) Of (a)_(d)2_8 week 1ead for 1997_2010 JJA ....................................................... 42
30. Ratio of large-scale precipitation and convective precipitation from total precipitation.---- 43
31. Spatial distribution of 200hPa potential velocity and divergent wind biases (model minus
ERA interim reanalysis) of (a)-(d)2-8 week lead for 1991-2010 JJA. ereerresrmremsenniinininiens 44
32. Magnitude of Hadley circulation. Zonal mean velocity potential at (a) 850hPa and (b)
200hPa from ERA-Interim reanalysis and GloSea5 2 (pink), 4 (green), 6 (red), and 8 (red)

- xili —



Week lead. ..................................................................................................................................... 44
33. Surface biases distribution of (a) net longwave radiation fluxes, (b) latent heat fluxes, (c)
net Shortwave radlatlon fluxes’ and (d) net heat fluxes ......................................................... 45

34. Difference distribution of vertical subsurface ocean temperature averaged 10N-10S

between GODAS and GloSeab with lead (a) 1 month, and (b) 3 month. «eeeeeeereseeinnnnne 46
35. Difference distribution of 20D isothermal depth between GODAS and GloSeab with lead (a)
1 month, and () 3 MOMEI. «eeereeererrrsiemini 46
36. Spatial distribution of winter SST (Nino3.4) and following spring SST (NTA region). -« 47
37. Time series of EASM Index calculated by ERA-INtErim. «weeseseesesmissssmimisisisiiinisisisisinnie, 48
38. Time series of winter Nino3.4 index (black), spring NTA SST (red), and spring NTA SST
with removed ENSO effeCt (DIUE). «ereeerererereroreraeesiuremuemienieenitinitenitesieesittsiessreesneesseeesnesneens 49
39. Scatter plots of winter Nino 3.4 SST versus EASM index. —ceeeeeeeeseresesseemmimmmni.. 49

40. Spatial distributions of summer UV850 and PREC regressed winter Nino3.4 for
SAME/OPPOSILE SIGIL, +++r+s+sesrsseressssnsssststiststs sttt 50
41. Surface temperature (shaded) and 200hPa wind (vector) regressed on the Nino 3.4 index
from GloSea5 (a), (c) with lead 1 week, and (b), (d) with lead 3 week. «erreeresereseeenuennen 52
42. Surface precipitation (shaded) and 850hPa wind (vector) regressed on the Nino 3.4 index
from GloSea5 (a), (c) with lead 1 week, and (b), (d) with lead 3 week. ssoeeeeereereeeiaiiiiiiannns 52
43. (a) Correlation coefficient between Nino 3.4 index and East Asia monsoon index from ERA
interim and GloSead with lead 1-4 WEEK, «rotererrererererererereiiiiiiiiititititissratatasaiaiaiieieeeeae, 53
44. Surface temperature (shaded) and sea level pressure (contour) regressed onto the EOF

2nd PC from (a) ERA-Interim, (b) GloSea5 with lead 1 week, and (c) GloSea5 with lead 2

45. (a) Correlation coefficient of arctic oscillation (AO) between from ERA interim and
G10Sea5 With 10ad 1=4 WEEK, ---+ererrrereeerararsrerrrrrarsaaiaiiiointntetsesseiniatrtetessasiesntariassassasanrararesessaans 55
46. The linear trends in surface temperature during DJF for the periods 2000-2009 from the
ERA-Interim and GloSea5 with lead 1, 3 WEEK. ewerrrerrmrermmminiiiiii 56
47. Leading modes governing detrended winter sea level pressure from ERA-Interim (black
solid), and GloSea5 with lead 1 (blue), 3 (red) WEek, s ererrermimimiiiiiiiiniii 56
48. Surface temperature (shaded) and Sea level pressure (contour) regressed onto the EOF 1st
PC from (a) ERA-Interim, (b) GloSea5 with lead 1 week, and (c) GloSea5 with lead 2
T o O LTS 57

— xiil —



49' Proposed Structure 1 Of deep learnlng' .................................................................................. 58

50. Proposed structure 2 Of deep IEarming. -« e ererererererersrensssssnsnsnssssrssssss s 59
51. Proposed structure 3 of deep 1earning_ .................................................................................... 59
52. Overall prediction performance before and after LSTM measured by RMSE. -« eeereseeererees 61
53. Comparison of performance (RMSE) among machine learning algorithms. ««-«««e-eseseeeeeeeceeees 63
54. Comparison of daily performance (RMSE) across entire forecast lead time. ««----weeeeeeeeeees 64
55. Weekly RMSE before and after applying LSTM algorithms to ECMWF and GloSea5. -« 65
56. Seasonality of S25-Deep learning prediction (entire forecast lead time). ««w«eeeweerereeareneenees 66
57. Seasonality of S25-Deep learning prediction (Week 3 fOrecast)-«-emweewmemereerreareeenscanenes 66

58. (a) scatter of RMSE and ACC of weekly mean T2M over East Asia for 11 winter seasons
and (closed circles in (b)) overall skill variation with 1 to 4 weeks lead times. «««-weseeeeeees 67
59. long term mean of weekly (a) ACC and (b) RMSE variation of weekly mean T2M over
QST ASIA, sveverererererernrntniniiitiiiiiii e e e e e et 68
60. (a-b) spatial pattern of two leading EOF modes of T2M over East Asia
(100.5° E~145.5° E, 30° N-60° N) derived from the observation and scatter of the
observed and predicted PC time series corresponding to (c) 1st and (d) 2nd mode for lead
times OUL 1O 4 WEEKS, wrererrerrrrernetettteetet et ettt ettt ettt ettt st a et s et eeteees 69
61. Power spectrum of (black dashed line) the observed and (color solid lines) the predicted
PC time series corresponding to (a) 1st and (b) 2nd EOF mode of T2M over East Asia. - 70
62. Observed (left) U200 and (right) MSLP patterns regressed onto the observed (upper) 1st
and (right) 2nd PC time series. Contours display observed winter mean climatology. -« 71
63. (a) TCC of DJF weekly SHI between models (individual models and MME) and the
Observaﬁon from 1ead Week 1 to 4 .......................................................................................... 72
64. Schematic diagram of weekly Slope PrediCtion. -+ «wwssssssesessessssesmnssusisisiiisisisii s 73
65. Observed (a) winter mean (DJF) MSLP for 1999-2010(the domain for Siberian High is
indicated with a green rectangle), (b) weekly climatology (dot) and slope for 4-week (solid
line) SHI, and (c) 2m temperature anomalies regressed onto weekly SHIL --eeeeeeeeeeneesneeanens 74
66. Observed SHI (asterisk) and 4-week slope of SHI (solid line), (b) 2m temperature
anomalies averaged over EA, and (c) SHI (colored dot) and 4-week slope of SHI (solid line)
o200 ) BT T T T TP T T T T T T P P T P P P T P P P PP PP PP PP PP PP PP PP 75
67. Slope of SHI (a) predicted by MME and (b) climatology for 4 weeks from each initial date
from 1999/2010 to 2009/2010 (hpa/Week) .................................................................................. 70

— XIv —



68. (a) Correlation of SHI slope between the MME and the observation (left bar) compared to
the correlation of SHI slope between the climatology and the observation (right bar). - 77
69. Number of occurrence of (a) positive slope and (b) negative slope of SHI for the
observation, climatology, and MME for DJF from 1999/2000 to 2009/2010. ««-«xsseeeeeesneraneea 78
70. Boxplot of weekly slope of SHI for negative and positive cases, repsectively (left) and
weekly slope of the observed temperature at 2m over East Asia corresponding to positive
and negative slope Of SHI (FIGRt). swesesresererereessmsmsmntsnintititiieisi s 79
71. Composite of 2m temperature tendency (C/week) for positive (a) and negative (b) cases

of observed SHI slope and positive (c) and negative (d) case of SHI slope predicted by

72. (@) DJF mean of weekly EAWMI TCC between models (individual model and MME) and
the observation from lead week 1 to 4 (b) Correlation of weekly EAWMI between the
observation and S2S MME, «tcccceererererereraratiiiiiiiiiiiiiiiiiiiiiiiiiiiiii ittt e e eaes 81

73. (@) DJF mean EAWM indices for the period 1981-2010. Two dotted lines indicate +0.5 std
dev, dash-dot lines indicate +1.0 std dev (b) 2m temperature anomalies averaged over
East Asia for strong, neutral, weak East ASian MONSOOM YEAIS, swwwrrreerrrrrresssrennrsmsinnieiannnnes 82

74. (Left) Pattern correlation between the seasonal mean and weekly mean temperature at
2m over East Asia (right) Year mean of pattern correlation (black), pattern correlation

between the observed and predicted 2m temperature at lead week 3 (red) and 4 (yellow).-

75. Wavelet power spectrum of (a) the observed and (b-e) MME weekly EAJS (U200 averaged
over 27.5° -37.5° N, 130° -160° E) for DJF from 1999/2000 to 2009/2010. «+-«x-sssseveseeeeeeeess 85
76. Meridional location of the EAJS core for (a) the observation and (b-e) MME at lead week
1 ERTOUGRL . rereeerereeeeees e 86
77. Averaged zonal wind speed and core location (black dot) of the observed EAJS during (a)
north-located, (b)normal, and (c) south-located WEEKS. -+ --s-sserrersememimieieieiiicie 87
78. Composite difference of 2m temperature and Z500 between EAJS north-located and
normal years (a,b) south-located and normal years (C, ). weereemmrmemmm e 88
79. (@ Number of weeks for EAJS north-located (red), normal (blue), and south-located
(yellow) in the observation and MME at different lead Weeks. -« eeeeeereeseneiesniiiiniiiniennn 89
80. observed and predicted MSLP patterns regressed onto corresponding AO indices. -« 90
81. Inter-model comparison: TCC and RMSE skill of predicted AO index for 4 lead weeks. - 91

— XV —



82. Standard deviation of AO indices for (a) 11 years at every week and (b) 12 weeks every

83. Correlation coefficients among 8 indices, those are T2M anomaly average over EA, PC
time series of two EOF modes of T2M anomalies over EA, four EAWM indices, and AO
index, for (bottomleft) the observation and (topright) the model. --:--««seeeseesereeesnessisianinnns 93

84. ACC of (white bar) original and (colored bars) four different ways reconstructed T2M

over EA for 3 weeks lead time. One-leave-out cross-validation is applied. ««:«-sseeerereeerene 95
85. EA T2M ACC distribution of 132 samples (12 weeks for 11 winter seasons) for (light
yellow) original MME and (light green) reconstructed by REG_EOF+REG_EATa. «+-+«eeeveeeveens 96

86. T2M anomalies of (a) observation (b) original MME and (c) reconstruction from
REG_EOF+REG_EATa for Jan 16-22, 2002, ««wswereererererimreeinontiiniiisiinitinitiisssessse s 97
87. Box-whisker of ACC for BN, NN and AN groups at different 4 lead weeks. -+-seerereeereneee 99
88. mean ACC of 9 categories based on two different indices’ tercile criteria for lead week
(top) 3 and (bottom) 4 .............................................................................................................. 100
89. (a) scatter plot and (b) box-whisker plot between simulated PC1 persistency and EA T2M
skill for lead time of 3 weeks from 132 samples (12 weeks for 11 winter seasons), - 101
90. Skill comparison of BSISO impact for Outgoing Longwave Radiation over Asia-monsoon
region for M1 (left), M2 (middle) and M3 (Fight). -+sssessersrsrrssmmmniiiiiiiniieieisieiiens 102
91. Skill comparison of BSISO impact for multi variable over Asia-monsoon region for M1
(left), M2 (middle) and M3 (FIGht). <« ererererererererenenenninei 103
92. Monthly skill comparison of BSISO impact for OLR and zonal wind at 850hPa over
Asia-monsoon region for M1 (bottom), M2 (middle) and M3 (fOp). «+rerererererserererereseseseseseseees 104

93. Phase dependency of anomaly correlation and fractional variance for BSISO impact. -+ 105

94. Regional robustness of anomaly correlation for BSISO Impact. «---seeseeeerenemesnremsininiaeinineen. 106
95 Phase preference Of BSISO lmpact fleld based on Ml ........................................................ 108
96. Regional and seasonal preference of BSISO impact anomaly based on M1, «:eeeeeeeeeeeeneee 109

97. Month representing maximum fractional variance of BSISO impact anomaly for outgoing
10ngwave radlatlon ..................................................................................................................... 110

98. Monsoon onset date for Taiwan Mei-Yu and Southwest monsoon during the recent 10

99. Tendency diagram of monsoon onset for Taiwan Mei-Yu and Southwest monsoon during

the recent 10 years‘ .................................................................................................................. 112

- Xvi —



100. Skill comparison of BSISO impact forecast for WEEKI in respect of Outgoing Longwave
Radiation Over ASIa—INOMNSOOIN TEGIOM. +«+srssererersrsrssssssssmsmsmsmsmiustitstststststst sttt 114
102. Anomaly correlation coefficient of BSISO impact forecast from ECMWEF for WEEKI,
WEEKZ and WEEK3 and eaCh month_ ................................................................................... 115
103. Scatter plot of forecast skills for multi-variables from multi models. Each model(variable)

IS dlstlngUIShed by Color(marker). .............................................................................................. 116

— Xvil —



ME

AN 57 F4e AT 2 s

sapaly] gla) A4EE o2 oy A

W oE Aaw ZRESo] ol we oo td tiEE B W of2e AAolw, A
g g
&

o
o
o
oz
)
ol
O
o
o
v
<
o
il
o
>
_?_L
N
T
td
ol
e 2
Y

249 7R3 45Ag = Fr} 7]
g AAY ASAHEY A9 £FF
A7) el Hs] ofF] I o FriEe]l I Z7|GAC AUA g Jok AFW dF2 7
(weather)® 7]3Z(climate) Atololl ¢ xsle] Z7|&2] FFo] AL AgAE F7to)7] wjEd
AdY dF 289 45452 ve-=8¢ 1s (Madden-Julian Oscillation, MJO)¢} 22 A
AU A7 FRO F8 HERE o2& AQstus 73 5 2o 7B HFEY o 2o
Ao 27 o] Fe] oF HiEol| WA X3tk 53], RIEE BRI FolAlor XY Fge) 7
29 AdY A5Hee A3 "ozith StA|RE, o]l §le 7R E
Ak A-Y ASATL FoA e Aol F7Hgtel wet kgt AeE=5E AE AF
of th3k a7t AAE HIHSHA o] FojA L Ut o] d A Sfell, AW 2 =
= o2 q4F MAE A MeEs JNdsiH, vkA

S22 AdY dF A5 7HES Tl &8 Jhol=gjls Atk o] #HAle] FZ o] gl

X,
g
X,
r
[o
X
et
2
o
u
o
N
N
ol
ol
IS
I
l
jur]
R}
ot
Jl
22 ofl M X

HAAF 713 23 (Global Climate Models; GCMs)& AlAUY o ZoA A& o =9 0137]77}
A 71EH o g AEHI = HFHA EA o) o] X“ﬂﬁ] A 71FEUWIA 715 =
P2 FA7] AF B FFE FIZE BUglel #A OH I A e TG AAME 1999%3
2E t7|d<ed 238 2A% A7 r AMAAS T35t 98F e 93 Ay o=
A5E AR 837133 d A = 2000 o of EOPH ZNEAEEYE S T35, 98H W
Hol| ot Ar|dEAEE /‘34‘3}‘2213} 4101]“ gk 71”764 Y371 AR

A
A 2010858 Fd= 7 o]'o-/] Z‘iX]:rL Eﬂ7l-°H°o‘E-°HHJ A¢Ed (HadGEM3)< 7|wte=
o]

%
e
i
2
AN
>
[
uui)
@
o

o
0,
(@p]

easonal Forecasting System version 4 (GloSead)E =< T=
stth =3, A FdE AE RE ) 20143 FE GloSeadoll A =d Eg]AH 3y S
HEHN e M wad= 71F 22 GloSea5 (GloSea version 5)& @l =U3HA T

3 ZEAAGEZA2E FAP29E Y3l GloSeabs: F=3tHA, ZUoA % GloSea59]
7F 2 ASE oA st Atk SRR, AW RAA S e 2 54

qdF A5 H

ek AT o BA FTh weEbA o] AFolM = 71444 -GloSead AEW 715k 2 AARE
ol e Hs BEE B 7| 2o HuE T8 ABHoz AL, FotAor A=
e FE= A8l sokrot £ ddE AR VFHEATe] dHd 2 AEAE Y A4
el AR LAL jhe) R, AFW S qrRol sl 3-4F9] AF Ase S4e ot
B, oljt A3E T3 AAAATIFAA L] T2 atel tisl detsty dqSAe SiHqE
o =] HaA . =3 5 2do] Jid B A Bog JHE AFstaA ok

A AAZRe=z 1174 7]

0
£
AN
N,
r o)
o
o)
i)
=
£
AN
3
fu)
et

AR FH 2 oldAE A



Subseasonal-to-Seasonal (S2S) T2 A Eo] Zodsta Qo ZF 7]#o A AAkHE S2S o= A5
= #4 F7] 717 xR AlE(European Centre for Medium-Range Weather Forecasts,
ECMWE)¢} 5= 7] (China Meteorological Administration, CMA) ©|°]g €& H3] Al&A}
SolA AFEHL Atk S2S AETF Rt ZokollA F&sHAl AHEE F dFelE ETEka,
47 dEY FA47] dBd HlE d3Ado] dASHA Foh= & wjZel (Brunet et al, 2010;
WMO, 2012; Robertson et al., 2015) &-&o] & A &3 A= AAolth. wehA S2S 4= A
B &84 FUAIIY] faiAe AW A5 2 AAY Ass MAESAY, dA5AARE
BARst= 7l& o] Hasit

/\HEO "Eb*lﬁlz«l At B A= ol Aol wel thefrl okl A

ol pok B

T A7 —Erolﬁ‘r :Laiu} 71% 59 A, vl
dlolel 3 AL FofzQl Agolr] wjiZell o] Fokoll tig wHAl#Y/HY
| 27] @Al Atk HT AFolA, ol
< Ro]FQthHernandez et al., 2016). < S Eof, #= A7 &
oty e}l 7|AskEel oAl E2(Multi-layer Perceptron, ©]3F MLP), A=
& 7] Al g<5(Support Vector Machine, o]} SVM) 2 =3+ 7] A &< (Extreme learning Machine,
s} ELM)< &3t o5 &9 7] < d3Zste BHES AASH tHAbdel-Aal et al., 1995;
A. Paniagua-Tineo et al., 2011). =3}, E.G. Ortiz-Garcia et al.(2012)¢} Ramesh et al.(2014)2
THFES AR g4 7ATSE 71HE T O 6 2 7Y e JI_E 9SSt
Ath Xingjian et al. (2015)& #4549 A} o BE A 373 (spatiotempora) & 2 AL3H= A
2 QAste golg #5 olH|AE o]&ste mHY 12A7HA] A A5 w3 a5
mdS FE3517] 9t dubE <l ] 7] Y(Long Short-Term Memory, LSTM) 7] 2] uj o
Convolution 7|H-& 83 ConvLSTMS AtstHod, T 7[HE Hl&] 3 Hss
= AF}E =E319 Nair et al. (2018)2 artificial neural network 7]H-E& o] &3}
GCMso. = H-¥ A4k P o qFAE FHAIE AFE TS v Jom QAx AHof| o
3l 2 7%k ArE A HE (year to year variations)e] AFA8E T AlZ F AS EQ

o My PN mY

S ooy &
Jzi 2 fo

a0

N

1:1]0 B

e

N,

iGN

o

o

&

ot

ol

o

2

AN

o,

N,
o=
d
o/

ot = N
oE oo oo
M2 it o ne

O o oof of T {4
ofk

gl gl AW (Neural networks) 71 F38] EHAIAH GCMe

&Y
oA=& FHAI=H ASsES A8kt Scher et al, 2018; Dueben & Bauer, 2018). o]
o} Zo] 7|ZWMFo dF AHAAHS FFAIV] fal B2 ATV FAEHJoY R AT
7V 7174 #ESAESY] @] B 9 AE FE dE BHAA o] FolFar, S2S AlZt ?fé‘i’ﬂ/ﬂfll
FE B T2 A4 e B AT A o]FoA UA &

17
o

g T A FA 71 9A AEY AR

& 3yl Ao A A2 I FopAol A
Az, 9 di7] WE REs 43ty &
EAA HAL B3 A NA

N L

P

o @y lo P o

o 9 AFAEE olgdlel S5 o2 A
50 Qs Gesl 25 o AEe 54 ¥ HsAE deluaA ar

e 4
;0
S

% 1 30
k)
5}1
_>l:
o
Q
-
=2
>
rlr
N
w

e 1:ru

o o & Mo 2 2
ox
_O.‘_t
S8 o = &

N

AC)

_2_



3, BolAlol AL Jle FHF Z NS A% 1A BA A 2 AP AE AL
ﬁi%}zx} dv} 53], 1~2$—£u}{~ 345 A R 2 AR W 9= A% 23}
3 1Ee AEHE, 3-4F o F o3} Fast o

= 7%]754_141 (Boreal Summer Intraseasonal Oscillation: BSISO) =< 2013
a QA F Ei A BSISOE olald = A= ekl digk =zu/9 AFE9
o2 o sith weta oo} EEA Ao Tt el g BSISOY %
H=5 1538t s8] sk Zlo] BostH, A&5HQ dFA43 3
dr &4 7 TS 53 o U BSISO o & AHE AFT F A= WS AAS
ofF gt} o] AFoAE Fotrol AE 7 A dFAH FAH Jlol=gkeld BSISO ¥ &34
B4 94 2E A A =4 52 9% BSISO &8 Jlel=gkelS A|okstaiat gy

o Mol 272 FAloA AbgHE AR B MR E, i oY JHA 71§ RES A
&5 A=std. 3FE AEY A3 g (@ A#F H7E b FEAZ 7ls AE, O &8
7P°ltﬂ}°]°ﬂ AX gt AR FA A7 A3E 2T A HAZ V3 ALY A5 =2

@ KMA-GloSeabe] Azt o574 H7bel Fobrlol Ae/oE 2 A2H, g 3 i &+
JJr THET 29 A £4 AAE AASAE F HAR JEE &S T = V%

S B 1% 1A HH BAY Jue] FobAol AL 712 BA /&S AsAh vhA e
o= Forol AL 71e HAZ dlZ4 F34 stel=eilst BSISO G B L e A%
AR FH 5L S BSISO #8 slol=gele Ak 44e AT ANE acken dF

A AAE G AT A S AAR



2. U 3 XK=
7}. AR
D A-dY 28 A=

(7P KMA-GloSea5 ¢& A&

Sduel 714 e 20108 = 713 HMet Office)st t7]-sieF A% =& o] &3 AA
AZA2HY FE57F D &P #3 FAB S AAst @7t X FE AFEY 9 AAE o
=, 7% d=& Tgse xZHA A-dSA2®< Global Seasonal Forecasting System
version 5 (GloSea5) (MacLachlan et al. 2015) & =<3tR 3L, 2014338 A7 dG A
Zo) &g Foltf. = 7|AAH 7135 =d<l HadGEM3 (Hadley Centre Global Environment
Model version 3) ol 7]Zx3&}o] FZ% GloSeab+= Met Office?] Unified Model (UM) tf7] =€
(Global Atmosphere model; Walters et al.,, 2017) 3} Nucleus for European Modeling of the
Ocean (NEMO) (Madec, 2008) 324, Los Alamos sea ice model (CICE) (Rae et al., 2015)
¥ = Joint UK Land Environment Simulator (JULES) (Walters et al., 2017) AW md=
TAEH, AA-t)r]-sF 22 23S s OASIS AZHE AFHo At Kim et al,
2018). GloSea5e] ti7|2d FHAA T E= N216CZ % 0.56° ¢ HAE 0.83° ol (¢
~60km), A& O & 85719 F& 7HAAL Utk ASFRAe F9 W 57 fPHE= 72 0.25° X
0.25° ¢} 75%°lH, th7]-3Y EFH =& A HF o2 ug At (Figure D. 53], A-Y o
=2 93 GloSea5 A ®2] (Hindcast) A& 1991dFE 2010@7HA] F 203 B w2 1d
9¥Y 174, 25¥¢ ECMWF<e ERA-Interim AEE Z=7|&Ao0 2 o]L&3t, 37/ SAE #Wno 60Y
Ao g2 FYPHATt. o] AF+ GloSead Al-EW At 75 #4593l Hindcast version 20173}
version 2018 AFE3le] 7R ZAQ AHES S3Y3AT

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

Figure 1. Model configuration of KMA-GloSeab.
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AATCE AFsta e AEE S&siAuth dA F 1709 =3 o] S2S prediction projectE
A ARE AFst Yo B A= 1 F vl ZF(ECCC, ECMWFE, KMA, NCEP)2] =
5E &8st AFE FHSAT. o] L
Gt AANPAAEE AFstar Jom, Al BF BT mF $d3 2d(FaD)el dF5S
gt Wk, KMA9 232 AAANGASE 2ol 43 n4dd I1Y, 9¥9, 17¢, 259)°
AFsta o, dEAsE MY ALEARE GFE A FUF MR HojA FEH S A
2F 55 faiAe dFY AR A EAAE FAA AT avt Ut olAFY Z RIYEL
Auttte] o) & AR} M4 Aol wel 2y o] 5o ujg o]t (Table 1), Lol wheh

Table 1. Description of subseasonal forecast models.

Center Time Resolution  Ens. Fcst. Refcst Refcst Refcst.
Range Size Frequency Period Ens. Size  Frequency
ECCC 32 days  0.45x0.45, 21 weekly 1998-2017 4 weekly
L40
ECMWF 46 days Tco639/319 51 2/week past 20 11 2[week
LI1 years
KMA 60 days T216 4 daily 1991-2010 3 4/month
L85
NCEP 44 days T126 16 daily 1999-2010 4 daily
L64

(th BSISO 28 o= A%

APCC BSISO o Eell AHEHI e EF2 & = 4 2de| 542 Table 29 2o,
AIZE BSISO A= o 2E 98 CWBE 2015 F8 ymA 47) 292 2013358 5delA 10
¢ FES] ASARE AT Utk old B AFoA AREIE B¥ AR FF VI
2015\ 55 2018'd7hA] 4 E<He] 5ol A 10€olal Z; o H o] 20¥7tA 9 B EEYS &
At
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Table 2. Description of BSISO forecast models.

. Ensemble Forecast Updated )
Institute Model ] ) Resolution
Size Period (day) frequency
T126
CFS 4 40 Once a day
NCEP L64
T574, T190
GFS 1 16 Once a day
L64
Twice per T47
BOM POAMA 33 40
week L17
Twice per T639, T319
ECMWF ECMWF 51 32
week L62
) T116
Taiwan CWB CWB 6 40 Every 5 days 130

2 #= s

o] AFoA EFPo o=AS Hrlstr] Y3 vlmdoez ECMWEFe 9 ERA-Interim
X282 0Dee et al, 201D2] 7], 7F<, 500hPa A1 =S ALEsdt #ASAg5E 2dy
A3k Al I5° X1.5° &2 WA & I A5E F HdstHoh 9 BSISO A+& A4t
AN A=, 1981dF-H 2018 @72 NCEP/NCAR # &4 25 (Kalnay &, 1996)& AF&-3ar
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Figure 2. Single-layer perceptron and multi-layer perceptron (Source: Lee, 2018).
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Figure 3. (A) The repeating Recurrent Neural Networks. (B) An unrolled recurrent
neural network an time axis. (Source:
http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
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Figure 4. The repeating module in a standard RNN contains a single layer
(Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs/).
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Figure 5. The repeating module in an LSTM contains four interacting layers
(Source: http://colah.github.io/posts/2015-08-Understanding-LSTMs)).
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Figure 6. SVM classification algorithm (source:
https://en.wikipedia.org/wiki/Support-vector_machine).
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Table 3. Summary of input and label data for S2S-deep learning.

Observed Forecast
ERA-Interim ECMWF GloSea5
Period 1990-2018 1998-2017 1991-2010
Time scale daily daily daily
Time range - 46 days 60 days
DL input current S2S release (variables X days)
DL output Tmax, Tmin, Precipitation (daily)
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on Main Driver on its Atmospheric Response
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Figure 7. Conceptual diagram for BSISO impact analysis.
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(th EOF &4 74k 71 (M3)

BSISO A<= EOF #4 < &3l A=At WA Table 4014 AARE Zx 4 EOF #4
A EEFEHe 33 AHe A Ao Ae F8 1981dFH 2018 E<ke] BSISOS &3t
2G5S ATAE & F AYH o] 71 BSISO A5 YT Al AHEH OLRF 850hPad] &
Aol iRt A7 & 5 v SRl Ao

Table 4. Methodology for BSISO impact analysis

Methodology Formula

Composite map(phase) X BSISO1 X 0.62

+

Composite map(phase) X BSISO2 X 0.38

Composite based
methodology (M1)

Regression map of anomaly onto BSISO1-1 X BSISO1-1

+

Regression map of anomaly onto BSISO1-2 X BSISO1-2

+

Regression map of anomaly onto BSISO2-1 X BSISO2-1

+

Regression map of anomaly onto BSISO2-2 X BSISO2-2

Regression based
methodology (M2)

EOF1 X BSISO1-1 + EOF2 X BSISO1-2

+

EOF3 X BSISOZ2-1 + EOF4 X BSISO2-2

EOF based
methodology (M3)

. 71% Aes

°of HAE AW F mFe] FASE TFd HutT tiy] WER Ao hF
7] 98 71Ee TR 7 g

f

EReacly

3
A

FotAol AHE AT Aol AgH HFH+= E<=(monsoon) Aol FHEH, ol
Z < BAHESE obdiAY 1|k 589 AA
2 skl dof BB SH A=l A dF F5o= Jebdo (Wang et al, 2004). 53],
B e oF Ea(Western North Pacific Monsoon, WNPM)-- ¢l uets £33 3 I B9

5 AE 72d AEd S FE AR dEA dor, o] AFolA FolAol qF
=< (East Asia Summer Monsoon, EASM) #4o] =8 A2 &85t I8l1 FolAlol o
EEY FEHE ABPE A= SAHHES ofddl a7k (Western North Pacific Subtropical

High, WNPSH) A& &83stdth =3k A= #9 5AAE& Yed& A4 (Indian Monsoon,



IM; Webster and Yang, WY) & AE]E Y dF &5 FAH FolAlof A5 &S 7
ADg2 FofAol AFEE BAS A AFE AASAT. o] AFNAME FotAo dEEE
o] EAS ®wYS 4 AFE Bajo] 2839 a, Table 50 AAID AFEL
AU dS AR R E4e fs Al Sl e OE]EZ‘J_(June -July-August, JJA) B+ A
52 A=HAT

Table 5. EASM indices used in this study.

Index Definition Reference

M 850hPa zonal wind (U850hPa), gradient Wang et al
(5° -15° N,40° -80° E)-(20° -30° N,70° -90° E)  (2001)

WNPM 850hPa zonal wind (U850hPa), gradient Wang et al
(5° -15° N,100° -130° E)-(20° -30° N,110° -140 (2001)
° E)

WNPSH 850hPa  geopotential height (H850hPa), area Wang and
average Zhang (2002)
(15° -25° N,115° -150° E)

WY 200hPa/850hPa zonal wind (U200hPa, U850hPa), Webster and
gradient Yang (1992)
UB50(EQ-20° N,40° -110° E)-U200(EQ-20° N,40° -
110° E)

FotAoF AEEE 7HA] F8 FSHOE FolAol AF Aol 17|t FopA o}
& AT LT AT, FotAlor stE EREEEFS uig, Folror T59 7] %, e
I AZE AE 7|FE #HS 4 9t (Chan and Li, 2004; Jhun and Lee, 2004). & o
171 A, I AR AEU WEo] Fobror AH TR AEd dFE 7 °
2 %_Lﬁi?q ot} o] AFolA AM|glol 17t AL 40° -65° N, 80° -120° E2 AHol3tath

I‘TF—

0 e ASE 9
. Table 6] L1E A5 EobAlol ALEE 2
# ABE ugoz BaFo] fou} of ATeAE F Wi o= BE A8 72 A5 4
o e F W AR 28,

E
T=



Table 6. EAWM indices used in this study. * indicates normalized value.

Index Definition Reference
WangC_P Sea Level Pressure (SLP)* gradient Wang and Chen
(2xSLP*1-SLP*2-SLP*3}/2 U
SLP*1: normalized
area-averaged SLP over Siberia (40° -60° N, 70°
-120° E)
SLP*2: the North Pacific (30° -50° N, 140° E-
170° W)
SLP*3: the
Maritime Continent (20° S-10° N, 110° -160° E)
Wang_P SLP* gradient Wang et al.
(2009)

(40° -70° N,110° E)-(40° -70° ,160° E)

Wang_Z PC1 of 500hPa geopotential height (Z500hPa)*, Wang et al.
(25° -50° N,100° -180° E) (2009)

Li_U 200hPa zonal wind (U200hPa), gradient Li and Yang

{[(30° -35° N,90° -160° E)-(50° -60° N,70° -170 (2010)
° B)+[(30° -35° N,90° -160° E)-(5° $-10° N,90°
-160° E)1}/2

Z2% (Arctic Oscillation, AO) 2=+ 20° N o4 Euk3t si=H H 7]k (MSLP) ofx
of thated AP w34 (Empirical Orthogonal Function, ©]dF EOF)E Z & Al dojx&=
= 7‘«]0}1, o] Bj¥ol MSLP o}x=Ze|%-& FIANAA A5 By g 535
Aot 13 540 E AREsteE EOF REE F8 AYH+= A0 A9 4, 54
35N, 65N¢| A t3td %/‘1 Hd AZ 714 Zol(E AHEsi Al4EE Li and Wang (2003)
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AT FASS 71 BAo] Wt 2y d34 Frh R X AW, my o3 ny J%
A, el A B8 selsehel AR 2 PR HEsrh

7h ARAY 2 A& Hr 9 a3 AT
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Figure 8. The structure diagram of GloSeab Verification Framework.
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Figure 9. An example of climatology smoothing method
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&S Fst] A 4 9 a(Figure 10(0), ©] W¥H A 472+ 71 S 7374 A4 sk
(a) 3-models (b) Target based (c) Lead based
3-Models  Target Lead KMA Target KMA Lead
20180215 | Thu | 1 2018-02-15 2018-02-15
20180216 | Fri 2 2018.02-16 % 20180216
2018-02-17 | sat 3 20180217 | sat 20180217 | 1
20180218 | Sun 4 20180218 | Sun 20180218 | 2
20180219 | Man 5 20180219 | Mon H.L 20180219 | 3
2018-02-20 | Tue [ 20180220 | Tue | 20180220 | 4
20180221 | Wed 7 20180221 | Wed | so180221 | 5 |
2018-02-22 | Thu ) 20180222 | Thu (Wi 20180222 | & \
20180223 | Fri 5 20180223 | Fri ‘ 20180223 | 7 'j
2018-02-24 | Sat 10 20180224 | Ssat | 20180224 | B ?W1
2018-02-25 | Sun i1 20180225 | Sun | J 20180225 | 9 I
20180226 | Mon | 12 20180226 | Meon | 20180226 | 10 f
2018-02-27 | Tue 13 201802-27 | Tue 20180227 | 11 .«j
2018-02-28 | Wed | 14 2018-02-28 | Wed 20180228 | 1z

Initial date of 3-models
Initial date of KMA
Forecast target date

Figure 10. An example of calculating 1-lead week for climatology from (a) 3-models,
(b) target based KMA, and (c) lead based KMA.
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Figure 11. Scatter diagram of annual RMSE and PCC of (a) T2M, (b) PREC, and (c) Z500
for ECCC (orange), ECMWEF (blue), NCEP (green), target based KMA (purple), and lead

based KMA (yellow) for 1- to 4-lead week over Globe (solid line) and East Asia (dashed
line). Closed circle indicates 1-lead week.
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Figure 12. Annual and seasonal averaged relative
RMSE difference of climatology of T2M over East
Asia and Globe of ECCC, ECMWF, and NCEP with
target based KMA. The top, left, bottom and right
triangles represent for 1-lead, 2-lead, 3-lead and
4-lead week, respectively. Gray dot indicates that

relative difference is significantly large.
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Figure 13. Same as Figure 12, except for PREC.
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Figure 14. Same as Figure 12, except for Z500.
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Figure 15. ACC of Global (a) T2M, (b) PREC, and (c) Z500 for 4 lead weeks of ECCC,
ECMWF, NCEP, target based KMA, and lead based KMA.
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Figure 16. ACC of East Asian (a) T2M, (b) PREC, and (c) Z500 for 4 lead weeks of ECCC,
ECMWF, NCEP, target based KMA, and lead based KMA.
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Figure 17. Annual and seasonal averaged relative
ACC difference between target and lead based KMA
of 2018 real-time forecast of (a) T2M, (b) PREC,
and (c) Z500 over East Asia and Globe. The top,
left, bottom and right triangles represent for 1-lead,
2-lead, 3-lead and 4-lead week, respectively.
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Figure 18. Scatter plot of day difference and 1-lead week ACC of (Left) T2M for
MAM over globe (left) and PREC for JJA over East Asia (right) of target based KMA
(blue) and lead based KMA (red). The solid line indicates correlation between day
difference and ACC.
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Figure 19. Scatter plot of day difference and 2-lead (left) and 4-lead (right) week ACC
of 7500 for SON in East Asia of target based KMA (blue) and lead based KMA (red).
The solid line indicates correlation between day difference and ACC.
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Figure 20. Scatter plot of day difference and (a) 2-lead and (b) 4-lead week ACC of
7500 for JJA in East Asia of target based KMA (blue) and lead based KMA (red). The
solid line indicates correlation between day difference and ACC.
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Figure 21. Annual and seasonal averaged relative
ACC difference of 2018 real-time forecast of T2M
over East Asia and Globe of (a) ECCC, (b) ECMWF,
and (c) NCEP with target based KMA. The top, left,
bottom and right triangles represent for 1-lead,
2-lead, 3-lead and 4-lead week, respectively. Gray
dot indicates that relative difference is significantly

large.
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Figure 22. Annual and seasonal averaged relative
ACC difference of 2018 real-time forecast of Z500
over East Asia and Globe of (a) ECCC, (b) ECMWF,
and (c) NCEP with target based KMA. The top, left,
bottom and right triangles represent for 1-lead,
2-lead, 3-lead and 4-lead week, respectively. Gray
dot indicates that relative difference is significantly

large.
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Figure 23. Annual and seasonal averaged relative
ACC difference between 2017 and 2018 real-time
forecast of (a) T2M, (b) PREC, (c) and Z500 over
East Asia and Globe of target based KMA. The top,
left, bottom and right triangles represent for 1-lead,

2-lead, 3-lead and 4-lead week, respectively.
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Figure 24. Monthly averaged lead week pattern correlation coefficient (PCC) for (a)Z500,
(b)U200, (©)Z200. Dashed line is for 95% significant level. Pink, sky-blue, deep-blue,
green, and red dot mean 1, 2, 3, 4, and 8 week lead time, respectively.
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Figure 25. Horizontal distribution of 500hPa geopotential height for 10 March 1991 from (a)
ERA interim reanalysis data and (b) GloSea5 initialized 9 March 1991 (1-day lead time).
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Figure 26. Temporal correlation coefficient (TCC) of the 2m temperature between ERA
interim reanalysis data and GloSea5 hindcast with (a)-(d)1-4 week lead for DJF. Dots in
(a)-(d) indicates the area statistically significant at the 95% level.
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Figure 27. Temporal correlation coefficient (TCC) of the precipitation between ERA interim
reanalysis data and GloSea5 hindcast with (a)-(d)1-4 week lead for DJF. Dots in (a)-(d)
indicates the area statistically significant at the 95% level.
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Figure 28. Spatial distribution of surface temperature biases (model minus ERA interim
reanalysis) of (a)-(d)2-8 week lead for 1991-2010 JJA.
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Figure 29. Spatial distribution of averaged surface precipitation biases (model minus
GPCP observation) of (a)-(d)2-8 week lead for 1997-2010 JJA.
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Figure 30. Ratio of large-scale precipitation and convective precipitation from total
precipitation. Red (Blue) indicates that large-scale (convective) precipitation is dominant.
Bold black line means precipitation biases (over bmm/day).
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Figure 31. Spatial distribution of 200hPa potential velocity and divergent wind biases (model
minus ERA interim reanalysis) of (a)-(d)2-8 week lead for 1991-2010 JJA. Negative values
mean upper-level divergence (low-level convergence). Unit is -10°.
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Figure 32. Magnitude of Hadley circulation. Zonal mean velocity potential at (a)
850hPa and (b) 200hPa from ERA-Interim reanalysis and GloSea5 2 (pink), 4 (green),
6 (red), and 8 (red) week lead.
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Figure 33. Surface biases distribution of (a) net longwave radiation fluxes, (b) latent heat
fluxes, (c) net shortwave radiation fluxes, and (d) net heat fluxes. Positive(Negative) values
mean surface heating (cooling) compared to ERA-Interim and GloSeab with lead 4 week.
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Figure 34. Difference distribution of vertical subsurface ocean temperature averaged 10N-10S
between GODAS and GloSea5 with lead (a) 1 month, and (b) 3 month.
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Figure 35. Difference distribution of 20D isothermal depth between GODAS and GloSea5 with

lead (a) 1 month, and (b) 3 month.
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Figure 36. Spatial distribution of winter SST (Nino3.4) and following spring SST (NTA
region).
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Figure 37. Time series of EASM Index calculated by
ERA-Interim.
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Figure 38. Time series of winter Nino3.4 index (black), spring NTA SST
(red), and spring NTA SST with removed ENSO effect (blue).
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Figure 39. Scatter plots of winter Nino 3.4 SST versus EASM index.
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Figure 40. Spatial distributions of summer UV850 and PREC regressed winter Nino3.4 for
same/opposite sign.
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Figure 41. Surface temperature (shaded) and 200hPa wind (vector) regressed on the
Nino 3.4 index from GloSea5 (a), (c) with lead 1 week, and (b), (d) with lead 3
week. (a), (b) 1P is averaged for 1991-1999, (c), (d 2P is for averaged for
2001-2009.
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Figure 42. Surface precipitation (shaded) and 850hPa wind (vector) regressed on the
Nino 3.4 index from GloSea5 (a), (c) with lead 1 week, and (b), (d) with lead 3
week. (a), (b) 1P is averaged for 1991-1999, (c), (d) 2P is for averaged for
2000-2009.
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Figure 43. (a) Correlation coefficient between Nino 3.4 index and East Asia monsoon
index from ERA interim and GloSea5 with lead 1-4 week. (b) Anomaly correlation
coefficient of 200hPa zonal wind over East Asia with relationship of Nino 3.4 and
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2000-2009.
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Figure 44. Surface temperature (shaded) and sea level pressure (contour) regressed
onto the EOF 2" PC from (a) ERA-Interim, (b) GloSea5 with lead 1 week, and (c)
GloSea5 with lead 2 week.
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Figure 45. (a) Correlation coefficient of arctic oscillation (AO) between from ERA
interim and GloSeab with lead 1-4 week. (b) Relationship of AO and EAWM index
from ERA interim and GloSeab with lead 1-4 week. Red line (bar) is averaged for
1991-1999, blue line (bar) is for averaged for 2000-2009.
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e folslol au, e
o CMP m&o|A melsta] Eahe zoz eid 4e w;esiol Foh (Kug et al
2015). H A7 ZEZAHEE T3 83 wo Ex W ol uls ZAEIT 9
o, oz BAL AT AL AT B Do}

(@) Trend (2000-2009): ERA-int (b) Trend (2000-2009): GloSeas-1W (c) Trend (2000-2009): GloSea5-3W
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Figure 46. The linear trends in surface temperature during DJF for the periods 2000-2009
from the ERA-Interim and GloSeab with lead 1, 3 week.
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Figure 47. Leading modes governing detrended winter sea level pressure from
ERA-Interim (black solid), and GloSea5 with lead 1 (blue), 3 (red) week. Black
dashed line indicates Siberian high index.
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Figure 48. Surface temperature (shaded) and Sea level pressure (contour) regressed onto
the EOF 1% PC from (a) ERA-Interim, (b) GloSea5 with lead 1 week, and (c) GloSea5 with
lead 2 week.
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HEd o8 722 ofye} 22 M7EA Wto]l AT (Figure 49-51). o 7= 12
EAAo release HE ECMWF &8 GloSeas S2S|= dlolEl9] 2% wl¥ (variables X
forecast days)& & 7le] MEZ FASt, HAA AE HEL 208 X FFE NE 3 for
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A9 2 105 %38te] 10-fold cross-validation©. 2 3dt&ale 3 HslE w8ttt o]
2 deYd dEAEE 755 wid 54 A71e 7% adlo] fARsithE 7Y sfol
HiZ == 48 52 52709 S2S o & dlolHEE E3ld dod RdE 755t 7%

_l

> T

o
go O 4y L
o 2 o2 jo

rl
Av:)
ol
o Mo
Iy R
i
ok
4
%0
v}
rlr
o
o)
o
g:(_)l
2
A/
)
-
N
DN
rlr
2
o
N
Sy
o M
fru
inSs
)
>
ol
Ll
o
4 o E e

79 %
2 91, 94 Te 7L 19 18

dofl A= 1€ 11¥ dF A5Y AMA 794 ¢ A=
do] o= s AMA TS AT} 48 7= 32 WlEY X forecast day?] 221w Fol
PAE ARES 4 AZE 5P, outputS HiZ I A=A E YTt

I One DL model per 525 release I

Input data

H

Variables

Forecast days

w
=
:[6® oo
T
LSTM
parameter optimization
10-fold cross-validation

4

| Predicted variables (e.g. Tmax)

Output

I

Figure 49. Proposed structure 1 of deep learning.
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Figure 50. Proposed structure 2 of deep learning.

Data structure <Input data structure> <Target>
0104 (Ens_1, Ens_2, ... Ens_10, Ens_11) 0104 (obs)
NS o o o o 0105 (Ens_1, Ens_2, ... Ens_10, Ens_11) 0105 (obs)
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Figure 51. Proposed structure 3 of deep learning.

9 A dE Fx F, IFHSN AsFes 1HT 4 23, feature engineeringS
% WY THol Ths 5?”4 iz A7 gdelY RES 75 ¢ Ja, AR AAEE S2S
g9 S22 o] JhestEE HAlE g Fx 1 (Figure 495 A st Held g
= YA



W} 289 2d E4 H 9=
B AFoAe= dEd AAE 7FAEE AF S F s<53ta, vanishing gradient problem
A 4+ Jom, g Hol 1«] Ad=4 LSTME =3t LSTMS] &4

== N =

ok 2495 (hidden layer) Mol 4AHgol dasta. MA ddFSs FAs L &4
g2 tanh %49} ReLU 3 F 79 RdS FA4% & 249F5 =29 /M+E 10714
TINA T EAol M AA vEtvde 243 9 =2 s IS5t 1 A
9359 =&7F 20070 o]+ ﬂ”l@‘r gr7F ReLUY W 718 958 5 AAE HAFATH
g A Held & TlsolA - Ao R FHAsH MY e FEEH 7S]
© 2 Adam HZ3} <ig]E (optimizer)< *P*‘lo}%‘\ifﬁ, o] duElFY & A

249359 Zol(dense)= 1002 F43tAT 28 @919 A-F, 712 degree Celsius=

>~

o

mm= 4 7|F A5 LI G2 ¥ @12 =k ﬂa“’ﬂ 1 27 WEH29
Hur A 522 (Root Mean Square Error, ©]dF RMSE)7} ©] dutzoloja &3} =]

22} (Mean Absolute Error, o]} MAE)E | €lstych 28l o= ndo H% A
79 &Y 77 gl= Yol thg RMSE<k MAEO]VJ- RNN2 9 LSTM3 & %=
=g, 20019 = =5 712 100719 o9 = Al Edste ¢ SEEH = VA E U}
271 AR e w7 WeE FASAT olu 7Y AX & AA AIRF (DS 7bete] AlE
(t+DA T Woll gh& dSFstax st A9, A A DS &, o)A Fr A ZE (t-1, t-2)
< 48 WFE ALES AT HAAHI dugEH oF WEYHAE F
PSYME 71 7124 FHZE ¢ & HASee p) @Y =2¢E
(Ordinary Least Squares, ©]3} OLS)#t= dad]&S A=t 1o
correlation coefficien)E #Al4ksted 3 x4 & (features)= A= stS=dl, ol O.GEEP e As
& AASAT. =3 DA FH BEA (step-wise regression)ol A T A AW (backward
elimination)& AH&3le] o & WG (features)e] froldel tigh Fs 289 IS H2EF O
X FAZA 98-S Hrkste dF 2dEs FAsAT
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83 dHHFE AAN dagFol EEAHCE TFS =R sk Aotk AR o] WS
MNE HEEY EAR 548 ik 2 olsf7t lojof dfAlo] 7hestr] wEol EE9
AT7F destth moE dugE W siEd HH S E = dropoute] Itk ol Held A A
I F IRE A F5s IAFOEA, AABT AEE0] AZE FxH AAFOE Tt
A ‘}%:}E‘r B Ao A= dropout ratios 0.2 AAs Y Hod AATS WA A 3
Atk i) S2S HlolE ] Fo] Fristd A2 HolE 9% HAI EAT A" AR 7]
SIR3h=

(™ Hd<e 38 AZY 71FA9F A5 A B7}

LSTM €8 7|&S o83 GloSeab¢t ECMWE F+ 71#] S2S o= mdlo] 2 F (RMSE)7}F
A AARDE Felstdtt (Figure 52). F117]2 (Tmax)e A%, GloSeadb == oA 0.2746°] %1
& RMSEZ} 0.09572 (&3 74 0.1789), ECMWFE =dol A 0.28592] RMSE~Z} 0.0929= (2=}
ZHe: 0.193) ZA 74 HA 7L (Tmin) T3 GloSeab =2 oA 0.27410] 1Y RMSE7}
0.0957=2 (2} 74 0.1784), ECMWF ==& A (.2818¢] RMSEZ} 0.0937=2 (22} 74 0.1881)
sk, T ool R {FARE AR oA TAE BYu A (Preo)d 4A-¢ GloSead
2do A 0585101 E RMSEZF 0.05052 (22 Z+HA: 0.5346), ECMWF XdloA] (.58882]
RMSEZ} 0.04912 (&aF ZH4s: 0.5397) AEE9 o & 2x A4S BT GloSea52t ECMWF
2dZtdl= AR e A& F dF AeoAe AAZCE & AolE Ho|A= Fshtt
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Figure 52. Overall prediction performance before and after LSTM measured by RMSE.

Correlation coefficient (CC)e] 7 $-ol= GloSea59} ECMWFE F 7] S2S mdlo A o= A
5ol A MAESE Fsdy (= D Supplementary Figure 1). #317]& (Tmax)e] 74-%,
GloSea5 =&of A 0.47090]E CC7F 0.5602=2, ECMWFE =&l A= 0.39422] 0.4984= “3<53}
Gt HA 7] (Tmin) T3+ GloSeab5 =2 oA 0.5201¢0]U & CC7F 0.5921=2, ECMWE =& of A
0.44019] CC7F 0.51962 F d& ndoAx FAAT S BAT 5% Preo)e] 45 =
3t GloSeab =@ oA 0.00390] A= CC7F 0.0888=%, ECMWFE =44 0.0039¢] CC7} 0.1227=
Z7Fet Atk LSTM S5 S8l 525 2ol Aagle]l Al-W o= A5 RMSE ¥ CC 54
M B ES5S FdskATh

() o HAAY 78T 4F48%F AN v

2 AFA ARES LSTM Wi S o8 wHAlHY/FEd 71l vlsl, AAE As o Sl
A o]E2H o2 Hojuytta ¢EA Atk olE &l A 2 dlolEAlel thall thE A<
HA Y W el support vector machine (SVM)¥ LSTMXt}h 3+ At) ol Hyd Wl
recurrent neural network (RNN)S & &3}t (Figure 53, ¥5 D Supplementary Figure 2).
SVM«] 4% GloSeab¢} ECMWF F+ mdoA AHA Hu/HA2=e] 2271 0.1~0.3% 71 &

AERJ, FraFe] A% 6.5~10.3mm AE=ZE 227 AU RNNe 49 &1/
HRA 7| S A S2SEAFEY SVMET 0.4~2.8%2] EX Hold ox 7FAE B, GloSeab
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ERA-Interim A &4 259} 71 FARE A5 S RAFAT. ol Ao 49 S2S dAs
of W3 5mm 7hEF FAE YA, SVMETHE "olAE F5e BAth LSIMS A5 A9
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Figure 53. Comparison of performance (RMSE) among machine learning algorithms.

(mp A3 Ak AA L day-to-day HEAH EH

A 7IZE AA ] AX gde dF ds Fde Gl S8l S2S HolE o HjEY,
A ZAA dolele] i3] ERA-Interim &4 A= 9le] RMSE @ CCE A4Fste], LSTM B A
o] &9 A4t Aol wwstHtt (Figure 54 and ¥ D Supplementary Figure 3). ECMWF<}
GloSead + =4 RF HeldS &3 24" A7t aA F3E U ECMWFS] 7 Har7]
So] 1%, HA7| o] 1.9%, Ao 98mm 7bek ox7} =LA B3k GloSease] Ao
T7)e0] 215, HA|Lo] 225, A4To] 14.5mm 7FAE o] ©]S RMSE 7|4 Zo] At
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Figure 54. Comparison of daily performance (RMSE) across entire forecast lead time.

®p AP FFE FHF =9 year-to-year HEA

A-Y dF 2RO dFEo] Algto] Adel wet A4 AEty dHA ok "ol
o o] EAVE A2 = A=A Lolrr] s, ECMWESL GloSeas ¥ =@ FH a1 /H A 7]
<, A5 37 WS tis F¥ o= 2x= RMSEZ Al4kstth (Figure 55, Table 6, and
-2 D Supplementary Figure 4). tt2 A3 e} n7ix 2, d8dS S3) F 2d, Al o=
T BT dAHA o vt AA AL, A dSoA A FAaFo] ¥ AA JE
. ECMWFY] 7% d&s ol #Agle] 1 dPFFolA v & 22 RMSEZF 7= AT
oA E Eo, HA729 A5 157 Ad A SFoA 129 A ZHAaZo] 557 Ad o FdA 225
2 A7t u& A TAHJATH GloSeads] A% AddFo] wE JHAFL wB[g o,
ECMWEF| wvl3] W ¥A5¢ RMSEZlF B & FOo=2 A AT, oE £, ECMWF 1
7129 15 A3 d=& JHde 53 0459 237} A A R, GloSeabe] 7% 22
148 AIZE dZFel A 1959 A7t A4St wWEtA A Sds sl A& sleE &
S2S AAEE HYWd S Bl A FEH o= 227 A AAES & & AATH
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Figure 55. Weekly RMSE before and after applying LSTM algorithms to ECMWE and GloSea5.

Table 7. Weekly RMSE before and after LSTM learning

GloSeab ECMWF
RMSE Tmax(‘C) Tmin(C) Prec(mm) Tmax(‘C) Tmin(‘C) Prec(mm)
S25+ S25+ S25+ S25+ S25+ S25+
S2S S2S S2S S2S S2S S2S
DL DL DL DL DL DL

W1 4.8 2.9 4.7 28 163 6.9 3.0 2.6 3.4 2.4 7.7 6.2

W2 5.1 3.0 5.0 29 192 77 3.4 2.5 3.6 2.4 9.6 6.5

W3 5.3 3.1 5.2 3.0 226 9.5 3.7 2.4 4.0 22 121 55

W4 5.1 3.1 5.1 31 249 105 3.8 2.3 4.1 21 148 6.0

W5 5.2 3.1 5.1 3.0 265 109 338 2.1 4.1 19 176 64

W6 5.3 3.1 5.2 31 260 109 3.8 2.2 4.0 21 189 7.2
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AR Q52 dF A A mel exirh SEbivian I A ok Figure 5634 Figure
57014 BEo] S35 AR (284 o] A9 A M Az & 37 o AdAHl ¥
Heds = g Aok dE =9 ﬂﬂlﬂﬂﬂg«l 37 ﬁaﬂr 254 Oﬂ AaE = AR o=
HolE 7} o AAd] w8 o 20% 2 RMSES RAth ZAke] A$ 7pedo] Asd AA
Ul oS dlelg o] RMSEZF 42 Al vl zith & Oﬂ?oﬂi :rL%% HeEld 2do A,
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= Aol Atk LSIME o] &3 35 A, S25 RdH oF W T/ #A glo] B
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Figure 56. Seasonality of S2S-Deep learning prediction (entire forecast lead
time)
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Figure 57. Seasonality of S2S-Deep learning prediction (week 3 forecast)



(2) A&d FoMAot 712 dF BA Jle AL

P FolAol AL 7|27 #™EE W] WEs B2 434 HI}
O Bolrot FHHF 7| A4 B}

=3 9/t T 3 71 @Ao] RIS ol ol FYA A-Y dF NdE
g =¥ AEHHo= 01-%0{2]57_ ATk 2018 AlEW MME A A&, s BE dE
(MME) 7I¥< &30 et S5 diFol A3 Fotrore] AS5A, 53] 35 7=
AFHLE Ayt & S 7 AGEe vls A3 HBolg gttt FolAlof FH L
2m 7)< (T2m) ©<= Y (Simple Composite Method, ©]&F SCM) MME <=2 ACC$ RMSE
o BxZ+&= o] F WEY Afolo oo AAE e om HoEr (Figure 58). A3 F71 4
o, AFake]l F27F ul §A Yeided bk, 15 A8 i ASHES dEoE A
Foz FA BA Ut 4 A F4E Hd A5s AVREH, A3 Azl dojd4E ACC
+ w43 "o|Ai RMSEE w43 Z7lete s BolAN #AS AHiZ7E A&E Ade
per51stent B v = o5 =28 & & o} (Figure 58Db).
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Figure 58. (a) scatter of RMSE and ACC of weekly mean T2M over East Asia for 11
winter seasons and (closed circles in (b)) overall skill variation with 1 to 4 weeks lead
times. Open circles in (b) represent the persistent forecast skill.
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Figure 59. long term mean of weekly (a) ACC and (b) RMSE variation of weekly
mean T2M over East Asia.
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Figure 60. (a-b) spatial pattern of two leading EOF modes of T2M over East Asia
(100.5° E~145.5° E, 30° N-60° N) derived from the observation and scatter of the
observed and predicted PC time series corresponding to (c) 1st and (d) 2nd mode for
lead times out to 4 weeks.
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Figure 61. Power spectrum of (black dashed line) the observed and (color solid lines)
the predicted PC time series corresponding to (a) 1st and (b) 2nd EOF mode of T2M
over East Asia. (c¢) integrated power spectrum for (dimgray bar) interannual and
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display observed winter mean climatology.
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Figure 65. Observed (a) winter mean (DJF) MSLP for 1999-2010(the domain for Siberian
High is indicated with a green rectangle), (b) weekly climatology (dot) and slope for
4-week (solid line) SHI, and (c) 2m temperature anomalies regressed onto weekly SHI.
Values exceeding 90% confidence level are dotted.
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Figure 66. Observed SHI (asterisk) and 4-week slope of SHI (solid line), (b) 2m
temperature anomalies averaged over EA, and (c) SHI (colored dot) and 4-week
slope of SHI (solid line) in 2001. Markers and lines in same color denote those
are predicted by MME at the same initial date.
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Figure 67. Slope of SHI (a) predicted by MME and (b) climatology for 4 weeks from
each initial date from 1999/2010 to 2009/2010 (hPa/week). Observed slope (V: positive
slope, A\: negative slope) is overlaid. Circle denotes that the prediction is consistent
with the observation.
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Figure 68. (a) Correlation of SHI slope between the MME and the observation (left bar)
compared to the correlation of SHI slope between the climatology and the observation
(right bar). (b) RMSE of MME SHI slope and climatology SHI slope with respect to the
observation.
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Figure 69. Number of occurrence of (a) positive slope and (b) negative slope of SHI
for the observation, climatology, and MME for DJF from 1999/2000 to 2009/2010.
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Figure 70. Boxplot of weekly slope of SHI for negative and positive cases, repsectively (left)
and weekly slope of the observed temperature at 2m over East Asia corresponding to
positive and negative slope of SHI (right).
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Figure 71. Composite of 2m temperature tendency (°C/week) for positive (a) and negative (b)
cases of observed SHI slope and positive (c) and negative (d) case of SHI slope predicted by
MME.
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Figure 72. (a) DJF mean of weekly EAWMI TCC between models (individual model and MME)
and the observation from lead week 1 to 4 (b) Correlation of weekly EAWMI between the
observation and S2S MME. Dots indiate value greater than 95 % confidence level.
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Figure 73. (a) DJF mean EAWM indices for the period 1981-2010. Two dotted lines indicate
+0.5 std dev, dash-dot lines indicate +1.0 std dev (b) 2m temperature anomalies averaged
over East Asia for strong, neutral, weak East Asian monsoon years. Bar indicates mean
temperature anomalies over East Asia for each category of EAWM.
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Figure 74. (Left) Pattern correlation between the seasonal mean and weekly mean
temperature at 2m over East Asia (right) Year mean of pattern correlation (black), pattern
correlation between the observed and predicted 2m temperature at lead week 3 (red) and 4
(yellow).
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Figure 75. Wavelet power spectrum of (a) the observed and (b-e) MME weekly EAJS
(U200 averaged over 27.5° -37.5° N, 130° -160° E) for DJF from 1999/2000 to 2009/2010.
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Figure 76. Meridional location of the EAJS core for (a) the observation and (b-e) MME at
lead week 1 through 4. Dotted line indicates +0.5 standard deviation and dot-dash line
indicates +1 standard deviation.
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Figure 77. Averaged zonal wind speed and core location (black dot) of the observed
EAJS during (a) north-located, (b)normal, and (c) south-located weeks.
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Figure 78. Composite difference of 2m temperature and Z500 between EAJS north-located
and normal years (a,b) south-located and normal years (c,d). Values confident at 90% level
are plotted.
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#e Holx Ao= Yepytt (Figure 79(b). solAlo}l 7ol & wl MME o &4 50| Fo}
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Figure 79. (a) Number of weeks for EAJS north-located (red), normal (blue), and
south-located (yellow) in the observation and MME at different lead weeks.(b) ACC at
different lead week of T2m over EA averaged for the weeks of north-located (red), normal
(blue), and south-located (yellow) EAJS in the observation.
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Figure 80. observed and predicted MSLP patterns regressed onto corresponding AO
indices. The unit is Pa.
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Figure 81. Inter-model comparison: TCC and RMSE skill of predicted AO index for 4 lead
weeks.
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Figure 82. Standard deviation of AO indices for (a) 11 years at every week and (b) 12 weeks
every year.
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Figure 83. Correlation coefficients among 8 indices, those are T2M anomaly average over EA,
PC time series of two EOF modes of T2M anomalies over EA, four EAWM indices, and AO
index, for (bottomleft) the observation and (topright) the model.
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Table 8. Four ways to reconstruct model’ s T2M anomaly field over EA for 3
weeks lead time.

Method Formula Description
for t=j, T2M anomaly field reconstruction is based
EOF 32 on only first 32 EOFs without higher (from
Zglmﬁ Dobtb 33) EOFs.
for t=j, From model T2M anomaly (T2Ma) field,
20 4 subtracting the projected field onto T2Ma
O @D? DFI %E*! [ED g0 regression with respect to model’s East Asia
REG_EATa 20 averaged temperature anomalies (EATa)
+0 @ﬁf then adding the projected field onto
«om & O observed T2M anomaly (T2MOa) regression
with respect to EATa
for t=j, From model T2Ma field, subtracting the
34 200 \O projected field onto T2Ma regression with
REG_EOF 20 EE'ZEA = ( O D%* Hob respect to PC then adding the projected field
34
+ Z 0 @E%g]i OaCh onto T2MOa regression with respect to PC
= . sequentially for each of first 34 EOFs.
for t=j,
34 (201 \O
20 EEZ 0 @—E%* 050
REG_EOF =1 Uo -
- 34 [P0 The procedure of REG_EOF is followed by the
S o @ o0
+REG EATa =1 0 procedure of REG_EATa
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Figure 84. ACC of (white bar) original and (colored bars) four
different ways reconstructed T2M over EA for 3 weeks lead time.
One-leave-out cross-validation is applied.
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Figure 85. EA T2M ACC distribution of 132 samples (12 weeks

for 11 winter seasons) for (light yellow) original MME and (light
green) reconstructed by REG_EOF+REG_EATa.
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Figure 86. T2M anomalies of (a) observation (b) original MME and (c) reconstruction from
REG_EOF+REG_EATa for Jan 16-22, 2002.
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Figure 87. Box-whisker of ACC for BN, NN and AN groups at different 4 lead weeks. The
three categories are based on lower (33.3%) and upper (66.6%) terciles of ACC at lead week
1. Green triangles indicates the mean of ACC.
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Figure 88. mean ACC of 9 categories based on two different indices’ tercile criteria for
lead week (top) 3 and (bottom) 4. For the tercile categorization, anomaly of each index is
calculated then it is normalized by its standard deviation. Upper and lower tercile is -0.43
and 0.43 sigma, respectively. ACC average value and sample size within parenthesis are
displayed in each box. Red color denotes the category of distinguished large or small ACC
value with the sample size 20 and over.
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L3 skill ~ PC1 stability
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Figure 89. (a) scatter plot and (b) box-whisker plot between simulated PC1 persistency
and EA T2M skill for lead time of 3 weeks from 132 samples (12 weeks for 11 winter
seasons). X-axis displays an inverse of PClstandard deviation for 4 lead weeks divided by
their mean. Least square fitted line in (a) is delineated (gray dash).
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Method 1
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Figure 90. Skill comparison of BSISO impact for Outgoing Longwave Radiation over
Asia-monsoon region for M1 (left), M2 (middle) and M3 (right). Mean error, root mean square
error(RMSE), anomaly correlation(ACC) and fractional variance are used as skill metrics.
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Figure 91. Skill comparison of BSISO impact for multi variable over Asia-monsoon
region for M1 (left), M2 (middle) and M3 (right). Anomaly correlation(ACC) and
fractional variance are used as skill metrics.

Figure 91 4% #s} %A}, 850hPa 545, 850hPa 4%, 500hPa A 1%, sH 7]k
Pl 2m Al B BSSO IRFE 2 WAL BAT K ojevE YA 4T
g A4E Igolr tjREe] W) glolA ML ZM o AhE BSSO dadge] T sy
o dsel M £ 1 E ohega 4RA% 298 ge Adn A0 ML BE 85k
RS W HAl= 5%@B850hPa FEF=)AA IA= 10%@850hPa &4+, 500hPa A ¢ =)}
gol AFY WES H9she 2o bt s WedA e v s Mle] g2 7|

Wol wla) BSISO Wage Maely] & WMol FAHUT Mol FFHL ofAo} B
Aol Awbo] AA 850nPa FAIFU SRSt WA WES] 30% o4 MW 5 A Ao
2 yeht

- 103 —
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Figure 92. Monthly skill comparison of BSISO impact for OLR and zonal wind at 850hPa
over Asia-monsoon region for M1 (bottom), M2 (middle) and M3 (top). Anomaly
correlation(ACC) and fractional variance are used as skill metrics.

- 104 -



1 j I =R
0.12 0.16 0.2 0.24 0.28 0.32 0.36 0.4

-

12.5

1 2 3 4 5 6 7 8 N

| :
0.12 0.16 0.2 0.24 0.28 0.32 0.36 0.4

Figure 93. Phase dependency of anomaly correlation and fractional variance for BSISO
impact. Outgoing longwave radiation over Asia-monsoon region for M1 (bottom), M2 (middle)
and M3 (top) are used.
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Figure 94. Regional robustness of anomaly correlation for BSISO impact. Outgoing longwave
radiation for M1 (pink), M2 (yellow) and M3 (green) are used.
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Figure 95. Phase preference of BSISO impact field based on MI1. Anomaly correlation
coefficient of outgoing longwave radiation over Asia monsoon region is shown for eight
phases of BSISO1(Y axis) and is for BSISO2(X axis).
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Figure 96. Regional and seasonal preference of BSISO impact anomaly based on M1. Box plot
indicates anomaly correlation coefficient of outgoing longwave radiation for six month and
four region (Asia, Western North Pacific, Indian Ocean and Korea).
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Figure 97. Month representing maximum fractional variance of BSISO impact anomaly for
outgoing longwave radiation. Color indicates the month and the value of maximum fractional
variance is distinguished by the depth of color.

Figure 97914+ & atEAbe] i3k BSISO wHg-Fo] A tir] Wiss HAWses A=

F FFo BAY 89,9l AFatE o] 7 (YN FEeAAA Ut Uk o) ofA
Bsol )y AFe A B Auels SAL AT YL
o @T. Z, opalol B Ace] B WEel BSISOZ AdE Jlage AARTT B 4 3

=

oo
ol T

AR 2 B4 WHEo] BSISO ddAo] o= AT Awd £ QIS dolrRy] 95ty
H 1093 A 23 o wolf AR S FsA T ES BSISO 434S 7
AZ Aelo A gste] HT 103 2 ARLS FAD ¢ AV o] ARE HAA 2
A2 7 vl w sk thFigure 98). @Al i vk wolf AlZ oo dsiAle F5 FollA
FAE OEJAT G B A HaFoz 69 190 AZSIAT 5Y Axe] BEFEHAE
7Fzitk 2011, 20154, 2018 =0l BSISO daFgoz 43 E& AlZdo] A Z¢ A

d

2k Aol A ebs] gropdol oy, 1ol 2012, 2014, 201749, 2019d@ == BSISO |32
2 FAT 5 AF el AAl 2ol AFEAH. 201339 Ag AA 2 AEdo
BSISO 4@ oz 43 7EY o7 AXMAT Al S AlFdo] 5delgts ME F
Huge e 201 498 1540 2t AAIG. vt molfo] 3¢ 5¢ 18
A Aol Awt 9d o] FFAAE 7HA sfivitke] A& Wgo] Fds] Ava & F U
% Bt 201093 2011dol+= BSISOR 483 &< Aol AA 1 43 & 99
2016, 2017, 2018, 2019 %ol AAl =5 AlFAeo] BSISO d3FFog F4F & 7|t
kel Fafjlo] thet mol A BSISO W&o 4&Fe =t & ¢ Ank ddo=z EA

~

- 110 -



prse

4

Sk

| iRtk wlo]f Xt BSISO9]

)
A
A}

A AR AFoR TR

SEAF

<

2o A BSISO

o A=,

=

£

3

B

o =
75]'1_‘%‘

ARz RE G 19 FE Aol7h v

] o]
G

pis

,m_mwo

o}
4
)

—_
o

I tHFigure 99). 2|

S

ol =435

o]l &

ZHAI AL AT

2010, 2011, 2012, 2013%

ek ok wol ol A

o

BSISO2| W -5-0]

AT o]

o thr] A%e o & A¥ste

ks
pal

=4 $7I7F 2

To-

A Ztel BSISO7}F
ol mFE A

o=
- .

63 ¢

%
O wrgel g 7}

M= 2 10d

A Eol o

-
[S)

710l ik BSIS

o
5

= o

S|
~

- 111 -



24.JUL

14HJUN —
= a8
04JUN — $ i ° 8
) 25MAY —
(6] @ @
15MAY — 9 @
® @
== Talwan Mal-Yu
OSMAY ml 1 SW Monsaan
(0]

I I I I ! I I I I I
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Figure 98. Monsoon onset date for Taiwan Mei-Yu and Southwest monsoon during the
recent 10 years. Shaded bars indicate possible monsoon onset period when BSISO impact
anomalies are applied to monsoon onset definition. Red(blue) circles represent real Southwest
monsoon (Taiwan Mei-Yu) onset dates for each year. Dashed lines are the mean of
monsoon onset dates for the recent 10 years.
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Figure 99. Tendency diagram of monsoon onset for Taiwan Mei-Yu and Southwest monsoon
during the recent 10 years. Blue boxes indicate the early of monsoon onset, yellow boxes
represent normal monsoon onset, and pink boxes are for the late of monsoon onset. Upper
boxes(OBS) are real monsoon onset and below(RES) boxes are estimated monsoon onset by
BSISO impact field for each monsoon.
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Figure 100. Skill comparison of BSISO impact forecast for WEEK1 in respect of Outgoing
Longwave Radiation over Asia-monsoon region. Mean absolute error, root mean square
error(RMSE), anomaly correlation coefficient(ACC) and fractional variance are used as skill
metrics.
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Figure 101. Same as Figure 100. But for the WEEK2.
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Figure 102. Anomaly correlation coefficient of BSISO impact forecast from ECMWEF for
WEEK1, WEEK2 and WEEK3 and each month.
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Figure 103. Scatter plot of forecast skills for multi-variables from multi models. Each
model(variable) is distinguished by color(marker). Closed markers indicate WEEKI1, open
markers are for WEEK2 and markers with dot are for WEEKS.
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7L A" 8 dEEe 7= )
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t}. dzfulg 7
1)+ d ~3YE (Run_EAWM_hybrid.csh) 7
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7hodld 9 53

ol &4 gl PlH-EE AT ALY dFARe Fade dg 9He] Frgel o
g Al &7 $9E A e A A7 s stk T ol 4
3} AAHE A% dolea] o] HiE 2P ope} FF 2 F AEY 5% ALd
ZREFo] eldir. metd 2dd dEE Yoot o, g@r|dFely ArldSae
g2e] AaAH=] Cldn 4% d8E g9 s1Yel 283 =e5A 4ok APCCAlME
WMO2| 525 prediction project datsbase(Vitart et al., 20174 +dslc A48 & a9
of A7 Q&5 AAAPANSFE e 3 2D Aden Adsa A 45 4
& 4% g ScHEAE B 2018 olF riYos 743 49 FlfEdEFEdq
GloSead (Global Seasonal Forecasting Model Version 5, o3 KMAR #@l)e] 45452
o - 71Ekr] 1§ Aade FEAT

L} 525 =i 49

o] Al2gdefs KMASE vla-grbE S8 AlgE AdW H5A5E 575 predicton
project database (Vitart et al. 2007004 S =z fle #se|dh @4 = UAfe =d
o] 525 Z2AEE {8 ARE AFTHa e £ A7-4E 3 F M =(ECCC.
ECMWF, NCEP)2] L& RESATHE 1. 4 B2 q527st Fo¢ 25 3744
AAEE AEsx glod M B ¥ o5 Eadd 4FE F¥@ch KMA d4AD
dFe Hee A 2en BYHA ASF20990 Fadd 4FARE AEsdn, §
HAEAEA sy Lokeid dusiag

18 zide #8 489 525 =Y

: | Teosanf219 | | 2fweek | past 20 | Zjweek
ECMWF | d 0-46 | 5 | | on the fly | 11
| | L91 | | {Mion, Thuj | | wears | {Maon, Thu) |
| 0.45x0.45 weekhy | Weekly
ECCC | d 0-32 2 on the fly [ 1995-2014 | 4
L0 | (Thu) [Thu)
NCEP | d 0-94 Ti26L64 16 daily fix 1959-2010 | Daily 4
. | . | d4/month
KMA |d 080 | N216LES 4 daify on the fly | 1991-2010
[ [ 1,9, 17, 25)|

o dFE 9% =dF(target weel) A B 7l Fgk A
o] AideHs FFARE 4A2 A8 o g3 44 A4E8E F
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A5 A2ALLE Yads APHAT a4 HUA 59 YRUe Azos T
A4 1ro] A 4577 FHE SUTH 71Ggke] AL YoM, BANZ AR P
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@ UHE 71Fes 409 FAAIAR LR UFY A, Fo AAAZAE F 3
AE FFsd 259 8 715G FosAHIY D,

KMA AAARARE d32719dE Radel ohd @ @ 1AH 149 Qrelme
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Target 7137 AL 71802 BRSHE Leed 7129 F 717 Hde] A=
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winLT winkd
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2. KMA d&4% vianwy ey 253 Aade] W

7 Azd 2 gdEe 7=
o4 AFH G2, of AxdelA A8HE $U ARE 525 databaseclH ATHE
@8 APCC GBapecgb/APCC 52500 32 ¥ 4oz gl gk 428 €3
A7} 595 detsbased] Y2E HW ARE TELE Polof s}, TeR=e) #AA o
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1
|
RMSE
APCC GB -~
% m
Forecast

Target vs Lead

EMA vs Others

> Maan bias Target vs Lead
ECMWF
525 Database ;
Climatology
N MR — R —
W

KMA[YR) vs

IAA{YR-)

OF 2 KMA ol &4d% vusgrl e AFe Jady T2

lHomE | mol |
INPUT YyYY
&) 2018

OUTPUT

4 HE vy

ey 2018

3

% 3 EMA A2 vnwr) WEd e s
HaEs] 73

- &AFAE (NCL Version 6.40 2)€h)
* FHHOMEWNCL
- E8 38 YAFYE (csh 7y
s BHOMEYSHELL/Run KMA_Verification.csh: 94 4 ~3gE
- A3} (NetCDF}
* Hindcast
HHOMENDATA/OUTPUT/HFYY Y HINDCASTASHYY YY)
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* Forecast
SHOMEVDATA/OUTPUT/HFYYY W FORECASTHEYYY Y]
# STHOME: # o9 E=]
HFYYYE 4789 = (ex 2018)
SYYYYE ZHE = {ex 2018)
SIMODEL): Al¥=< g MME

3. % "3
71 EBE

- SHOMENWSHELL/Run_EMA_Verification.czh

dfa7ldFHE A +&

0.get_forecast_inidate.nc

@& g wely dailyjweekly climatology 24

1-1-1 3models_daily_climatology.ncl
1-1-2 3models_weekly_3Imean_climatology.ncl
1-2-1 KMA_daily_climatology.ncl
1-2-2 KMA_weekly_Imean_climatology_target.ncl
1-2-3.EMA_weekly 3mean_climatology_lead.ncl
1-3-1.obs_daily.ncl
1-3-3_obs_daily_dimatology.ncl
1-3-3.0bs_daily_noleapday.ncl
1-3-4.0bs_weekly_3mean_climatology.ncl

#& 4 nyly¥ dulyfweekly forecast anomaly =4+

2-1-1.3models_daily_forecast.ncl
2-1-2.3models_weekly_anomaly.ncl
2-2-1 KM A_daily_forecast.ncl
2-2-2 KMA_weekly_anomaky.nd
2-3-1.0bs_weekly_total.ncl
2-3-3.0bs_weekly_anomaty.ncl

Climatology #¥4%s £4d= A&

3-1-1 hindcast_meanbias_all_inidate.ncl
3-1-2.hindcast_meanbias_seasonal.nd
3-1-3.hindcast_meanbizs_monthiy.nc

3-2-1.cal_hindcast_clim_PCConcl
3-2-2.cal_hindcast_clim_RMSE.ncl
3-3-1 hindcast_clim_PCC_RMSE_all_inidate.ncl
3-3-2 hindcast_clim_PCC_RMSE_seasonal.ncl
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3-3-3.hindcast_clim_PCC_RMSE_monthly. ncl
3-4-1.hindcast_clim_table_RMSE_method.nd
3-4-2 hindcast_clim_table_RMSE_year.ncl
3-4-3-1 hindcast_table_RMSE_others_percentile_all_inidates.ncl
3-4-3-2.hindcast_table_RMSE_others_percentile_seasonal.ncl
3-4-3-3 hindcast_clim_table_RMSE_others.ncl

Forecast 4% 44 &

a-1-1.cal_forecast_ACC.ncl
4-2-1 forecast ACC_all_inidate.ncl
4-2-2 forecast_ACC_seasonal.ncl
4-2-3 forecast_ACC_monthhy.ncl
d-3-1.forecast_table ACC_method.nc
4-3-2 forecast_table_ACC_year.ncl

4-3-3-1 forecast_table_ACC_others_percentile_all_inidates_ncl
4-3-3-2 forecast_table_ACC_others_percentile_seasonal.ncl
4-3-3-3 forecast_table_ACC_others.ncl

. ey
I Alav] H3
d3E Y5t duEs] gHabdEMA 525 Verify_v10tary& HAHG ¥ sigad

o Y& FoIET

> op KMA_S525_Verify_vl.0tar S{HOME}
> cd S{HOME]}

> tar —wvf KMA_525 Verify_wiO.tar

= Iz

KhAA_S25 Verify_v1.0

» od KMA_S525 Verify vi1.0

> |5

MCL  SHELL

2) Alav] ¢

> od S{HOME}/SHELL
» csh Run_KMA_Verification.csh

#1/bin/csh

LR e G L R T e s T N B e e R T L e e B T R L R RS T

# Verification system for GloSeas

# written by Gayoung Kim/20190820

R R AR RN R R R AR TR R R R R A R R T R R R R
maodule load nclf6.4.0
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iR 1 User Defined RRRsi S s s em it i ettt et
set MowDate ‘date -u +HYHEMS # (ex. 201901)

fi# 2. Set date #EH M
set FestYear = ‘date -d "S{NowDate}0l - 1 year” +%Y
set sHYear = 1399
set eHYear = 2010

i 3. Set directories SR SRR R R R
set DirDATA » ../DATA
set DidNPUT S{DirDATA} INPUT/
set DiIrfQUTPUT = S{DirDATALQUTPUTY

set DirbCL NCL
set DirSHELL JSHELLS
set DicFIG = . fFIG/

cat > S{DIrNCL)/common_info.nd <<EQF

;— directory ————-———-—
DiflNPUT = "S[DirtNPUT}"
GirDUTPUT = "§{DirQUTPUT]"
DirNCL “s{DErNCL)"
DirSHELL = "S{DrSHELL)"
DirFlG = "S|DirFIGH"

i— parameters -—---——-———-—-———

Fest¥ear = Si{FcstYear}

sHYear S{sHYear}

eHYear SleHYear)
EOF

### 4. run initial date script AERRERHESHERERTHRERH S
cd S{DirNCL)
echa "0 get forecast initial date"
ncl -0 S{DirNCLY/0. get_forecast_inidate.ncl
### 5. run Pre-precessing for hindcast script RiSsERERRH
echo "1 Preprocessing for hindcast”
ncl -0 S{DirMCLY1-1-1. 3models_daily_climatology.ncl
ncl -0 S{DifNCLY1-1-2 3models_weekly_3mean_climatologyncl
ncl -0 S{DirNCLY1-2-1 KMA_daily_climatology.ncl
ncl -0 S{DirNCLY1-2-2. EMA_weekly_3mean_climatology_target.ncl
ncl -0 S{DirNCLY1-2-3. EMA_weekly_3Imean_climatoblogy_lead.ncl
ncl -0 S{DirNCL}/1-3-1.0bs_daily.ncl
ncl -0 S{DirNCLY1-3-2.0bs_daily_noleapday.ncl
ncl -0 S{DirNCLE1-3-3. obs_daily_climatology.ncl
ncl -0 S{DirNCLY1-3-3.0bs_weekly_3mean_climatology.ncl

i 6. run Pre-precessing for forecast script GRitRERRERR

-5 -
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echo "2 Preprocessing for forecast”

ncl -0 S{DirNCLY2-1-1.3models_daily_forecast.ncl
ncl -0 S{DirNCLE2-1-2. 3models_weekly_anomaly.ncl
ncl -0 S{DirNCLY/2-2-1.KMA_daily_forecast.ncl

ncl -0 S{DifNCLY2-2-2 KMA_weekly_anomaly.ncl
ncl -0 S{DirNCLY 2-3-1.0bs_weekly_total.ncl

ncl -0 S{DirMCL) 2-3-2.0bs_weekly_anomaly.ncl

H### 7. draw climatology analysis script #HEREHREREHREHRER
echo "3 Draw climatoloy”
ncl -0 S{DirNCLY3-1-1 hindcast_meanbias_ali_inidate_ncl
ncl -0 S{DirNCLY/3-1-2 hindcast_meanbias_seasonal ncl
ncl -0 S{DirMCLY3-1-3. hindcast_meanbias_maonthly.ncl
ncl -0 S{DirNCLY3-2-1.cal_hindcast_clim_PCC.ncl
ncl -0 ${DirNCLY3-2-2.cal_hindcast_clim_RMSE.ncl
ncl -0 S{DirNCLY3-3-1 hindcast_clim_PCC_RMSE_all_inidate.ncl
ncl -0 S{DirNCLY3-3-2 hindcast_clim_PCC_RMSE_seasonal.ncl
ncl -0 S{DirNCLY3-3-2 hindcast_clim_PCC_RMSE_monthly.ncl
ncl -0 S{DirNCLY3-4-1 hindcast_clim_table_ RMSE_method.ncl
ncl -0 S{DirNCLY3-4-2 hindcast_clim_table_RMSE_year.ncl
ncl -0 S{DirNCLY 3-4-3-1. hindcast_table_RMSE_others_percentile_all_inidates.ncl
ncl -0 S{DirNCLY/3-4-3-2.hindcast_table_RMSE_others_percentile_seasonalncl
ncl =0 ${DirNCL}3-4-3-3 hindcast_clim_table_RMSE_others.nel

e B. draw forecast analysis script SHREHERHESHRRERRRRHR
echa "4 Draw foreacst”
ncl -0 S{DirNCLY4-1-1. cal_forecast_ACC.ncl
ncl -0 S{DirNCL}/4-2-1.forecast ACC_all_inidate.ncl
ncl -0 S{DirNCLY4-2-2 forecast_ACC_seasonal.nd
ncl -0 S{DirNCLY/4-2-3 forecast_ACC_monthly.ncl
ncl -0 ${DirNCLY/4-3-1.forecast_table ACC_method.ncl
ncl -0 S{DirNCLYA-3-2 forecast_table ACC_year.ncl
ncl -0 S{DirNCLY/4-3-3-1 forecast_table_ACC_pthers_percentile_all_inidates.ncl
ncl -0 S{DirNCLY 4-3-3-2 forecast_table_ACC_others_percentile_seasonal.ncl
ncl -0 S{DirNCLY/4-3-3-3 forecast_table_ACC_others.ncl

echo "— END —"

ok et E
D 3% 4 =395 (Run_EAWM_hybrid.csh)
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2} o] & A4
NowDate A&y FadE (A BE 5
FestYear 2 i B
sHYear F% hindcast | #H% (1000)
eHYear £% hindcast ERHE (2010)
DoDATA AR taEe]
CirINPUT g2/ duly 9 weekly climatology/forecast ©1#Ee] (NetCDF)
DirQUTPUT e 4 9 4549 @8 cld Kz (NetCDF}
DarNCL MNCL 423 Tj#d Eg]
DirSHELL C-Shell £==3E djdEe]
DirFIo 2 4S54y vin @l Fa ojola] dd9Ee] (png)
A NCL &£43=

AL IIONL

W FF SeelE

SIHOMEYNCL{common_info.ncl

4 4 ~3gegE S8 NCL fd e ¢iof AF A48t

2} u] & A4

DirINPUT P&z daily ¥ weekly cimatology/forecast T} &l E2] (NetCDF)
DirQUTPUT nE dH g dS545 FF oEEs (NetCDFY

DirNCL NCL £A3E tHfEe]

DirSHELL C-5hell ~57HE ke

DirFIG 2dE «54% vin-gr} @2 efnlA] ddge] (png)
FeatYear dHAL

sHYear F% hindcast A]2#E (1000)

eHYear

F% hindcast FRHE (7010)

2. KMA Add 454% vagrt o=y g A=
- SHOMEWNCL{Subprograms.nel

A e By

gy 2z2aq

Models_[nitial_Date

A4

EMA_[nitial_Drate
Write_Mode]l_TLL
Write_Model_TD
Wnte_Model T
Write_Model_Week
Write Obs TLL

A 2y 32049 28
EMAS] 7]13gE Al4E 99 hindcast o 227dH 4
a7 RS NetCOF® +7] (time, lat, lon)
dAEE NetCOFE 7| (domain, time)
G RE NetCOFE 7] (ome)

DR E NetCDFRE 27 (week)

B R& NetCDFR #7] (time. lat. lon)
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# o] 28] $t++ table plot€ $% 2 ®, ncl F# o= 4 table S.nclE A3 2

4 w7 AFH Ala"E A4E
7}. Climatology A @4 242
- f#dEa: OUTPUT/SFYYY YHINDCASTVYYYY Y

HEEY e
Mean bias - T mde] dAsgiAdE/HE mean bias
PCC 2 nele] FEy/ g Flealy] poC
Ciim RMSE I wede] A/ A Y 7] ¥4 RMSE
RMSE percentile 7] ¥ 3t RMSE® | &% 25™75™ percentile 3t

Ly AAzE o %7} Biforecast)
- ojd g OUTPUTISIFYYYWFORECASTVIYYYYY

e dE
ACC 7} uqe] AsE/AEE/EE 24 4589 ACC
ACC_percentile dA 7t 4577 8 ACCE o] &% 267/75" percentile &t

5 #nEd
Wila, F., and Coaulthors 2017, The Subseasonal b Seasonal Predicton (S25) project dalabase.
Bull. Amer. Malear. Soz., 88, 183-173

A, BXE, 0|FY, 471, BFE 2018, OE{X|Y 12608 MMVE o F 21E i B HE 2|
= 7 APECT|FMIE @RI 2018-08, APECY|FHIE,
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(d) DJF T2M

4 =(RMSE-PCC)
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| | ME

APEC 7| F 4 (APEC Climate Center, ¢35 APCC) 7| FAIY 2= 201995 7|33 7
FaZA~d (KMA-Met Office Joint Seasonal Forecasting Svstem) ¢ GloSeab (Global Seasonal
Forecast System versiond) E 92 A Ed (Subseasonal to seasonal) 33} =23 24 2 42 =
oA A dFE A8 Feoltd, wEkd, Ed ZAi E49 A& AZdE s AsA] ApEa A
=g Haol oz, oo GloSead Edg A7 E84& FHAA7 AT A=A A=d E &
7t A4E 23 24 dE"s gEtddn 7 ARAE Aode Bd Zae HAARE 7|F 7
HEg HEH=E dgetn, A AT EY A7 8o BolF A A E GBS BE 238
£ A 25, s Ed A9 Ay =03 E AF oA A2 sl st EHE i
o, FF AP Aoz ZEsiua g

1. GloSeah 9AlA 2 A= [Step 1]

GloSeas HME W 4= Zo HAAZE eee BT 410111'1, 71 % A7l g8 52 NetCDF
FE =g WF HJAe] Dodint, o FALS AAqF B(AHY A WA DAz sHdn. a2z, E4& 35
AMEMrEd FHAEE L AT 2HE BLEE F ‘i‘ﬂ‘H 2AE FHIR. AA= RHE AA, A=
AR 15x15° FOHMEES 609 ATAREE AFEHR,
= A2} oAl : GS_{YYYYMMDD} apt (ENS)nc
= HE Y VAR [time (50), 1at(121), lon(240)]

2. GloSeab & AMEH A& FA 2 [Step 2]

GloSeas AEW =5 Z3fe EAS ofg 14, 94, 179, 269 =713& AHEF 30 44
Y4 HE Zag AEFH Add 4F A wEy 24& Hd 2d @A (15785 o ©wE A
AE (MAM, JJA, SON, DIF) of=22 2 AA445c Add 45 A3 7R Adas 43E& 4
2717 4B 39 1o AAEE, b 24& Hs) AR AR (ERA-Inteim)E <& T AdAEE
Edg 15 A Bapet FdabA A I, ABAR 1F78F)d e 1220 Al 45 Ax2
79 d5 % F 4Y= AgdH.

24
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[Step 21
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4-2 draw_systematic_errors.ncl
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- 33 HHOMELDATA/OUT/FIG

[Step 31

- $H{HOME}NCL

5-1.mk_sZs_monthly_anomaly_modncl
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[Step 2]

[Step 3]

Az kel A2

2. 555

[Step 1]

- ${HOME}/SCR/Bun_GloSeab_Preprocess.csh

GloSeab A XE (ieee—netcdf)

[Step 1]
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1.convert2nc.csh
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2-1.interpolation_spatial.ncl
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H
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3-1.mk_s2s_seasonal_anomaly_mod.ncl
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GloSeab 2 MEHIE FF e B

4-1 verify_systematic_errors .ncl

4-2 draw_systematic_errors.ncl

GloSeab =2+ &8 @AF TG

5-1.mk_s2s_monthly_anomaly_mod.ncl
5-2.mk_s2s_monthly_anomaly_obs.ncl
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61, diagnose_errars.ncl

6-2. draw_diagnosis_errors.ncl
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| X=Hdd AIAHE

3. Iy
1) GloSeab A=A 7 A2 HA

cp GloSea5_Preprocess.tar ${HOME}

cd ${HOME}

tar —xvf GloSea5_Preprocess.tar

Is

DATA FIG GloSea5 Preprocess.tar NCL SCR

vovov v

2) sepoy AA

= cd ${HOME}/NCL
= vi 0.Parameter.Users.ncl

begin

; Set Parameter

v

nYear = 20
nlat = 121
nlon = 240
sYear = 1991
eYear = 2010
init =12
week = 8
ens =3

; Set Directories

DirSCR = "./SCR/"

DirNCL = "./NCL/"
DirFIG = "./FIG"
DirPRE = "./DATA/PRE/
DirouT = "./DATA/OUT/"

DirGBS = "/apccgbh/APCC_S2S/RAW/OB S/ERA-Interim/ 1p5d/™”
DirMOD = "/apccgb/APCC_S2S/PRE/HINDCAST/Seouliv2018/"

. Set Seasonal initial data | No need to change
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| X=Hdd AIAHE

3) GloSea5 A EAzZ A=d 73

> cd ${HOMEYSCR
= csh Run_GloSeab_Preprocess.csh

#H# [Step () HHHRHHHRHHHH R R
set DIrSCR = ./
set DIrNCL = ./NCL/

set DiIrDATA = ./DATA/
set DirFIG = [FIG/

#i# [Step 1] HHEHEHH R A TR R R
echo "1 Convert to NetCDF"
csh ${DIrSCR}/1.convert2nc.csh

echo "2 Interpolation”
ncl —Q ${DirNCL}/2-1.interpolation_spatial_mod.ncl
ncl —Q ${DirNCL}/2-2.interpolation_temporal_mod.ncl

i [Step 2] FHHHEHHHHRRHEHR R R
echo "3 Make s2s seasonal anomaly”
ncl —Q ${DiIrNCL}/3-1.mk_s2s_seasonal_anomaly_mod.ncl
ncl —Q ${DiIrNCL}/3-2.mk_s2s_seasonal_anomaly_obs.ncl

echo "4 Calculate systematic ermrors”
ncl —Q ${DirNCL}/4-1.verify_systematic_emors.ncl
ncl —Q ${DirNCL}/4-2 draw_systematic_ermors.ncl

#HH# [Step 3] FHHHHHHRHHHEH R
echo "5 Make s2s monthly anomaly”
ncl —<Q ${DirNCL}/5-1.mk_s2s_monthly_anomaly_mod.ncl
nel —Q ${DirNCL}/5-2.mk_s2s_monthly_anomaly_obs.ncl

echo "6 Diagnose lweek errors”

ncl —-Q ${DirNCL}/6-1.diagnose_errors.ncl

ncl —-Q ${DirNCL}/6-2.draw_diagnosis_emors.ncl
echo "— END —"

¥ Bz ey
{1435, ZI7}G, 2018, FolAloF ASE S5 ofojHalt gFA[AE 2onfLd
sraa Aoinl 2019, GloSeas 7] ¥ 2Al(l), APEC 7] SHIE

APEC 7] 5 4E]
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Supplementary Figure 1. Overall performance (Correlation coefficient) before and after
applying LSTM.
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Supplementary Figure 2. Comparison of correlation among machine learning algorithms.
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Supplementary Figure 3. Comparison of daily performance (CC) across entire forecast lead
time.
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Supplementary Figure 4. Weekly performance (CC) before and after applying LSTM algorithms
to ECMWF and GloSeab.
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Supplementary Figure 5. Seasonality of S2S-Deep learning prediction
measured by CC (entire forecast lead time).
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Supplementary Figure 6. Seasonality of S2S5-Deep learning prediction
measured by CC (week 3 forecast).
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Supplementary Table 1. R program code for S2S-LSTM learning.

library("readr");
‘dplyr"):

library
mxnet");
"abind");

library
library

stringr");

(
(
(
(
library(
(

library("Metrics");

S2S_DL  <- function(grid_num, releaseDate, bat_size, tr_val_ratio, num_rnn_layer,
bidirectional, num_hidden, cell_type){

years = 1998:2017; # ECMWF

grid_num = "grid1"

releaseDate = "05-10"

releaseYearDates = pasteO(years, "-", releaseDate);

num_rnn_layer = 1;

bidirectional = F;

num_hidden = 5;

cell_type = "lstm";

non

gloseab <- read.table(file = paste0("processed _ECMWEF/", grid_num, "
str_replace_all(releaseDate, "-", ™), ".txt"), header = TRUE, sep = "\t", row.names=NULL);

# Reorganize the table.
for (i in 1:20}
print ((i-1)*176+1):
temp = gloseab[((i-1)*176+1):((i-1)x176+176), |: # each 176 rows (16 var X 11 cf/pf
runs)
if (temp[1,1] != "cf_MSLP") print("s*x**x*xx* Error on the data s*sxs*xssxx");
for (r in 1:176){
if (str_detect(templr,1], "1th")) temp|r,1]
"1_pf"), "_1th", ")
if (str_detect(templr,1], "2th")) templr,1] = str_replace(str_replace(templr,1], "pf",
"2_pf"), "_2th", ")

str_replace(str_replace(templr,1], "pf"

if (str_detect(templr,1], "3th")) temp|r,1] = str_replace(str_replace(temp|r,1], "pf",
l|3_pfl|), "_Sthl" llll);
if (str_detect(templr,1], "4th")) temp|r,1] = str_replace(str_replace(temp|r,1], "pf",

"4_pf"), "_4th", ")
if (str_detect(templr,1], "5th")) temp|r,1] = str_replace(str_replace(temp|r,1], "pf",
pf"), "_5th", "):
if (str_detect(templr,1], "6th")) temp|r,1] = str_replace(str_replace(tempr,1],
"6_pf"), "_6th", ");

if (str_detect(templr,1], "7th")) temp|r,1]

l|5

pf",

str_replace(str_replace(templr,1], "pf"
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"7_pf"), "_7th", "™);
if (str_detect(templ[r,1], "8th")) templ[r,1] = str_replace(str_replace(temp[r,1],
"8_pf"), "_8th", ")
if (str_detect(templr,1], "9th")) temp|r,1] = str_replace(str_replace(temp|r,1],
"9_pf"), "_9th", ")
if (str_detect(templr,1], "10th")) temp|r,1] = str_replace(str_replace(tempr,1],
"10_pf"), "_10th", "):
t
temp = templorder(temp[,1]),];
gloseab[((i-1)*176+1):((i-1)*176+176), | = temp:;

pf,

pf",

n "

pf,

t
gloseab[is.na(gloseab)] <- 0

gloseab <- gloseab[, -1]; # Delete variable names

# normalise each feature to range(0,1)
gloseab <- matrix(as.matrix(gloseab), ncol = ncol(gloseab), dimnames = NULL)
rangenorm <- function(x) {

(x - min(x))/(max(x) - min(x))
}
gloseab <- apply(gloseab, 1, rangenorm);
dim(gloseab): # 46 x 3520
gloseab <- t(gloseab);

# convert training data to the form (n_dim x seq_len x num_samples)
n_dim <- 16
seqg_len <- 46
num_samples <- 220 # 20 years X 11 runs
trainX <- matrix(rep(0, n_dim=*seq_len*xnum_samples), n_dim, seq_len * num_samples):
dim(trainX) <- c(n_dim, seq_len, num_samples);
for (i in l:num_samples){

cat (i, (1+ n_dim=(i-1)), (n_dim=i), "\n", sep="\t");

trainX[, , i] <- gloseab[(1+ n_dimx*(i-1)):(n_dimxi), |;
}
gloseab[1, | == trainX[1, , 1]
[17, ] == trainX[1, , 2]
[33, ] == trainX[1, , 3]
gloseab[305, | == trainX[1, , 20]:

o]
o]

## Response variable (ERA interim)
era <- read.table(paste0("processed _ERAInterim/", grid_num, "_Tmax.txt"),
stringsAsFactors=F, sep="\t");

era$V2 = rangenorm(era$V?2):
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trainY <- matrix(rep(0, seq_len*num_samples), seq_len, num_samples):

for (i in 1:20){ # 20years for the training set
start = which(era$V1 == releaseYearDates[i]);
end = which(era$V1 == (as.Date(releaseYearDates[i])+45));
cat (i, start, end, "\n", sep="\t"):
trainY[, (i-1)*x11 + 1] <- erastart:end, 2]

) ]
trainY[, (i-1)x11 + 2] <- era[startiend, 2]
trainY[, (i-1)*11 + 3] <- eralstartiend, 2];
trainY[, (i-1)x11 + 4] <- eralstart:end, 2];
trainY[, (i-1)x11 + 5] <- eralstart:end, 2];
trainY[, (i-1)*x11 + 6] <- era[startiend, 2]
trainY[, (i-1)*11 + 7] <- eralstartiend, 2];
trainY[, (i-1)*11 + 8] <- eralstartiend, 2];
trainY[, (i-1)x11 + 9] <- erastartiend, 2]
trainY[, (i-1)*11 + 10] <- eralstartiend, 2];
trainY[, (i-1)*11 + 11] <- eralstart:end, 2];

## Train model, predict, evaluate performance
batch.size <- bat_size:

shuffle_index <- sample(l:ncol(trainY)):

trainX <- trainX[,,shuffle_index];

trainY <- trainY[,shuffle_index];

folds <- cut(seq(l,ncol(trainY)),breaks=10,labels=FALSE)

alllndex = 1:ncol(trainY):
for(cv in 1:10)
cat (cv, "-th cross-validation\n");
#Segement your data by fold using the which() function
testIndexes <- which(folds==cv,arr.ind=TRUE):
remainlndexes <- alllndex|[!(alllndex %in% testIndexes)]:
vallndexes = sample (remainlndexes, as.integer(length(alllndex) * tr_val_ratio));

trainlndexes <- remainlndexes[!/(remainIndexes %in% vallndexes)]:

train_ids <- trainIndexes;

eval_ids <- vallndexes:

train.data <- mx.io.arrayiter(data = trainX[, , train_ids, drop = F], label = trainY],
train_ids],
batch.size = batch.size, shuffle = TRUE)
eval.data <- mx.o.arrayiter(data = trainX[, , eval_ids, drop = F], label = trainY],

eval_ids],
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batch.size = batch.size, shuffle = FALSE)

symbol <- rnn.graph(num_rnn_layer = num_rnn_layer, bidirectional = bidirectional,
num_hidden = num_hidden, input_size = NULL, num_embed = NULL, num_decode = 1,
masking = F, loss_output = "linear", dropout = 0.2, ignore_label = -1, cell_type = cell_type,

output_last_state = T, config = "one-to-one");
mx.metric.mse.seq <- mx.metric.custom("MSE", function(label, pred) {
label = mx.nd.reshape(label, shape = -1)
pred = mx.nd.reshape(pred, shape = -1)
res <- mx.nd.mean(mx.nd.square(label - pred))
return(as.array(res))
)
ctx <- mx.cpu()
initializer <- mx.init.Xavier(rnd_type = "gaussian", factor_type = "avg', magnitude = 3)
optimizer <- mx.opt.create("adadelta”, rho = 0.9, eps = le-05, wd = le-06, clip_gradient
= 1, rescale.grad = 1/batch.size)
logger <- mx.metric.logger()
epoch.end.callback <- mx.callback.log.train.metric(period = 10,logger = logger)

system.time(model <- mx.model.buckets(symbol = symbol, train.data = train.data,
eval.data = eval.data,
num.round = 100, ctx = ctx, verbose = TRUE,
metric = mx.metric.rmse, initializer = Iinitializer,
optimizer = optimizer,
batch.end.callback = NULL, epoch.end.callback =
epoch.end.callback))

internals <- model$symbol$get.internals()

internals$outputs:

sym_state <- internals$get.output(which(internals$outputs %in% "rnn.state")):
sym_state_cell <- internals$get.output(which(internals$outputs %in% "rnn.state.cell"))
sym_output <- internals$get.output(which(internals$outputs %in% "loss_output"))
symbol <- mx.symbol.Group(sym_output, sym_state, sym_state_cell)

for (i_test in 1:length(testIndexes)){
forecast_sample = testindexes|i_test];
print(forecast_sample);
pred_length <- nrowf(trainY):
predicted <- numeric()
data <- mx.nd.array(trainX|, , forecast_sample, drop = F])
label <- mx.nd.array(trainY[, forecast_sample, drop = F])
infer.data <- mx.io.arrayiter(data = data,label = label,batch.size = 1,shuffle = FALSE)
infer <- mx.infer.rnn.one(infer.data = infer.data,symbol = symbol,arg.params =

model$arg.params,
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aux.params = model$aux.params,input.params = NULL,ctx

= ctx)

actual <- trainY[, forecast_sample];

for (i in l:pred_length) {
data_pred <- mx.nd.array(trainX|, i, forecast_sample, drop = F])
label_pred <- mx.nd.array(trainY[i, forecast_sample, drop = F])
infer.data <- mx.io.arrayiter(data = data_pred, label = label_pred, batch.size =
1, shuffle = FALSE)

infer <- mx.infer.rnn.one(infer.data = infer.data,symbol = symbol,ctx

ctx,arg.params = model$arg.params,

aux.params model$aux.params, input.params
list(rnn.state = infer[[2]],

rnn.state.cell = infer[[3]]))

pred <- infer[[1]]

predicted <- c(predicted, as.numeric(as.array(pred)))
t
cor(actual, trainX[7, , forecast_sample]);
rmse(actual,predicted);

rmse(actual, trainX[7, , forecast_sample]);

cat(forecast_sample, actual, "\n", file = pasteO('DL_output_ECMWF_Tmax/", grid_num,

" " releaseDate, "_", bat_size, "_", tr_val_ratio, " " num_rnn_layer,
"_" bidirectional, "_", num_hidden, "_", cell_type, "_ERA.txt"), sep = "\t", append = T);
cat(forecast_sample, predicted, "\n", file = pasteQ("DL_output_.ECMWF_Tmax/",
grid_num, "_", releaseDate, "_", bat_size, "_", tr_val_ratio, "
num_rnn_layer, "_", bidirectional, "_", num_hidden, "_", cell_type, "_DL.txt"), sep = "\t
append = T);
cat(forecast_sample, trainX[7, , forecast_sample], "\n", file =
paste0("DL _output_ECMWF _Tmax/", grid_num, "_", releaseDate, "_", bat_size, "_", tr_val_ratio,
""", num_rnn_layer, "_", bidirectional, "_", num_hidden, "_"

cell_type, "_S2S.txt"), sep = "\t", append = T);

t
t
return,
t
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Supplementary Table 2. Python program code for S2S-LSTM learning.

# multi-step Istm

from math import sqrt
from numpy import split
from numpy import array

from pandas import read_csv

from pandas import DataFrame

from sklearn.metrics import mean_squared_error
from matplotlib import pyplot

from keras.models import Sequential

from keras.layers import Dense

from keras.layers import Flatten

from keras.layers import LSTM

# set filename suffix

replicate = 1

# train/test sets
def split_dataset(data):
train, test = data[1:5482], data[5483:7303]

return train, test

# evaluate

def evaluate_forecasts(actual, predicted):

# calculate an RMSE score

scores = list()

for i in range(actual.shape[1]):

# calculate mse

mse = mean_squared_error(actuall:, i], predicted[:, i])
# calculate rmse

rmse = sqrt(mse)

scores.append(rmse)

s=0

for row in range(actual.shape[0]):

for col in range(actual.shape[l]):

s += (actual[row, col] - predicted[row, col])x*2
score = sqrt(s / (actual.shape[0] * actual.shape[1]))
return score, scores

# summarize scores

def summarize_scores(name, score, scores):

s_scores = ', "Jjoin(['%.1f' % s for s in scores))

print('%s: [%.3f] %s' % (name, score, s_scores))
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# convert history into inputs and outputs

def to_supervised(train, n_input, n_out=1):

data = train.reshape((train.shape[0O]*train.shape[1], train.shape[2]))
X, v = list(), list()

in_start = 0

# train the model

def build_model(train, n_input):

# prepare data

train_x, train_y = to_supervised(train, n_input)

# define parameters

verbose, epochs, batch_size = 0, 70, 16

n_timesteps, n_features, n_outputs = train_x.shape[l], train_x.shape[2], train_y.shape[l]
# define model

model = Sequential()

model.add(LSTM(200, activation='relu’', input_shape=(n_timesteps, n_features)))
model.add(Dense(100, activation="relu'))

model.add(Dense(n_outputs))

model.compile(loss='mse', optimizer='adam')

model.fit(train_x, train_y, epochs=epochs, batch_size=batch_size, verbose=verbose)
# plot

pyplot.plot(history.history['loss'], label="train')

pyplot.plot(history.history['val_loss'], label="test")

pyplot.legend()

pyplot.title('model loss')

pyplot.ylabel('loss')

pyplot.xlabel('epoch')

pyplot.savefig('C:/Users/ZestPC/Downloads/20190619_DL_ / /save_fig_loss' + str(replicate) +
"png', dpi=100)

pyplot.show()

pyplot.plot(history.history['acc'], label="train')

pyplot.plot(history.history|['val_acc'], label="test')

pyplot.legend()

pyplot.title('model accuracy')

pyplot.ylabel('accuracy')

pyplot.xlabel('epoch')

pyplot.savefig('C:/Users/ZestPC/Downloads/20190619_DL._ / /save_fig_accuracy' +
str(replicate) + '.png', dpi=100)

pyplot.show()

# save text files
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sys.stdout.write('C:/Users/ZestPC/Downloads/20190619_DL_ / /save_LSTM_v3_summary' +
str(replicate) + '.txt")

sys.stdout = open('C:/Users/ZestPC/Downloads/20190619_DL_ / /save_LSTM_v3_summary' +
str(replicate) + '".txt', 'a')

model.summary()

return model

# prediction

def forecast(model, history, n_input):

# data

data = array(history)

data = data.reshape((data.shape[0Q]*xdata.shape[l], data.shape[2]))
# retrieve last observations for input data
input_x = data[-n_input:, 0]

# reshape into [1, n_input, 1]

input_x = input_x.reshape((1, len(input_x), 1))
# predict the day

yhat = model.predict(input_x, verbose=0)
yhat = yhat[0]

return yhat

# evaluate a single model

def evaluate_model(train, test, n_input):
# build model

model = build_model(train, n_input)

# daily data

history = [x for x in train]

# walk-forward validation

predictions = list()

for i in range(len(test)):

# predict the week

yhat_sequence = forecast(model, history, n_input)

# append/s the predictions
predictions.append(yhat_sequence)

# get real observation and add to daily data for predicting
history.append(test[i, :])

# evaluate predictions days

predictions = array(predictions)

score, scores = evaluate_forecasts(test|:, :, 0], predictions)

for j in range(len(predictions)):
print("testVari=%s, Predicted=%s" % (test[j], predictions[j]))
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numpy.savetxt('C:/Users/ZestPC/Downloads/20190619_DL_ / /save_LSTM_v3_predicted_' +
str(replicate) + '.csv' predictions, delimiter=",")

return score, scores

# load the new file

dataset = read_csv('C:/Users/ZestPC/Downloads/20190619_DL_ / /v3_ECMWF.csv',
header=0, infer_datetime_format=True, parse_dates=['datetime'], index_col=['datetime'])

# split into train and test

train, test = split_dataset(dataset.values)

# evaluate model and get scores

n_input = 1

score, scores = evaluate_model(train, test, n_input)

# summarize scores

summarize_scores('Istm', score, scores)

# store files

with open('C:/Users/ZestPC/Downloads/20190619_DL_ / /save_LSTM_v3_test_" +
str(replicate) + ".csv", "w") as out_test:

for i in range(len(test)):

out_string = "

out_string += str(test[i])

out_string += "\n"

out_test.write(out_string)

with open("C:/Users/ZestPC/Downloads/20190619_DL_ /  /save_LSTM_v3_score_" +
str(replicate) + ".txt", "w") as out_score:

for i in range(len(scores)):

out_string2 = "
out_string? += str(scoresli])
out_string?2 += "\n"

out_score.write(out_string?)

#sys.stdout.close()
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Supplementary Table 11. Prediction performance with single input variable (ECMWF-MLP).

Input variable

Target Orignal correlation Correlation coefficient after

variable coefficient applying deep learning

MSLP 0.04494
PREC 0.12083
T2M pre 0.08758 0.02243
U850 0.06988
V850 0.06957
MSLP 0.08047
PREC -0.01789
T2M T2M 0.2363 0.33190
U850 0.09903
V850 0.10218

Supplementary Table 12. Prediction performance with two input variables (ECMWF-MLP).

Input variable

Target Orignal correlation Correlation coefficient after

variable coefficient applying deep learning
MSLP, PREC 0.4698
MSLP, T2M 0.04834
MSLP, U850 0.04538
MSLP, V850 0.04170
PREC, T2M 0.10790
PREC, U850 pre 0.08758 0.10770
PREC, V850 0.12210
T2M, U850 0.02387
T2M, V850 0.04670
U850, V850 0.09298
MSLP, PREC 0.07750
MSLP, T2M 0.08272
MSLP, U850 0.07837
MSLP, V850 0.07825
PREC, T2M 0.33530
PREC, U850 2™ 02363 0.02970
PREC, V850 0.09292
T2M, U850 0.33000
T2M, V850 0.33210
U850, V850 0.10530
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Supplementary Table 13. Prediction performance with three input variables (ECMWF-MLP).

oo e [ Ol conaion Gl e ate
MSLP. PREC, T2M 0.04762
MSLP, PREC, U850 0.04653
MSLP, PREC, V850 0.04689
MSLP, T2M, U850 0.04722
MSLP, T2M, V850 0.04517
MSLP, U850, V850 pre 0.08758 0.04321
PREC, T2M, U850 0.10470
PREC, T2M, V850 0.10773
PREC, U850, V850 0.11376
T2M, U850, V850 0.04423
MSLP, PREC, T2M 0.0764
MSLP, PREC, U850 0.07836
MSLP, PREC, V850 0.07222
MSLP, T2M, U850 0.08118
MSLP, T2M, V850 0.08346
MSLP, US50, V850 T2M 02363 0.08037
PREC, T2M, U850 0.3394
PREC, T2M, V850 0.3389
PREC, U850, V850 0.09052
T2M, U850, V850 0.3311

Supplementary Table 14. Prediction performance with four input variables (ECMWF-MLP).

oput varoble e Ovel conlyion —— Oorton el afe
MSLP, PREC, T2M, U850 0.04729
MSLP, PREC, T2M, V850 0.04711
MSLP, PREC, U850, V850 pre 0.08758 0.04422
MSLP, T2M, U850, V850 0.04496
PREC, T2M, U850, V850 0.11311
MSLP, PREC, T2M, U850 0.07848
MSLP, PREC, T2M, V850 0.07478
MSLP, PREC, U850, V850 T2M 0.2363 0.0617
MSLP, T2M, U850, V850 0.08083
PREC, T2M, U850, V850 0.33552

Supplementary Table 15. Prediction performance with five input variables (ECMWF-MLP).

Orignal . .
: Target : Correlation coefficient after
Input variable variable gggf%gitg% applying deep learning
MSLP, PREC, T2M, U850, V850 pre 0.08758 0.04706
MSLP, PREC, T2M, U850, V850 T2M 0.2363 0.08077
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Supplementary Table 16. Prediction performance with single input variables (GloSea5-MLP).

Input variable

Target Orignal correlation Correlation coefficient after

variable coefficient applying deep learning

pre 0.09347
MSLP 0.04737
T2M pre 0.06944 0.01935
U850 0.04854
V850 0.04481

pre -0.01823
MSLP 0.05615
T2M T2M 0.20318 0.23360
U850 0.02040
V850 0.06329

Supplementary Table 17. Prediction performance with two input variables (GloSea5-MLP).

Input variable

Target Orignal correlation Correlation coefficient after

variable coefficient applying deep learning
MSLP, PREC 0.04889
MSLP, T2M 0.04867
MSLP, U850 0.05124
MSLP, V850 0.04962
PREC, T2M 0.08493
PREC, U850 pre 0.06944 0.09312
PREC, V850 0.09335
T2M, U850 0.03325
T2M, V850 0.01896
U850, V850 0.04214
MSLP, PREC 0.05264
MSLP, T2M 0.05489
MSLP, U850 0.05540
MSLP, V850 0.05142
PREC, T2M 0.23624
PREC, U850 2™ 0.20318 0.04260
PREC, V850 -0.02076
T2M, U850 0.23428
T2M, V850 0.23410
U850,V850 0.06216
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Supplementary Table 18. Prediction performance with three input variables (GloSea5-MLP).

o e e Ol conoRion ol et ae
MSLP, PREC, T2M 0.04840
MSLP, PREC, U850 0.04798
MSLP, PREC, V850 0.05105
MSLP, T2M, U850 0.04745
MSLP, T2M, V850 0.05117
MSLP, U850, V850 pre 0.06944 0.04900
PREC, T2M. U850 0.08675
PREC, T2M, V850 0.08985
PREC, U850, V850 0.08861
TOM, U850, V850 0.03346
MSLP, PREC, T2M 0.05624
MSLP, PREC, US50 0.05484
MSLP, PREC, V850 0.05019
MSLP, T2M, U850 0.05467
MSLP, T2M, V850 0.05472
MSLP, U850, V850 T2M 020318 0.059067
PREC, T2M, US50 0.23884
PREC, T2M, V850 0.23687
PREC, U850, V850 0.04226
T2M, U850, V850 0.23445
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Supplementary Table 19. Prediction performance with four input variables (GloSea5-MLP).

input variable vamghie  Comelation 0 earming
MSLP, PREC, T2M, U850 0.05092
MSLP, PREC, T2M, V850 0.049501
MSLP, PREC, U850, V850 pre 0.06944 0.04868
MSLP, T2M, U850, V850 0.04721
PREC, T2M, U850, V850 0.08491
MSLP, PREC, T2M, U850 0.05528
MSLP, PREC, T2M, V850 0.05536
MSLP, PREC, U850, V850 T2M 0.20318 0.05539
MSLP, T2M, U850, V850 0.05566
PREC, T2M, U850, V850 0.238

Supplementary Table 20. Prediction performance with five input variables (GloSea5-MLP).

Orignal . .
: Target : Correlation coefficient after
Input variable variable ggg%gitg% applying deep learning
MSLP, PREC, T2M, U850, V850 pre 0.06944 0.04853
MSLP, PREC, T2M, U850, V850 T2M 0.20318 0.05625
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Supplementary
Table 1 East Asia temperature variability
Abbr. EATa PC1 PC2
m* average - ] - 0 m* over i 2 0 m* over i
Definiti T2m* (40°-B5°N, B80°-| PC1 of T2m* (40°-65°N, | PC2 of T2m* (40°-65°N
elINUOR | 450°F) 80°-120°E) 80°-120°E)
{a) 1st 45.3% (b) 2nd
Reference
40N
N T
120€ 140E
*indicates normalized vaiue
Table 2 Climate indices used in this study
Index Definition Reference
Sea Level Pressure (SLP)* gradient
(2xSLP*1-5LP*2-SLP*3}i2
WangC_P SLP*1: nommalized area-averaged SLP over Sibera| ‘Wang and Chen
= (40°—B60°N, 70°—120°E) (2014)
SLP*2: the North Pacific (30°-50°N, 140°E-1707W)
SLP*3: the Maritime Continent (20°5-10°N, 110°-160°E)
BV Wang P | SLP" gradient(40°70°N_110°E-4070° 160°E) Wang et al_(2008)
PC1 of 500hFa geopotential height (Z500hFa)*, (25°-
Wang_Z 50°N.100°-180°E} ‘Wang et al. (2009)
200hPazonal wind {U200hPa) gradient
Li U {[(30%-35°M 90°-160°E}-(50°-60"M 701 TOEN+[(30°- Liand Yang (2010}
35°N,90°-160°E}-(5°5-10°N,90°-160°E)[W2
Siberia High {Shi) SLP* average (40°-65°N, 80°-120°E) Ramagiiapom e e
al. (2005)
= fringpe : A i Thompson and
Arctic Oscillation (AOi) FC1 of SLP* poleward of 20°N Wallace (1998)
*indicates normalized vaiue
L1(ref) L2 L3 L4
wi . 100 1007 |
¢ T 0.8 .
075 1 I.%l 0754 J
0.8 % | | 06
I 0.50 1 a | 050 e !
061 | - oas ) " D.d!
T 0.25 . 237 e 02
g 03 .00 i | 0.0 |
{ -]
02 -0.25 | A e '0-2!
1 | | -0.50 | 0.4 |
007 =673 | o —u_u| |
I L o |
BN NN AN BN NN AN BN NN AN BN NN AN

Figure 1 Box-whisker of ACC for BN, NN and AM groups at four lead weeks. The three categories are based on fower
(33.3%) and upper (66.6%) terciles of lead week1 ACC. Green triangles indicates the mean of ACC.
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Figure 2 mean ACC of 9 categories based on two different indices' tercile criteria for lead week (top) 3 and (bottom) 4.
For the tercile categorization, anomaly of each index is calculated then it is nommalized by its standard deviation.
Upper and lower tercile is 0.43 and 0.43 sigma, respectively. ACC average value and sample size within
parenthesis are displayed in each box. Red color denotes the category of distinguished large or small ACC value with

the sample size 20 and over.

L3 skill ~ PC1 stability

corr.=
pval.=

;) 4 L)
LAPC] std/mean)

0.474
0.000

{b)

=0.53
LIT—I 46

1(PCL std(mean]

Figure 3 {a) scatter plot and (b) box-whisker plot between simulated PC1 stability and EA T2m skill for lead time of 3
weeks from 132 samples {12 weeks for 11 winter seasons). X-axis displays an inverse of PC1 standard deviation for 4
lead weeks divided by theirmean. Least square fitted line in (a)is delineated (gray dash). The three categones in {b)
are based on lower (33.3%:) and upper (66.6%:) terciles of PC1 stability.
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Figure 4 mean ACC of 9 categores based on all available two different indices’ tercile criteria for lead week 3. For the
tercile categorization, anomaly of each index is calculated then it is normalized by its standard deviation. Upper and
lower tercile is -0.43 and .43 sigma, respectively ACC average value and sample size within parenthesis are
displayed in each box. Red color denotes the category of distinguished large or small ACC value with the sample size
g and over.
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Table 1. Definition of Southwest Monsoon Onset

Southwest Monsoon Onset

The guidelines to be followed for declaring the onset of monsoon over Kerala and its
further advance over the country are enlisted below:

a) Rainfall

If after 10th May, 60% of the available 14 stations enlisted®, viz. Minicoy, Amini,
Thiruvananthapuram, Punalur, Kollam, Allapuzha, Kottayam, Kochi, Thrissur, Kozhikode,
Thalassery, Kannur, Kudulu and Mangalore report rainfall of 2.5 mm or more for two
consecutive days, the onset over Kerala be declared on the 2nd day, provided the
following criteria are also in concurrence.

b) Wind field

Depth of westerlies should be maintained upto 600 hPa, in the box equator to Lat.
10° N and Long. 55° E to 80° E. The zonal wind speed over the area bounded by Lat.
5-10° N, Long. 70-80° E should be of the order of 15 - 20 Kts. at 925 hPa. The source
of data can be RSMC wind analysis/satellite derived winds.

¢) Outgoing Longwave Radiation (OLR)

INSAT derived OLR value should be below 200 wm-2in the box confined by Lat.
5-10° N and Long. 70-75° E.
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Table 2. Definition of Taiwan Mei-Yu Onset

Taiwan Mei-Yu Onset

When Hshear Index > 0 and Vshear Index > 0

Hshear Index
= U850[(115°E—125°E, 17.5°N—22.5°N) - (110°E—120°E, 25°N—30°N)]

Vshear Index
= U850(110°E—130°E, 12.5°N—20°N) - U200(110°E—130°E, 12.5°N—20°N)
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Table 3. Skill Metric for continuous variables

Methods for forecasts of continuous variables

1. Mean error

- What is the aversge forecast errm ¥
- bean ErrorfbAE), also called Bias, represenis the mean value of deviations betweern forecasts 2nd verificalion values, and is defined by

A
i
ME = S (F, ()
, NZ& )
ey

- Range: ~=o 4o &=
- Ferfect soore; 1
- Characteristics: Simple, farmiliar does not measure the magnituds of the errors, does not the correspondence between forecasts and obs,

2. RMSE

- What is the averape magnitude of the forecast errors?
- Root Resn Sguste ErroriRMEE] is often ueed for representing the scourary of forecasts, and s defined by

Y- 05
fwd

- Hange: -0l

- Perfect score: &

- Characteristics: Simple, familian measures “sverage” error, weighted according to the square of the error,
does not indicate the direction of the devistions, puts grester influence on large errors thar smaller errars, which may be
& pood things i farge errors are espacially undesirabie,

3. Anomaly Correlation Coefficient
- Howe well did the forgcast anomalies cotraspond te the oheerved snomaties?
- Anomaly Correlation Coefficient [ACT] is the correlation between anomalies of forecasts and those of verifying values wilh the reference
valuas, such s climatological wvalues, and is defined by
TR A Oy o (B e € 130, o £ o {0 = O]
JERLE 0P JEE A0 - OF

- Range:-liok

- Perfect score: 1

- {hargckerstivs: ore of the most widely used measures in the vertfication of spatial fekds, Measures correspondence or phase difference
between forecast snd observations, subtracting out the climetelogicel mean ot 2ach poind, C, rather than the sample mean values,

4. Mean Absolute Error
- What is the average magnitude of the forecast errors?

N
1
MAE = —Z Fi—0i
A= g g, JF1 =00
-Range:0to o=
- Perfect score: 0
- Characteristics: Simple, familiar. does not indicate the direction of the deviations,

5. Fractional variance
- as a fraction of total variance
- is defined as the ratio of the variance of the |50 compaosite which undergoes through its life cycle to the total variance of the intraseasonal
(25-90 day) fluctuation (K. Kikuchi et al., )
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