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Executive Summary

In order to produce, distribute and utilize regional-specific climate forecasting data for
the widespread use of seasonal climate data in consideration of a public service perspective
in the Asia-Pacific region, high-quality climate forecasting data should be utilized in
regional-specific seasonal climate forecasting. Predictive performance of model and MME
technique for such regional-specific climate forecasting should be evaluated and improved.
Therefore, in order to develop localized seasonal prediction technology, (1) regional prediction
performance evaluation of participating models and differentiation of MME, (2) development
of probability MME prediction system based on Bayesian technique, (3) post-processing
probability MME climate prediction have been conducted.

First, inorder to evaluate the predictive performance of each participant model and to
construct a differentiated MME, the ENSO complexity and its teleconnection were used as a
physical factor for diagnosing and improving the predictive performance, and the model was
selected based on this. The difference between the method used in this study and the
existing methods is that ENSO is considered to be a combination of two major modes of
tropical Pacific sea surface temperature, and the model was selected by evaluating the
predictability of these two modes and their teleconection. The effect of model selection was
dependent to season and region, with better predictability compared to the original MME in
East Asia and Australia summer precipitation forecasts. Next, a multi-model ensemble is
developed based on Bayesian approach to target the Asia-Pacific region. Two-step approach,
Le., a) individual post-processing and b) final ensemble, was adopted to maximize stability as
well as to minimize computational requirement. We introduced regularized Bayesian approach
for stability and extensibility. Finally, we considered the possibility of improving the
predictability of the probability MME climate prediction data. In other words, as a result of
PAC feasibility evaluation for APCC PMME, it was confirmed by Brier Skill Score that PMME
Hindcast’s 1 month prediction was improved. The method attempted in this study will be
improved and advanced in the next study, and will be extended to other techniques and
methods.
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Figure 1. Consensus regional precipitation outlook for June-July-August(JJA)
2018 based on (a) possible influence of external forcing factors and summer
monsoon circulation and (b) dynamical models including European Centre for
Medium-Range Weather Forecasts (ECMWEF), United Kingdom Meteorological
Office (UKMO), Climate Prediction Center (CPC), Tokyo Climate Center
(TCC), APCC, and Beijing Climacter Center (BCC), issued at the Forum on
Regional Climate Monitoring-Assessment-Prediction for Asia (FOCRAID.
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Table 1. Description of the eight coupled climate models used in this study.

AGCM OGCM # of Hindcast
Country  Inst. Model ) ) : Reference
[resolution [resolution Ens. Period
ACOM2 ,
, BAM3.0d Cottrill et al.
AU BOM? POAMA'2.4 /0.5-1.5° lat 33 1983-2011
[T47L17 (2013)
xX2° lon L25
CCCmab AGCM3 OGCM4
CGCM3 /T63L31 Merryfield et al.
CA MSC! 1.41° lonx0 20 1982-2010
CCCma  AGCM4 / on (2013)
CGCM4 /T63L31 947 lat L40
OPAS.2 )
q . ECHAM.3 Alessandri et al.
IT CMCC" SPS'v2 JORCA?2 9 1982-2005
/T63L19 . (2010)
grid_L31
JP JMA"
. ECHAM5.3  POP"2.0.1 Ham et al.
KR APCC - SCoPS IT159 | (2019)
MOM4
GEOS-5 Ham et al
NASA® GMAOQO® 1720 % 410 11  1982-2011
[288x1811.72 140 (2012, 2014)
US MOM4
. . GFS . . Saha et al
NCEP" CFS%v2 [V3° latx 1 17 1983-2005
/T1261L.64 (2014)

lon L40

a Bureau of Meteorology
b Canadian Centre for Climate Modeling and Analysis
¢ Climate Forecast System

d Centro Euro-Mediterraneo per i Cambiamenti Climatici

e Global Modeling and Assimilation Office

f Meteorological Service of Canada

g National Aeronautics and Space Administration

h National Center for Environmental Prediction

i Predictive Ocean-Atmosphere Model for Australia
j Seasonal Prediction System

k Seamless Coupled Prediction System

1 ECMWF-Hamburg Atmospheric Model

m Parallel Ocean Program

n Japan Meteorological Agency

(2) ENSO9| £3d(Complexity)
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Figure 2. (a) First and (b) second EOF patterns of a monthly rolling 3-month mean SST
anomaly (SSTA) computed for 25° S-25° N and 140° E-80° W during 1983-2005, based
on OISST. The fractional variance explained by each model for seasons are provided in
upper right of each panel. At the bottom right of panels, the associated principle
components (PCs) are shown. The abscissa is PCI1, the ordinate is PC2 and the arrow
length is proportional to the magnitude in PC1-PC2 space (an arrow magnitude of 1 is
indicated by the circles).

o] Aol A&¥ ENSOC &4
Onset A 7] %€ Mature Phase7t#| 344

A&

S dolr 7] 9JshA 1982/833 1997/98 El Nifio2]
259 HHE 24y R tohFigure 3 Fx).

HISST thafl A= 0.95~0.999] FAHE S YEldTh &, oW #F A5 E 2AUHE THXE
7F UEtli= ENSO 19 AEYLS & F
a 1st EOF Loading Vector
JFM 5453% FMA 45?2% MAM 44.88% AMJ
154 o | i =
0 ——-m - —
[ NN] A6.94% JJ. 47.99% JAS 50.29% ASO 55 61%
i - " i i
AT T 5 -
il T T, 1 4
SON E:E.BE% 65 81% DJF i
5N 4 | B 1 e - .
O fo o~ — -l
i L‘-t'h: ‘E s
|5rqE 184 1EOW !?l;l"-'-' u-::w 150E i =t] 15;-1'.' 130'.\1 ww 150E saa 1.5::».'! |a:‘w mw 1505 15& 15N |z’:|w a.l::'n'.'
Longitude
b 2nd EOF Loading Vector
JFW 14.80% FMA ia d4d%h MAM 19.13% AMJ 17.67%
T B —y T £ T Y = " By C
15 4 | : i !.’ L gt I dﬁ s
o-h.—fh——— = —— — i —— .
:E"I\. d e,
b l \ ‘ i r‘ ‘1 ‘
L 16.40% JIA 18.66% JAS 17.92% ASQ 15.66%
.§ 15N 4 I -‘ I ] l o | - %
1 | —eeee— = — —le—— — el — . —
I\ e | I B
3 1eo Piieg I e o %
SON 12.50% 10.77% NDJ 10.45% DJF 11.99%
I5N ] 'y - ' Y
g S I g —"
sh ¢ 9 A M
IS0E 100 1S0W  1DOW  BOW 1S0E B0 1506 120 GOW 1S0E B0 1S0W 1200 SOW 150E 180 1EOW  120W  S0W
Longitude
Loading Vector (shaded; unitless; based on O155T) - Projaction (Reference = 1)
- [ I O O D W oy~ | ET_,
008 0104 .02 1] 002 004 G086 EQF

4



L

21 November-December-January(NDJ)¢}  December-January-February(DJF)
+ 7+ El Nifio2 SSTAe] Warminge] cold tongue A SNA F&71A &
& Rt El Ninog A estr] falA 71 &3] Ab&she Talel &
AR Onset Al7|HE AA71E AAH A7)0 ol2x 7t ¢ ¢
ARG, F oHIE 2F ¢kgt 7F=9] El Nifool A AlZste] F3F 45 A
= AdUnrt HAHIE d47)o Huxm T

Ag-wol TAl 3 AU 1 FE7F A Iy A B sHA
of g TF IS AHEHAE, AZ & IP& ot A & F

5

A

o

ro M

o

(A o=}
o2k
o
-
[-'0
Sy
of OE
-
N IS
r
[o

I~
N
s
fu
o~

oz &
=t
o

ox 1o
(
EAY
ed

-

x oo e
. AN = o
o 2
e 5oy

T O
o L rlo Mr
NI e 1

- all
2o 2
RN lﬁ'
o op o —

oo T
ool
KN Zz

2

o

=z "

=) i)

= >

2 I

IR

AN

>

=

=

z

i)

=)

R

>

—

[0j°]

[

@

»

(@]

=

D

=

o

(@)

=

()

=

<

o), 1982/83 dYx Eol= A= F SSTA warming<]
ol A sk 7y IAHEH A X)7F AFshAl drgste whr ol 1997/98
}SHPC1-PC29] FXtellA shatsErt 1AHER | A XD7F AstAl Eest
o] Nifio3.4 A9 vlus] & wi, o] d7olA= ENSO9 Al&xtA <l

12 o 4= 9t}

ol
o
el
O
T
.,

C29

of
N
iy

)

offl
2
2

Do O R Q30 ol TP B o) o
oN

ox o K
©
B

ek ¥o i

- "\1 offt
N

rr i

(03
il "
il
oF,
30

M

3 O

52.9]
t}. Figure 4= 19831 F-E 20
e 3L ol 5 Zo EOF ¥4
e B e dwAo

4

Ao Zell glolAl El Nifioo] 8 5%<l warmin

¥
L
r
>,
ok
@
o
=]
‘
QL
rr
<
i
[
T
oQ
[
=
(@)
[\]
e
@
K3
)
ok
12
o
i
i)
o
2
(el
oX,
o

S
5
r 9
o
N
d
f
2
=
=
i
£
=
:(I}l:1
X
e
o |
Ru)
o
o
w
N
%
=
1o

U #x). E o AAE AWEd, F8 &
FE&7HA &43% warminge #3534 vl
warming®] EA1Eke] o]FS JEyE T
Uehdth #353 Had o, F 1A
o

99 T ZBAFE HERNH, ]
= 0

Figure 5& ENSO¢| 7|&R2 g9 QA& vig o2 o xFe MMEE 74, 1 2% &
SST, ARHLE, ZFre] AHAS Ao sl A5 AFolth. M5 b xol& A HH,
SST, AAZHLE, 5 oln TCC skillse] 3t EEX=Z AHrd Wy 7k 2ol /293
A BolAl geth 3FHoE I HHGANA wWgy R FHSA mdo] Z o Sstal
Res & F Uk AT, AR 2F o2 FAH MMES =& 295 A3 MMES] A}o]
E AHEH, O d3Ad5e] AYuit 21 53] Forjopet 2 ofdt) A HoA {2t
O0ES & F At =, ENSO v 1 94748 A S Algezs rde A¥8d 45 A
o dF Ao YT Aol =+ F UeS & F UG



a 1982-1983 El Nino

Onaal AN, Year 0 ML, Year 0 JJA, Year 0 JAS, Year 0
5 L ] - \k{& — = e g
e T e i e B | e B | e N
N & [~ & k=~ P c}
. 0.59 e T ' .90 3 0.96
g i, O i T I [\ 1
Growth ASO, Year 0 SON, Year 0 OMD, Year 0 MNE, Year 0/
o 1 Ir - Ir - |r B _i' B o
=
3 fdm——-t b e e b — — b e e
R g E—_] | C—
3 155 Pl [t 4 g fi <y
bAature DJF, Year 0/1 JEM, Year 1 FMA, Year 1 MAM, Year 1
T ) 13 ) ! T T e
154 1 -li. - 2 S _IIL = ~ i - ~ -L - e
[i o — e e =
B | ~ |m B | P |
155 s b e h, 2 : NS 1, SRS 111
[ 1 h -l » -f N 1
ISOE 180 TSOW  R20W  SOW 150 180 TSOW T0W  SOW 150E 180 1S0W 120W  90W 150E 180 1S0W 120W  B0W
Longitude
b 1997-1998 El Nifo
Onsat AN Year O ML, ‘l‘aar-l] J..IA.l‘raar{] JAS, ‘l‘aarﬂ
i5H 4 i g | | 5. | =
L e e i et | = - e o e am = .
s F=™. 1. oea - ”‘ b e Y N s
Bl ¢ & & | N o € i
Growth ASQ, Year 0 EGM 'raaru OND, Yaar 0 MDY, \fe-.ar 1
ﬁ - i " i - i - i )
2 u‘:k'.': s L g ! bt =
= ] | 108 RN | P |, oy T |
LR Ve il 1 P B e S
hiature DJF, Year 01 JFM Year 1 FMA, Year 1 I'Mh'l Year 1
T — T T . T
e 4 ey > l — : e .
b s =k _3=t e | =
158 ﬁ: Ll '“~ L f‘\‘ I " - ﬁ:“: 1. o

150E 180 150W 120W B0W 150E 180 1B0W  120W BW 1E0E 180 150W 120V B0W 150E 180 15 120W W

Longitude
Temperature Anocmaly (*C) PC1-PC2 Space (Radiug = 1)
LT T T T I . i
A 24 4B 12 08 0 0E 12 18 24 3 gg

Figure 3. Spatial pattern of SSTA (shaded) averaged over the monthly rolling 3 months
from preceding April-May-June (AMJ) through following March-April-May (MAM) of
selected El Nifio events for (a) 1982/83 and 1997/98. At the bottom right of panels, the
associated principle components (PCs) are shown. The abscissa is PC1, the ordinate is
PC2 and the arrow length is proportional to the magnitude in PC1-PC2 space (an arrow
magnitude of 1 is indicated by the circles). The Nifio 3.4 region is denoted by a
rectangular box in each panel. The value of Nifio 3.4 is given under the rectangular
box.
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Table 2. Stepwise strategies and approaches for developing Bayesian multi-model
ensemble system.

Strategies

Hindcast-Based Bayesian Ridge Regression Un-Weighted Bayesian
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Figure 6.Conceptual flow chart from the individual models’ raw prediction (left)
to bias-corrected prediction (middle), and finally to the Bayesian multi-model
ensemble prediction (right).

_’lé_



oyl <
2 AE d33
Hog o =
(90° W, Eq.; Figure 73 4g mdo] o= Adeo] £4 &2 $2lyei127.5° E, 36° N; Figure
) o] Aol A AR N RO HF dF AR B5o BAE AV ET 6 ol A
H 1Y A3 7Y 2m 7]2S JAZ AFEE A

= [o

i3
il

A% Bgore] AYs 3% AFigure DA 4ZF wolojzrl nAE AW male] 2 m
e Az AFge 4 oleut adZe Jehhdich =3 P8 #3 AN ARERAS
Y A% 2 m 7l e AL wag @ EASGT Teze] tehd ksl o], Hholo]
27k AR A mde] dF W9l ool tiREe] BE glo] EASE AL B 5 Ytk 53
2013-2014 de] ehuiikeh 2015-2016 W] AYnerl WLEE AL AW ASF o U
gt el 2018-2019 Wel MR ehks wlelojg) mAE A8 mdel o3k W)
Wl B2 Jleghel ZRHA @t B Bt AAHCR By u, dUn BF A9 5
3 ol AW oZ mU Aol $5% Ao Avgre VY AR ol Zo] BT A
& el AnE AFsE Ao BTk

[d
i)
+
>
fu}
o
o2
1o
o
)
N
12
ot
rlo
ojN
=
o
b
N
12

& Figure 89] o Ao Uo& nps} zhol

dF #e ARskA ¥ Jdo. 59, syt A 2ol 95 wd)

44 157k ADHOR AUY S o) FA RFm FUHL Holo|2F Hol: A9 7
P, 37 4 BT 5 rks Wl Ytk olHd FAE FF GUSE o8 3
A8 53 24 FIND 5 Ux A4S YATY, ol A7 MAS Hojuug g
etk 2t YA SUAAE ol d BFRUGFE JHe] Aol gold Agrol E3
Hog, HE A%t ojulshe vl B o) FoT Bast gt

ot &% A g

ol AFE Tl HTRAGIE Wolzx HIHE BN FF I IHAHE
st Arsk 7IHe A& olFA AatE mlojoj2rt HAH JNE R oA F HHE
7tz HF Ad dS ARE AT AFolth ol FIAM A dF 2l #F Abe]d
=244 3 E 2de dF Aol tid ARE o] &8t oS40l FEE e EAIEE

e AestnA Ak

_‘|7_



Observed vs Predicted (BRR; 90°W,EQ)
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Figure 7. Individually bias-corrected 2 m temperature prediction (error bars) and
the corresponding observational reanalysis data (black box, ERAb) at the given grid
point of tropical Pacific where El Nifio is active and predictability is relatively

high.
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Observed vs Predicted (BRR, 127.5°E,36°N)
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Figure 8. Same as Figure 3, but for grid point near the Korean peninsula, where

predictability is relatively low.
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Figure 9. Monthly Brier Skill Scores (BSS) of the Below Normal tercile of
precipitation between the APCC PMME Hindcast (Original Forecast) before PAC
application and the PAC-adjusted PMME Hindcast (Adjusted Forecast). Note that
the months (J to D) indicate the forecasted month with 1 month lead time.
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Figure 10. Monthly Brier Skill Scores (BSS) of the Above Normal tercile of
temperature between the APCC PMME Hindcast (Original Forecast) before PAC
application and the PAC-adjusted PMME Hindcast (Adjusted Forecast). Note that
the months (J to D) indicate the forecasted month with 1 month lead time.
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Table 3. Monthly Brier Skill Scores (BSS) of the Above Normal and Below Normal
terciles of both temperature and precipitation variables, which are averaged for all
provinces in the Philippines.

Precipitation Temperature

BSS Above Normal Below Normal Above Normal Below Normal
Raw |Adjusted| Raw |Adjusted| Raw |Adjusted| Raw |Adjusted
Jan 0.24 0.27 0.24 0.27 0.33 0.35 0.22 0.23
Feb 0.24 0.24 0.22 0.23 0.19 0.21 0.20 0.21
Mar 0.34 0.36 0.33 0.34 0.28 0.30 0.32 0.35
Apr 0.42 0.48 0.38 0.42 0.25 0.30 0.24 0.25
May 0.12 0.15 0.19 0.20 0.18 0.19 0.26 0.29
Jun 0.07 0.08 0.13 0.18 0.28 0.31 0.22 0.23
Jul 0.06 0.06 0.05 0.09 0.23 0.27 0.12 0.17
Aug 0.03 0.05 0.09 0.11 0.19 0.22 0.14 0.14
Sep 0.06 0.10 0.09 0.09 0.18 0.19 0.29 0.33
Oct 0.17 0.21 0.23 0.29 0.27 0.29 0.32 0.36
Nov 0.06 0.08 0.15 0.21 0.20 0.24 0.14 0.15
Dec 0.22 0.24 0.23 0.28 0.30 0.35 0.15 0.17
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F5 A. WMO “Guidance on Operational Practice for
Objective Seasonal Forecasting”

1. Follow a traceable, reproducible, and well-documented procedure (including model selection,
bias correction, calibration and statistical downscaling) that is amenable to assessments of
forecast quality (verification).

2. Use dynamical climate models, including multi-model ensembles as the primary basis for
seasonal forecasts.

3. Establish and maintain observational databases (including databases associated with
reanalysis and other blended analysis products) of adequate quality, length of record and
spatial resolution for verification, bias correction, calibration and monitoring drivers of
seasonal predictability.

4. Identify and monitor drivers of predictable climate variability and assess their
representation and prediction skill in models.

5. Ensure forecasts are verified according to established standards, keep archives of past
forecasts, and conduct post-season assessments.

6. Provide forecast information together with historical performance (for example, skill and
reliability).

7. Use clear and non-technical language for the communication of seasonal forecasts,
including emphasizing the probabilistic nature of seasonal forecasts and inherent
uncertainty.

8. Collaborate across regions influenced by the same climate drivers in forecast production
though mechanisms such as RCOFs.

9. Provide seasonal forecasts as well as regular updates on a fixed operational schedule
tailored to the applicable decision-making context.

10. Establish user feedback and product upgrade mechanisms and support co-production of
tailored products.
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Figure Al. Regression patterns of (a, b) observed wind anomalous wind at 850 hPa
(streamline; unit: m/s) and rainfall (shading; unit: mm d-1), and (c, d) temperature
anomalies at 850 hPa (shading; unit: K) and anomalous 500 hPa geopotential heights
(contour; unit: m; Contour interval is 20 m) based on PC times series of the first
two EOF modes for observed sea surface temperature anomalies. The stippled areas
represent significant regression coefficients at the 95 % confidence level. Taken
from Jeong et al. (2012).

_32_



E 2 C. ENSO spatio-temporal complexity
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Figure A2. (a) First and (b) second EOF patterns of a linearly detrended SSTA computed for
25° S-25° N and 140° E-80° W during 1920-2016, with the associated variance-preserving
spectral power density of the normalized principal components shown on the left (the vertical
axis is the period in years and the horizontal axis is the logarithm of the power). Numbers in
parentheses indicate the variance of the EOF modes. (c-e) Longitude-time evolution of the
Pacific SSTA averaged over 5° S-5° N for selected observed ENSO events, the 28.5° C
isotherm of the SST (red curve) representing the edge of the Western Pacific Warm Pool,
the longitude and strength of westerly wind events (WWEs; black circles) and (on the left)
the associated equatorial Pacific heat content anomaly (temperature anomaly averaged over
the top 300m of the ocean and between 5° S-5° N and 120° E-90° W; range from —1K to
1K; red, positive; blue, negative). (f-m) Spatial pattern of SSTA (shaded) and precipitation
anomalyl00 (contours; solid line, positive; dashed line, negative; 2 mm d—1 interval; zero
contour omitted) averaged over the November-January season of selected ENSO events. We
note that strong warm events (1997/98 and 2015/16) induce very strong eastward and
equatorward shifts of rainfall. At the bottom right of (a, b) and (f-m) we show the associated
principal components (PCs); namely, the projection of each SSTA spatial pattern onto the EOF
patterns in (a) and (b). The abscissa is PCl1, the ordinate is PC2 and the arrow length is
proportional to the magnitude in PC1-PC2 space (an arrow magnitude of 1 is indicated by the
circles). Taken from Jeong et al. (2012).
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Figure A4. Same as Figure A3, but for HISST.
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Figure A5. (a) First and (b) second EOF patterns of an monthly seasonal mean SSTA
computed for 25° S-25° N and 140° E-80° W during the January-February-March (JFM)
period of 1983-2005, based on observations and model simulations. The fractional
variance explained by each datum are provided in upper right of each panel. Pattern
correlation coefficients between OISST and another data are given at upper right of the
panels.
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Figure A6. Same as Figure A5, but for February-March-April (FMA).
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Figure A7. Same as Figure A5, but for March-April-May (MAM).
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Figure A8. Same as Figure A5, but for April-May-June (AM)).
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Figure A9. Same as Figure A5, but for May-June-July (MJJ).
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Figure A10. Same as Figure A5, but for June-July-August (JJA).
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Figure All. Same as Figure A5, but for July-August-September (JAS).
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Figure A12. Same as Figure A5, but for August-September-October (ASO).
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Figure A13. Same as Figure A5, but for September-October-November (SON).
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Figure Al4. Same as Figure A5, but for October-November-December (OND).
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Figure A15. Same as Figure A5, but for November-December-January (NDJ).

_46_



a 1st EOF Loading Vector

OISST B1.76% ERSST B6.52% HISST 68.35% MBME B1.23%
o s ¥:0.99 ; i ¥ 0.99 :
i .- ™ '
=~ 1
76.45% JMA 75.80% MSC

& v 0.97

|
1‘

~ 1
TB.87% PDM.M 71.34%
] H nmE v:0.85)
15::IE 1;-!!! I!;J'H !?;Jh‘n' &:Ir'l\' 150E réi'.'l 15;}'-\' 121;“' E:Ir'l'd' l&:}E Im 1.5!;“' IEI.TW WIW 150E !3:0' 15;.1“ 1AW
Lengilude
b 2nd EOF Loading Vector
QISST 1I99% ERSST 11.95% HISST 11.91% MME T.80%
— i ~ I ~ ) — |y 0.97 080
f*“-:f:—ﬂm S -::#"“"" S
155 h'. 2t ; i P | :
APCC 11.32% GMCG 10.93% JMA 9.09% MSC 6.72%
_§ 1 i '-"- ¥ 'H':' : T.D'T?.I
g ° %a B e —
SR NN ——_
NASA 7.01% NCEP 6.60% POAMA 10.19%
T - A T T Y
15H o I y:0.80 g | ¥o 082
- T - T "'#"“1‘1
'55!'\ b 2 w1
IS0E 180 1SOW  120W  BOW IS0E  1BD 1ISOW 120W  SOW 1S0E B0 1SOW  120W  90W 150E 150W 120W 90w
Longitude
Loading Vecior (shaded; unitless,; for DJF)
[ — e
006 004 002 ] 0.08 0.04 0.06

Figure A16. Same as Figure A5, but for December-January-February (DJF).
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