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Executive Summary

Since 2017, the Asia-Pacific Economic Cooperation Climate Center(APCC) has established
a robust collaborative framework to support the Korea Meteorological Administration (KMA)'s
operational 1-month forecast by collecting, processing, and providing the latest subseasonal
prediction information. This study describes the stable operation of the subseasonal prediction
system and the deep learning-based probabilistic temperature forecasting system tailored for
this purpose. In addition, the migration and improvement of data collection and forecast
production servers were carried out to enhance operational efficiency. Through a case study
of August 2025, which recorded the second-highest temperatures on record, the system’s
performance in predicting detailed weather variability—which cannot be identified through
monthly mean values alone—was verified. The results demonstrate the high utility of
subseasonal prediction information in capturing intra-monthly variability. To address the
limitation of seasonal prediction information in a rapidly changing climate, APCC pursued the
development of a subseasonal prediction system designed to enhance the value of utilization.

To develop the APCC subseasonal prediction system, a wide range of global
subseasonal-to-seasonal(S2S) prediction datasets were systematically collected and standardized.
Using these datasets, it is confirmed that the Multi-Model Ensemble (MME) provides stable
and superior performance within the subseasonal prediction range. In addition, prediction skill
of SubC and S2S models, together with APCC’ s in-house model, SCoPS, was rigorously
compared and validated. The group comprising the largest number of models exhibited the
highest prediction skill, demonstrating that including a broad set of models can enhance MME
performance. We also confirmed that the SubC project model due to the various component
model composition can further increase the overall contribution to the MME. Also, we
evaluated parametric probabilistic prediction methods for temperature and precipitation in
order to identify methodologies optimized for the statistical characteristics of each variable.
The results indicate that parametric methods outperform non-parametric approaches in terms
of quantitative predictive skill and can effectively reduce spatial noise arising from an
insufficient ensemble size. For precipitation in particular, we taken into account a hybrid
gamma algorithm for the high frequency of dry events that automatically switches to a
nonparametric method when the effective ensemble size in insufficient.

Building on these research findings, we established the model configuration and
probabilistic methods required for a APCC subseasonal prediction system. The system ingests
weekly forecast data from 10 models (including APCC’s SCoPS, BOM, NCEP, HMC, etc.), to
generate subseasonal prediction products. Data acquisition employs various methods, such as
FTP, the ECMWF API, and the IRI Data Library, depending on the provider. A critical
component of the MME system is the automated pre-processing system. All individual model



data is standardized to a 1-degree resolution, transformed into various mean fields (weekly, 1
-4 week mean, etc.), and converted into the NetCDF format. For the final MME production,
the Simple Composite Method (SCM) is used for deterministic forecasts, while the Hybrid
Gamma (Mixed Gamma + Quantile) method is employed for probabilistic forecasts. This
integrated system allows for the production and display of MME prediction results, initialized
to start every Monday.

To diversify and enhance the usability of subseasonal information, the study explored and
identified seamless content that integrates subseasonal (weekly) and monthly forecast
information. We identified products that can be delivered immediately such as integrated
monthly/weekly probability distributions and weekly variability information, as well as more
advance products requiring additional technical development including probabilities of
intramonthly extreme events. By distinguishing these contents, we provides a clear roadmap
for APCC to become a Ileading provider of integrated subseasonal-seasonal climate
information. The approaches and findings presented herein are expected to enhance APCC’ s
competitiveness and expand its role in next-generation climate services.

To include SCoPS as one of the contributing models, we developed a real-time
subseasonal forecast system that produces 60-day forecasts every week, based on seasonal
forecasts every month. To facilitate this, initial fields are produced by automatically collecting
CFS analysis fields and ARGO ocean observation data every Thursday for the preceding week
(Wednesday to Tuesday). SCoPS performs the 60-day forecast with 10-ensemble member from
every Tuesday, and the processes including initial, forecast, post-processing production are
completed by Friday. This forecast result is then utilized as an input for the MME
subseasonal forecast performed the following Monday. However, given the relatively old
development baseline of SCoPS and its lower skill compared with other MME participating
models, there is clear need to reduce its systematic errors. This study therefore focused on
reducing errors in the initial conditions first for SCoPS and, in turn, decreasing subseasonal
forecast errors.

To reduce land-related initial errors, which are critical for subseasonal prediction, we
developed a soil moisture initialization technique for SCoPS and quantitatively evaluated its
impact. Using the Ensemble Adjustment Kalman Filter (EAKF) algorithm with ERA5-Land
reanalysis data, we conducted hindcast experiments for 2003-2016. Initialization achieved
99.3% global RMSE reduction within 10-12 days, with soil moisture memory persisting 30-40
days. Land-atmosphere coupling strengthened significantly over mid-latitude continental
regions, particularly Central US and Southeastern Europe. Temperature forecast skill improved
10-60% regionally for 16-30 day lead times, with sustained improvements up to 60 days over
regions with strong coupling. Precipitation showed no significant response, consistent with its
primary control by atmospheric circulation rather than land surface conditions. The causal
chain from initialization — memory — coupling — predictability was quantitatively established,



demonstrating that soil moisture initialization effectively contributes to subseasonal prediction
through physically consistent mechanisms.

We also examined how improvements in oceanic and atmospheric initial conditions
influence prediction performance on both subseasonal and seasonal time scales. The
ocean-initialized experiment effectively reduced the long-standing warm biases and overly
deep thermocline in the eastern Pacific, but it has only a limited and weakly time-evolving
impact on a atmospheric variables and subseasonal prediction skill. In contrast, the
atmosphere-initialized experiment shows a more rapid and direct response: global, tropical,
and East Asian mean near-surface temperature errors are consistently reduced across lead
times, and the large-scale lower- and upper-tropospheric circulation is improved. These
changes in temperature and wind fields enhance lower-tropospheric humidity and precipitation
forecasts associated with the East Asian summer monsoon.

On the basis of these results, we have initiated pilot operations that newly established
APCC subseasonal prediction to provide enhanced forecast information. We plan to develop
display systems for weekly prediction products, select highly useful contents for operational
dissemination. New products such as forecasts based on improved SCoPS initial conditions and
probabilities of intramonthly extreme events will be incorporated on a continuing basis.
Through these enhancements and expansions, the subseasonal prediction information
developed in this study is expected to strengthen forecast support for KMA and improve
cliamte prediction services across the Asia-Pacific region.
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S ANzEGE HE2 29I AT A ARSStal e 2de) 2025 12€ UE S8
Table 2.1 zF=F3] e AT

oA BEe] 1Y AR A SALRE SIFOE A3 Pt 7L F5Y oS4
Pgol 2HE BE 2 AES TAY 5 YoM, ARBY ATAG] DRI dF ZAx
g A%H oz Fske] AFHY) A% =HL I Utk E£F oS Aol U@ AT HF
S FYsta Qom, oF sl W BIARE FAste] BEHT Yk YAT ISR
t Figure 213} 22 PPT 59 g4 0.2 74gstel /1490 WF 52 950 A5dtt

Table 2.1. Characteristics of Models for KMA 1-Month prediction.

GPC name  Forecast Forecast Forecast Hindcast Hindcast  Hindcast
(Center)  Frequency Time range Ens. Size Frequency Ens. Size length
Odd-numbered
ECMWF _ past 20
daily 0~46 days 101 days 11
(ECMWF) , years
(excluding 29 Feb)
Exeter i 4/month
daily 0~60 days 4 7 1993~2016
(UKMO) (1,9,17,25)
Montreal weekly 2/week
0~39 days 21 4 2001~2020
(ECCO) (Thw) (Mon, Thu)
Seoul , 4/month
daily 0~60 days 8 7 1993~2016
(KMA) (1,9,17,25)
Washington . .
daily 0~44 days 16 daily 4 1999~2010
(NCEP)
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Figure 2.2. Sample of subseasonal model output for APCC 3-month forecast.
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Figure 2.3. Week 3 and Week 4 forecast produced by the deep learning-based

probabilistic temperature prediction system, initialized on 22 Sep 2025.
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Figure 2.4. Time series of (left) daily mean temperature and (right) daily accumulated
precipitation in Korea for August 2025.
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Figure 2.5. Time-latitude Hovmoller diagram of 500hPa geopotential height anomalies
averaged over 126°E-135°E, initialized on 28 July 2025.
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<Monthly Forecast (7/28 init.)=> <Weekly Forecast (7/28 init., +2week~+5week)>

Figure 2.6. Comparison of the monthly mean forecast (Ieft) and weekly forecasts (right) for
temperature and precipitation in August 2025, initialized on 28 July 2025.
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Figure 2.7. The East Asia Extreme Climate Monitoring System on the APCC
website.
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APCCE T 7175 Bd 4285 £33 AMAS YRS GFHOR sy
om, o|% HPoE AFYAES U HYe AxY TEAAG. ALRAZH ALAS

of N ro 0

BE F71050149) MAE QolAE A FEE U] R, Rdd BIUYL Zol
sl PR AWe AT H7) AdZHindcas) ARE BEAA ATLAE wAHE
AHEH A5 HRE YUE PHUELS FASIE 2 olHd FAHS AFER o3

=TdEY, 2dAd e AFEes FEEH AS5S 1HT B A ol Aoyl TAIH.

= Add S 2, d == F 399 714 |
e AR AFS F2 2o =7 dchHRobertson et al, 2015; Vitart et
al., 2017). ol&g F 7|1k = EEA dF 73 A BT dF WY dEEE
EAo 9FS v 734 2 3
U, A HEakol 02
O3 E AIZF RV} FolHyEE F
Z3}(Parameterization) & {3 ¥ A3 AA7F B A= EA7F FAYITHHusak et al,
2007). WA HdFoE AT FE27F #Z2 A-Y odF A
TETHA, 52 ¥ 243K (Non-parametric) o] o AR o gk HFo] Fasit.
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of HAAFHoz FH QZHSampling error)
5 A3FA 7= Ylo] " thHFerro, 2007). )3 A=

A b A S FEY 543 EISEA S oplstd A 2F Al FIHF Q] o] =(Spatial
noise) FENE Ve, ole dEFS 74 HE E4 585 "oy oS FR AlF
oloz AA¥ u} tHHamill and Whitaker, 2006). ©]o] o] AFo|A= =
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kb, ECCC(Environment and Climate Change Canada)©= l:r 01]%— 29 (GEM-NEMO,
ol
_I'ﬂ

CanCM4)9] Y& HF ol E A& &, 7| 28T opyg % Qi = B FsE
g3tk 53 A A ZvHGamma) o wifHSE —ir;‘é'@ ol AEEE W
$H(Transformation)dtaZ, Kharin and Zwiers (2003)7} #A|QFe F21S 283t FES AH=3T)
ol ko] HAFAL EAZNOR RASIY RSl o]He FeFEs ARE A

ji
—~
ool
>
=
D
jus)
o
(@)
(@

IRI(International Research Institute for Climate and Society)= &3 Z X ~¥ 3]
Logistic Regression, ELR) =d-S Al83l A=A 5o 235 RHAS= &
stal It} Vigaud et al. (2017)o <Js] A AlE o] WHL2 hindcast A5 #S5 A5 IHe] A
S 7R E o 55 BAATOEH, Bdo] 7IX AlFH A& Fo

AN71= SAZA 71 elt.

o] AFoE ol#H Ef 7|9 s W ES WX npHstE, APCCY thFrd GdE
(MME, Multi-Model Ensemble) 370 HZAsdH PHES AAs= o HLS FAHY 53 o
3t mdlo] 2R7E FE ok = MME o =2 EAA RE mdoA ALS7Fs3 WHEQIA

THA R HESINAH.

222 Ax 2 A TH
2221 4745 2 A9 U

o] dATtollA= APCCZF A4bsta AU AAzte= st e F8& 4 7+
(ECMWF, ECCC, NCEP, APCO¢| AAY dF EdH o5& AT tFED GFEMME)
A7E A8 THTable 2.2). o714 Eo]¥S NCEP #x5¢ 4% ECMWF data portal (Vitart
et al., 2017)ol A A]&3F= hindcast A =2} IRI2] SubC (Subseasonal Consortium) hindcast A&
E FAHA AHEsIE o, APCC mdol A9 forecast A87} A4tE 7] Hol==2 2022 F-H
20243 7122 AJ4FSE hindcast AF25 forecast AA 22 &85t

A4S 2 Ags A 2m 7| 2(T2M3 23 PREC)OIH, S 7]7Fe 2022d 1€ 3Y H-H
20243 11€ 11L47bA & 1503] 9] oS AtElE diF g2 s dF A &9+ #+F

13(Week 1), 253(Week 2), 353(Week 3), 4F(Week 4o F¥H Ho3 14
F HH(Week 3-4) d&& x3hgict. 7 299 hindcast 713H dgo] §l
wdol A 7F83 AA 7|z ARE ARSI e, forecast Al Exbe}
£ 24 &idst= hindcast AEE AMESATE o] AFNA ALEStE
PMME (Probabilistic Multi-Model Ensemble) ¢dl& W 71& Add =3 LA FA3H%
. ol ZF MERPe] FEdSF AAE FHASHEA JtEAe 4 2l FE M AF
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To 2 3= Aol YE FH(Pooling) WHS ALESt= A9 S37]|F =& A A
X = WHES EAA F%F hindcast 7|17HE AFE3FTE olw 9] F%F Hindcast 7|32 2003
A(EE= 2004 3)FH 20153 74A| o] o
Table 2.2. Characteristics of Models for KMA 1-Month prediction.
Center Forecast Forecast Forecast Hindcast Hindcast  Hindcast
name Frequency Time range  Ens. Size Frequency Ens. Size length
51
2/week ast 20
ECMWE daily  0~46 days 101 o 11 P
(After Jun on, nu years
27, 2023)
0~32 days
eekl P — 2/week
ECCC VZTh )y 0~39 days 21 Son Th 4 2001~2020
4 (After Jun on, 1
13, 2024)
NCEP daily 0~44 days 16 daily 4 1999~2015
APCC weekly 060 d 10 b/month 10 2003-2015
(Wed) y (1,5,10,15,20,25)
AS5E $3 #= 71+ A5+ ECMWFe ERAS € A&5E /\} stlom, 7% HdgkS
1991 d %5 2020 d7FA] 30sus 717HS AASATE oluf, xH] HFo =z Qg FAZH HEA
S Fola 7|¥8H BExo 2IFEE gHIY] fEl, A5 U AHOE Ve E A3 15

(1, ¢ #D8 FHT ARS A AH&s= A2 &% (Temporal pooling) 71 -& 2831
B 58 32 g3t FEAS 45 Wt 3o Fums) wEge Yoz @
| #38l RPSS(Ranked Probability Skill Score), ROC(Receiver Operating Characteristic)
AUC(Area Under Curve) AFE Atgsgom, w43 Exol HIALS HAdsty] 93|
Kolmogorov-Smirnov(K-S) testg sttt 2t WHES 244 AHoges a3 2o

RPSS= o5 7Helae] & ZdA S8 FEE27F #3538 483 drpy A=A
£ Hr}slE Aoty WA Ranked Probability Score (RPS)= obg] 2] (2.3} o] Aeojdth
(Epstein, 1969; Murphy, 1971).

RPS= f} (V,— 0O, [2.1]
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A71M k= ZHALE e ¢, v A58 7F 3f%%()szz_‘,pi), o, #=8 F+F

FhEl ] EA A 1, A A 00 oJuEth RPSSE 7]1E ¢ =(Climatology) ] 2d o=
o] MAEE YeidH 2 (2.2)9F 2.
RPSS=1— M [2.2]
RPS.

reference

712t Foke] WS oM@tk RPSS7E F4old 71E aZng 4ol S5
_g]

e FEA S Alxgo] BEA AAS A 58S Hrkekr] Y8, AFEHit
Rate, #)3} 274 ¥ &(False Alarm Rate, p)e] #AE yepd 4otk (Mason, 1982). ROC =
A opgfe] WA AUCE 2] (2.3)3 o] HEo 2 AHolHt},

AUC= / ]H(F)dF [2.3]
0

AUC o] 0501 29 o]ZNo skilDg, L0olW @ o Z(Perfect skil) ¢|vlath. o
AT A= Above, Normal, Below Z+ 7tElaig]o] tis] o] i A o8 HZsled AUCE 4AH=3}
Qo ARBAAG A FtElagle HFE HFst] A AT

>~l

K-S test= &8 HolE9 434 FHEETT 7HEdE oled FHRESs e A
AYE At HAd=E A% }% Rz Wlelty, A FAYE D

(Massey, 1951).

04_4
of

D, = sup|F,(z)— Fz)] [2.4]
AN Fx)E oY S8 WHE FA8E B3H FHEXEST, Fao)v AASLA sk o]
4 & 9ujgth p,o] ARG F A5 AFVHEE 71ASH
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Figure 2.8. Schematic diagram of the three probabilistic forecasting methodologies.
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HMLE)S T3 ZAvt 239 & d(shape)dt #E(scale) wiZ/NWHF-E FAsY AFsie &
2] o] AFMHE o= AAHAES FH3lr] s slolRE
H

4
Gk RE FHO| BFES A

59 B west Hye AN A
B dZge AT 5 Y= AT

oo o (oot

7|22 ARt o R FEEE wEs AoE T F Aoy, AeEde 0 @ol o =
ol Ja Fx =Tt A D Best 28] ofHn o] AFelA HA | AT B
T3 WPES 27] 74A Table 2.3% 22 47HA] WHEC diste] A4S FdeATh 27
A dANAH HEZ Gamma_MoM ©ly} Gamma_MLE+MoM 22 0S Z33E dlolElo o
A RE w7/l M =(shape, scale)E FAHE=E, 4+ FHFE ARSI A 8420 A= FE(p,)
S WYEEHA ot F2F AV ATk I A A 5 @] E8F 54 243
B2oJstA] Rato], FArE RIAE A% A9 oS4 AT Ao e

Table 2.3. Comparison of precipitation parameterization methods.

Category Parameter Estimation Dry/Wet Treatment Key Features & Stability
Pros: Fast calculation speed
Method of Moments +Uses only data > 0 (vectorizati - )p
. vectorization possible
Gamma_MoM  eshape = mean’2 / var *Does not reflect : p .
. Cons: Unsuitable for data with
escale = var / mean Dry Probability (p,) L
many Omm precipitation events
Pros: Uses MLE, which is
*Uses only data > 0 theoretically more precise than
Gamma_MLE+ MLE + MoM y y p
«Attempt MLE first *Does not reflect MoM
MoM *Use MoM if MLE fails Dry Probability (p,) Cons: Cannot model p,

(similar to Gamma_MoM)

+ (MLE + MoM ..
po + ¢ + Moh) «Explicitly separates

*py: Ratio of dry members Dry Probability (p,)

«MLE/MoM for
«CDF=p,+ (1 _po)>< F,
wet members

Mixed_Gamma

Pros: Realistically models

dry events

Cons: Gamma fitting is unstable
if wet members are few

py + MLE + MoM)

+ Empirical «Same as Mixed_Gamma
Hybrid_Gamma «Mixed_Gamma method «Uses Empirical method
«Fallback when wet upon fallback

members are insufficient

Pros: Retains Mixed_Gamma
benefits; Ensures stability

in dry regions

Cons: Increased computational
complexity

olE ®B3Ey] Yl =YE Mixed Gamma HH-E AA GAt

L E Rk LCI



< = ZFol dou, & WHe ATt AUAA e A
AA7E EAMAAY AT o] dH LR Fobx= EAHl Atk

meta o] AT E o]EFH A
Hybrid_Gamma W< HITZQ Zad W5 23t &
el

Ito = Agsist
Hybrid_Gamma =42 7|2 o2 Mixed_ Gamma 22| W2, & $9 99 7 X
FA BEFEIT AP AFoF HESFFH Yoz A= . & Ak

T~

Az Aot Gl Baro] AL AFoAE 8 ALte] Avjrt g AL
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Figure 2.9. Global distribution of RPSS differences for temperature (T2M) forecasts (Gauss
minus Quantile) across four S2S models. The maps display the difference in RPSS for
ECMWF, APCC, ECCC, and NCEP models. Red regions (positive values) indicate areas where
the Gauss method demonstrates higher predictive skill compared to the Quantile method.
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Figure 2.10. Global distribution of RPSS differences for precipitation (PREC) forecasts
(Hybrid_Gamma minus Quantile) across four S2S models. The maps display the difference in
RPSS for ECMWF, APCC, ECCC, and NCEP models. Red regions (positive values) indicate
areas where the Hybrid_Gamma method demonstrates higher predictive skill compared to the
Quantile method.
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Figure 2.11. Temporal evolution of RPSS differences for temperature (Gauss minus Quantile)
by forecast week (Week 1 to Week 4, plus averaged periods) and region (Global, Tropics,
and East Asia).
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Table 2.4. Quantitative comparison of RPSS differences for temperature (Gauss minus
Quantile).

Region Model week 1 week 2 week 3 week 4  week 1-4 week 3-4
PMME 0.0029 0.0022 0.0021 0.0023 0.0028 0.0019

ECMWF 0.0059 0.0044 0.0039 0.0047 0.0048 0.0037

Global ECCC 0.0119 0.0126 0.0134 0.0134 0.0117 0.0125
NCEP 0.0175 0.0174 0.0185 0.0191 0.0148 0.0172

APCC 0.0242 0.0252 0.0266 0.0271 0.0224 0.0246

PMME 0.0014 0.0002 -0.0001 -0.0003 -0.0001 -0.0003

Tropics ECMWF 0.0032 0.0012 0.0011 0.0017 0.0022 0.0014

. . ECCC 0.0104 0.0105 0.0107 0.0096 0.0083 0.0092
(-20°~ +20%) NCEP 0.0124 0.0108 0.0122 0.0134 0.0082 0.0106
APCC 0.0238 0.0245 0.0229 0.0214 0.0173 0.0205

PMME 0.0064 0.0050 0.0033 0.0045 0.0015 0.0021

East Asia ECMWF 0.0119 0.0075 0.0050 0.0081 0.0037 0.0043
(100°~150°E,  ECCC 0.0142 0.0148 0.0143 0.0160 0.0097 0.0115
10°~60°N) NCEP 0.0181 0.0161 0.0200 0.0196 0.0105 0.0177
APCC 0.0234 0.0267 0.0259 0.0256 0.0205 0.0232
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Figure 2.12. Temporal evolution of RPSS differences for precipitation (Hybrid_Gamma minus
Quantile) by forecast week (Week 1 to Week 4, plus averaged periods) and region (Global,
Tropics, and East Asia).

Table 2.5. Quantitative comparison of RPSS differences for precipitation (Hybrid_Gamma minus
Quantile).

Region Model week 1 week 2 week 3 week 4  week 1-4 week 3-4
PMME -0.0027 0 0.0013 0.0014 -0.0018 0.0002

ECMWF -0.0004 0.0027 0.0037 0.0040 0.0015 0.0039

Global ECCC 0.0110 0.0142 0.0155 0.0148 0.0115 0.0136
NCEP 0.0104 0.0173 0.0180 0.0181 0.0089 0.0147

APCC 0.0095 0.0140 0.0191 0.0207 0.0129 0.0161

PMME -0.0046 -0.0022 -0.0007 -0.0004 -0.0031 -0.0007

Tropics ECMWF -0.0033 0.0004 0.0019 0.0023 0.0002 0.0033

. . ECCC 0.0102 0.0131 0.0134 0.0130 0.0107 0.0130
(20"~ +20) NCEP 0.0168 0.0143 0.0158 0.0140 0.0096 0.0130
APCC 0.0030 0.0050 0.0089 0.0134 0.0068 0.0081

PMME -0.0006 0.0025 0.0030 0.0036 -0.0022 0.0013

East Asia ECMWF 0.0022 0.0058 0.0069 0.0062 0.0030 0.0063
(100°~150°E, ECCC 0.0133 0.0195 0.0171 0.0190 0.0113 0.0143
10°~60°N) NCEP 0.0124 0.0192 0.0221 0.0219 0.0049 0.0170
APCC 0.0094 0.0158 0.0223 0.0263 0.0119 0.0174
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Figure 2.13. Temporal evolution of ROC AUC scores for extreme temperature events (>90th
percentile) by forecast week (Week 1 to Week 4, plus averaged periods) and region (Global,
Tropics, and East Asia).

_24_



10%) d&l A= Hybrid_Gamma e 971 &<l= AthFigure 2.14).
EE} 2o o =(Skewness)7} AAl AE FEe FE FAHo] oL dfFel=
_Gamma W¥- Quantile WX oiH] kA<l ROC HF4E FASIAH. 53
g F7F A& A Ed(ECCCeF NCEP, APCO)9] d&4 49|
© TA7] AL @l A9y Fx4 59 JMeAE
2 XZF) gEgoz JoET

o o
Rl oo
N

rlr
o
o,
rlr
o)
ot
4»
Y
:&
r-[o
oL

o

Hﬂ

T e o)
2y
330 N

o 18

o o

2 >

lo

THH R, Bt PHS FFE WH7E 2ReA] 33 Hele] o4
74 B (Early Warning) A4l &8& 71x &
= Atk mEA FF L A 2" ol 7 71F A B2 A
g o] B3t B EY] A8 Aozt Addn.

a2
o
u
o
o2l
ol
£
N
N -
R:J
td
B
2
o

(2 oft ru
ol

ol
-

Global : Actual ROC ) Tropics (-20°~+20°) : Actual ROC . East Asia (100°-150°E, 10°-60°N) : Actual ROC

307 307
5 4
0.6 0.6
0.5 0.5
0.4 0.4 0.4
Week 1 Week 2 Week 3 Week 4 Week14  Week34 Week 1 Week 2 Week 3 Week 4 Week14  Week34 Week 1 Week 2 Week 3 Week 4 Week14  Week3-4
Forecas| t Week Forecas! t Week Forecas! t Week
Global : Hybrid_Gamma - Quantile Tropics (-20°~+20°) : Hybrid_Gamma - Quantile East Asia (100°-150°E, 10°-60°N) : Hybrid_Gamma - Quantile
0.100 = 0.100 = 0.100 =
0.075 0.075 0.075
0.050 - 0.050 .. 0.050 ..
~. ~
S i ~.
g 00257 e, . g 0.025 ~a - g 3 0.0254 e~._. \-\
2 T e H S = e ok FSs— g = L ==
8 2 i, iy g . i g = e ==y
£ 0.000 £ 0.000 £ 0.000 =
a a a
o 9 Q
2 -0.025 2 —0.025 2 -0.025
—-0.050 —-0.050 —0.050
-0.075 -0.075 -0.075
—0.100 —-0.100 —0.100
Week 1 Week 2 Week 3 Week 4 Week14  Week3-4 Week 1 Week 2 Week 3 Week 4 Week14  Week34 Week 1 Week 2 Week 3 Week 4 Week14  Week34
Forecast Week Forecast Week Forecast Week
Models Methods
—— PMME —— ECMWF ECCC —— NCEP —— APCC —— Pooled — Quantile —+= Hybrid Gamma

Figure 2.14. Temporal evolution of ROC AUC scores for extreme precipitation events (>90th
percentile) by forecast week (Week 1 to Week 4, plus averaged periods) and region (Global,
Tropics, and East Asia).
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Figure 2.15. Spatial distribution of Week 3 precipitation probability forecasts for S2S models
(ECMWF, ECCC, NCEP, APCC) using the Quantile method.

Figure 2.16. Spatial distribution of Week 3 precipitation probability forecasts for S2S models
(ECMWF, ECCC, NCEP, APCC) using the Hybrid_Gamma method.
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Figure 2.17. Temporal evolution of spatial noise for temperature (Gauss minus
Quantile) by forecast week (Week 1 to Week 4, plus averaged periods) and region
(Global, Tropics, and East Asia).
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Table 2.6. Quantitative comparison of spatial noise reduction for temperature (Gauss minus
Quantile).

Region Model week 1 week 2 week 3 week 4  week 1-4 week 3-4
PMME -0.0353 -0.0531 -0.0637 -0.0681 -0.0419 -0.0582
ECMWF -0.0481 -0.0732 -0.0841 -0.0890 -0.0559 -0.0768
Global ECCC -0.0965 -0.1357 -0.1502 -0.1565 -0.1021 -0.1372
NCEP -0.1109 -0.1614 -0.1814 -0.1894 -0.1274 -0.1671
APCC -0.0960 -0.1613 -0.2250 -0.2484 -0.1431 -0.2106
PMME -0.0337 -0.0453 -0.0547 -0.0597 -0.0335 -0.0481
Tropics ECMWF -0.0472 -0.0650 -0.0753 -0.0803 -0.0457 -0.0653
. . ECCC -0.1036 -0.1311 -0.1450 -0.1522 -0.0947 -0.1297
(20"~ +20°) NCEP -0.0761 -0.1138 -0.1383 -0.1516 -0.0803 -0.1213
APCC -0.0898 -0.1259 -0.1783 -0.2067 -0.1040 -0.1605
PMME -0.0358 -0.0549 -0.0701 -0.0770 -0.0449 -0.0655
East Asia ECMWF -0.0476 -0.0755 -0.0921 -0.0996 -0.0581 -0.0847
(100°~150°E, ECCC -0.1028 -0.1546 -0.1779 -0.1868 -0.1226 -0.1665
10°~60°N) NCEP -0.1023 -0.1621 -0.1920 -0.2049 -0.1288 -0.1801
APCC -0.0978 -0.1623 -0.2452 -0.2778 -0.1544 -0.2351

Es‘;:;;_‘;:* ;:; Y A SN | 5“§;"1'\‘:_::: ;::

Figure 2.18. Temporal evolution of spatial noise for precipitaton (Hybrid_Gamma
minus Quantile) by forecast week (Week 1 to Week 4, plus averaged periods) and
region (Global, Tropics, and East Asia).
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Table 2.7. Quantitative comparison of spatial noise reduction for precipitation (Hybrid_Gamma
minus Quantile).

Region Model week 1 week 2 week 3 week 4  week 1-4 week 3-4
PMME -0.0497 -0.0766 -0.0845 -0.0867 -0.0765 -0.0890

ECMWF -0.0840 -0.1075 -0.1133 -0.1151 -0.1064 -0.1176

Global ECCC -0.1749 -0.2058 -0.2123 -0.2147 -0.2070 -0.2196
NCEP -0.1360 -0.2077 -0.2213 -0.2249 -0.2038 -0.2353

APCC -0.0866 -0.1917 -0.2435 -0.2565 -0.2187 -0.2672

PMME -0.0427 -0.0613 -0.0703 -0.0736 -0.0608 -0.0731

Tropics ECMWF -0.0741 -0.0940 -0.1009 -0.1037 -0.0871 -0.1016

. . ECCC -0.1695 -0.1908 -0.1973 -0.2004 -0.1874 -0.2022
(20"~ +20°) NCEP -0.0936 -0.1562 -0.1791 -0.1863 -0.1558 -0.1919
APCC -0.0694 -0.1305 -0.1882 -0.2116 -0.1693 -0.2109

PMME -0.0533 -0.0875 -0.0993 -0.1024 -0.0847 -0.1029

East Asia ECMWF -0.0928 -0.1234 -0.1337 -0.1351 -0.1210 -0.1368
(100°~150°E, ECCC -0.1903 -0.2296 -0.2397 -0.2420 -0.2278 -0.2464
10°~60°N) NCEP -0.1407 -0.2430 -0.2657 -0.2677 -0.2180 -0.2722
APCC -0.0976 -0.2130 -0.2815 -0.2982 -0.2480 -0.3100

e o 2ol % Hybrid_Gamma WHe] oz
Figure 2.18, Table 2.7S X W, Z =@y A 7|7HA A o9
GE "Wy A NCEP3 APCC EdEoA /MAAHE7E F ,
o] B BdolA A Axrt 7 ZA UEETh Bluz e 5 B3EEF =2 4
f AFolAe & AYGuhr] A A7 YA A3 B =

= WA SAAHUT
+9 #ol ==HATh 539

Holl A wolz7} Zage Bt

Y F ARE Fo i PR wESE PHE dE BE W5 o2 713 1Y
3 A AelA Gr)AQ wolz Za &FE RYL ARHoR el AT ok 253
ol gl WHES AEAY AN uE myve] B E42 FRFoEN, AEF o
@ 749 oAE aRdow BHINLS ovAn

TNH wolze] AAL wed By 2L 1YL WEEZ AL Yol dnwe] oAy

o

o=

_30_



! »d fo]

(Goodness-of -Fit) A& A4

al

A
e}

2925 =3
5. 253 U AR Al F9F

P E TP
RO o o : plJ .
ﬂwni%_EK ﬁr%%ﬂ;%%ﬂl
" Lw_ﬁ | N Y f WO 2o N L
N o) ok i T o ™ o X8 T o o
o xr T ;Ir” EO X HE _..E /hnw w E._ _ ™ Jl ﬁe < = O#U H._,._ ,.me ‘H_.W Ot —
= R — P)ATO.EIO_HH of = Mo T o
= o O N w1 <0 o = — i oF X oK N XM
PUX]J]F D LnJ_HoZ_.LA D o= o B3
o N ™ = X o o0 (- o o A ~ 2N — o B o <
o ~ W o B T N Ko o o N T o=
SR R Do R No B4 o =3 ko B o T T
T - %d(4§ﬂ%§ N w» T T o W o
T L_,._ R % _._.L s KX E,_ K- 1_,_Al gt o 0f ( T K H_._ o ~ ,m_ﬂ o
(Y T o 2 79 Hfh.ﬁﬂ]ro.ﬂmﬁﬂ Mooy ™ e
Ef _1_.E —_ ;01_ n OH _Mﬂ — N (=] Jl1_ — [z _ Ef ol O_ Z#ﬁ
aqurmmuﬂ v BoR T & X go %o My P -
E#EW@M%EM %a%ﬂ_ﬂmwﬁ%ﬁuw EﬂWﬂ ﬂmm_z_ﬁ%
K 5, EinE s I 4 BT ZpElg
o N H p e 9| ) o KN iy g ® P
B T g g @muh@mgégﬂﬂ@ 5T T mmwk%
.LrU 5 o _ - (\ID] E‘m = X \0/we\|
R @%wﬂwmy%éga $¥5y ~zEZs
7l , 20 crtiifrsass (5.2 3,33
o F T T QT o OB o R ~ X H T HMoNp o or
B o= Ty B o 2 5 N T 9 i J%ﬂm
o ™ X go i B Y X A_l . B ﬂl N afo i) ,.Hm_l, G o
. 0 % r o L i\ X ol WIM ﬂl o ,W_I M..M W <o R HT mJ/ O# o Mﬁ — m il
. ]1_- _ ) . — X = _
Mo ooy o o) gr WM W O f T2 ulr o_ﬂz.ﬂ NJL%P%
HTJJ@U7WAT N ﬁ_.afpro,.%%%_nﬂ w N 2 © 8 < -
= 2 o 1]0 ol R N ,_.m_h i LA T o o o Ll n W = B (W\ I
@WLA}.@ 4aeﬁew%;fﬂﬂ,i y N X B %%%@E
=, K7 wB R b B EETL g  mE® R ]
Q) . Hr . m " H o LR ) — o 0|/ H < .W ooy ~ oy ~ H|
e A H e e Ty N K W o B o~ B
— N H_W o) a_- K 0o ﬂﬂ E_ E m _:_H T B = Fo :low_
D 0 T o T T Q] of lwc GRS T ul o ~N X0 | 1
o e I A RS W TR SR RER
I Hemﬁﬁﬂﬂuufa#a]ﬂo_ed R AN X
ﬁ_lo.‘l_v_x_/ ‘mw_ ﬂ.Al. R 0 _A ﬂ_rm OE;O ﬂﬂ
%ﬂ@_zé}dr x ~ o %Q%ﬂ%]ﬂ um ﬁoLnaA E%WEM
— A = duJEIAL ] o X ﬂlsmT Co_a7
R Tiwz "owr S % O o) TR =
& m il mﬂﬂ%o o — g S ®H e Z i LZﬂa_w J)J > e
__OL o o A — o = H_._ N - ' L o B T — Of E._ ) _Z__l
iy o iR gf_ofﬂo%ﬂvﬁ%u B oo . Y% e R
o ot BN T o %le_/ ®T S o ® o o o
Wﬂ%a@%% @@ﬂom@omﬂﬁ# @ Bdw LIS
. —_— —_ .  — — S
SR A xuru.ﬁfrmmmy@@m N o 5 EE TS
T % B o b ~ T 7 Y .L”o/ﬂ i 7 = " o o =
I W ok < ) & I
o aN} %ATO] E_/,_/'E
~ o N i
= o a7 N R
o Wy <

- 31 -

* ol 7191

At 3



Week3-4

ERA5

ECMWF

Montreal

Washington
3 = 3

g

APCC

Failure Rate (%)

Figure 2.19. Global distribution of Kolmogorov-Smirnov (K-S) test failure rates for
temperature forecast using the Gauss method.
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Figure 2.20. Q-Q plots of ECMWF temperature Week 3 hindcast data for selected grid points.
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Figure 2.21. Histograms of ECMWF temperature Week 3 hindcast data with fitted Gaussian
curves for selected grid points.
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Figure 2.22. Time series comparison of ECMWF temperature Week 3 probability forecasts at
an ENSO-affected grid point(0°, 195°E).
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All Models Precipitation Mixed Gamma KS Test p-value Failure Rate (20220103~20241111)
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Figure 2.23. Global distribution of Kolmogorov-Smirnov (K-S) test failure rates for
precipitation forecast using the Mixed_Gamma method.
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Figure 2.24. Histograms of ECMWEF precipitation Week 3 hindcast data with fitted
Mixed_Gamma curves for selected grid points.
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ECMWEF PREC Probability forecast Comparison (30.0, 60.0) : 2022. 01. 17. ~ 2024. 11. 25. (Week3)
below Wew normal WM above quantile Method
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Figure 2.25. Time series comparison of ECMWF precipitation Week 3 probability forecasts at
an extreme dry grid point(30°, 60°E). (Top) Quantile method (Bottom) Mixed_Gamma method.
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Figure 2.26. Time series comparison of ECMWEF precipitation Week 3 probability forecasts at
an extreme dry grid point(30°, 60°E). (Top) Quantile method (Bottom) Hybrid_Gamma method.
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Table 2.8. Comprehensive comparison of probabilistic forecast methodologies.
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9, SFHem)l tald BAsAT E ATe oY 71&% 4w 23 R w2 A
2 Fal A AA Fa SSSBCAARY ARe] I Hu, BE RIS 5 AANA B4
ed ®EE HolH TE MME H7b 2 l3Y wag 9% FF Tddda 7Y, 3F

o =1
seamless S2S Z®l= 7S 93k A5 7|HES S5O
2.31.1. S2S z2AE 74

A A 717471 7WMO) S25 Z2AEE= 1 AlAl 117] AZSAE(GPC) 2 2719 dAJAE] A
AYd = JRE ECMWF HlolexE& T3l Algsta Aok CPTECS 2023d 12€FH o=
A5 AFs AFste] &8 HEH hindcast £4 A2 F7Fd mdoltt. 2024d A-TolAl 127
249l hindcast dEZAFRE FRIF oY, o] F 47 =D (BOM, NCEP, ]MA, MetFR)S A )3}
11+ hindcast g o] on-the-flyo] Ay, =do] q=2 HRXEHA F 137 22| hindcastES A
2 F3stAd ot (Table. 2.9).
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Table 2.9. Descriptions of S2S Project models.

GPC Center/ Farecast Farecast ~ Forecast Hindcast Hindcast  Hindcast
Model Frequency Time Range Ens. Size Frequecny  Ens. Size  PEriod
CMAA/ g past 15
Beijing BOC-CPS-S25v2 2lweek 0-60 4 2lweek 4 years
ECMWE/ . g past 20
ECMWF CYAR] Daily 0-46 101 2lweek 1 vear
UKMO/ .
Exeter GlcSeab Daily 0-60 4 16/month 7 1993-2016
ECCC/
Montreal CEPSS Weekly 0-39 21 2/week 4 2001-2020
Seoul 2/week 0-60 8 4/month 7 1993-2016
GloSea6-GC3.2
HMCR/
Moscow RUNES Weekly 0-46 41 Weekly 1 1991-2015
LARY Dail 0-65 49 Dail 4 1999-2018
CAS-FGOALS-2 y Y
CNR-ISAC/
CLOBO Weekly 0-35 41 Every 5 days 8 2001-2020
Melbourne BoM 2lweek 0-62 33 6/month 33 1981-2013
POAMA P24
Washington NCEP/CPS3 Daily 0-44 16 Daily 4 1999-2015
Tokyo JMA/CPS3 Daily 0-34 5 2/month 5 1991-2020
MetFR/
Toulouse CNRMECM 6.1 Weekly 0-47 25 Every 7 days 10 1993-2017
CPTEC  CPIEC/BAM-12  2/week 0-35 1 Every 7 days 11 1999-2018

2.3.1.2. SubC Z=2AE 9 APCC =4

ol AFAME 71ESY S2S ZE2EHE »nd ot ofyg}, SubC Jii ZAo] EHR
E Rl dolglZzd & Ea|A FH3s9 T (Table. 2.10). SubCx= & 7719 =do] FHosta 9 A
U §2S TRAE FEOFZ FHAsta 9= 27 EH(ECCC, NCEP)E A Lsk 57 a8 3

st o, o] APCC o E2AYHAE AU S &84 AE fs 3sA . SubCe 3-4

d HAE9 725 AAL 7HAL JoAA tFEEe] Edo] Aty AHJE S2S Bl HvE)

AAZE FF0] =2 Zﬂol EAoltt. ®EE, ol A4 F7iE APCCe ° 25 3%
APCC AAI =& (SCoPS)e] full-hindcast o|&AH R = &-&3% T}
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Table 2.10. Descriptions of SubC Project models.

Center/ Forecast Forecast Forecast Hindcast Hindcast  Hindcast

GPC Mockel Frequency Time Range Ens. Size Frequecny Ens. Size  PEriod
ECCC GEPS3  Weekly 0-38 21 Weekly 4 20012020
NOAWNGEP NCEPICFSv2  Daily 0-44 16 Daily 4 19992016
NOANEMC  GEFS Weekly 0-3% 1 Weekly 11 2999-2019
NOANESRL ~ FMlpl  Weekly 0-32 1 Weekly 4 19992016
(5 NRL  NESM  4jweek 0-45 1 4lweek 1 1999-2016
NCARRSMAS ~ CCMA Weekly 0-45 9 Weekly 3 1999-2016
NOANGMAO GEOS Vapl e ° 0-45 g B 2 1999-2015

days days

APCC SCoPS Weekly 0-60 10 6/month 10 2003-2015

23.2. NE=2d 92 MME 9=5 H7}
2.3.2.1. 7153k £4

A AA F 191 AR ZFo 2238 ASARE &sto] /MERDY A&7 7|58 £
2S FPstHnt ol AP rdel FE7]7H2003-20151, 13W)S ARt o, 7% 4
o] Aolgt 27) =d CMA(2008-2022, 14'd)<2} BOM(1994-2003, 17\d)> Z+zte] 7| &4k&
o B dAFddAes 24d AFdin] F7kE 2E(SubC, APCO)l| tigh ddjd<l #4
2 BASAT 4, 7120 tig AEERE 9 B39 Y] 7|FE Aol AR
e g FoAN Fanosts FES Holw, APAgte] FrEF-E HE3to]
EAS 808 4 At (Figure 2.27). IAP, BOMY] 7-¢- E=%] o
Hazb ey, =3 AdE ZRdE2 WE 14AY 9 ofxz gt 11
e B AlE F719 SubC 2 dAwtdo=® S2S Edla fAS A=
Holw, APCC AARE Y A9 HHE A
AgPA el AoAAA FAEHE Aor AdY. A A Ry 24
dF5o = Fa WsAde]l & dUAYA AZH a2 P A opx
& Fa 2YstE AES Bt (Figure 2.28). th7] ﬂr
3 s FollA #ZFHe] o7t A yERdth. SubC E—tﬂ‘—_l'é_% ]ﬁﬂr UP?W}Z]E
FAGE 7133 HAE Ko, APCC Rd-& %7] APA oA LA ool A %
A UJEbY o] initial shock .2 X ozt
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s8)5t9 Tt (Figure 2.29). A A|7to] 271842 oxt= Z71eta, o2 #
Zgko] FEElslth 27] APAH Ay @

HatH, A AA AdAS =2d F @A ECMWEZE 5121 7153k A
SubC ® APCC mde S2S wdlo] 715z HF 2 HEAH 239 FAS A
q

= & & F AU olF TS, dAS55go] Aol 197 /HEEE e kA A
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Figure 2.27. Mean bias in climatology for 2m temperature at four weeks for 19 models.
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Figure 2.28. Mean bias in climatology for precipitation at four weeks for 19 models.
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Figure 2.29. Temporal evolution of biases in long-term mean (LTM) and standard-deviation
(LTS) of temperature, precipitation, and geopotential hight over globe and East Asia
increasing lead days from 1 to 32 for 19 models. Biase is defined as a mean value of
differences relative to the observed LTM and LTS during all year around.

0322 AFYZ ARED D MME o= 57}

MErd 9 MMES F3 d=¥ Hr7IE 8, 35713s 7IAe 177 22s AE3HA
THCMA, BOM A 9]). olu, o =Uo] Atoldt 177 S &83 MME A4S 98] RE o=
= _

dS e VFo g E~99Y HAES 12 A e MME d&dE s
A)S 7|FO 2 UM 717hE reforecast ARE 8P oW, 177 Be] ws HAOZ A
stRt (Figure 2.30). MME o= 2 7|33k Ho] W * 24d g 4 s A48 294=2

278 = Sl

3-4F B 71 B Ao pERd
1Tt 7129 A9, ECMWFE 0.467+A] =88 FA3HH
< Holu glon, FF Af 3M4F7F HY
A ECMWFe} MME&= tii-4&9] dtjAYg71A &
< Yehdth AEEg @ MMES 1-8F 92 3-45/1-4F
F @ APAZAA AERD Bl MMES =& d=g<S g & 4 9t o]
23 MME d&89 ¢34 3-4F 9 1-4F HFAdAE yebdtt SubC 2 APCC =4 9]
q=Ee F ¢ amrr] 98|, S25/SubC TZAE wd 5o o =8 WFE APCCS 374 et

I

N
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Witk (Figure 2.34). S28 T2 E= mdsrl Azl o2 g7 i MyAgE 27| d
=4 MEZo| 34 JelUA T 34F2 242 SubC 2l v Aoz o=8Ho] =&
Ao 2 UetUY, 3-4F/1-4F HFdAE U3 A= Bt APCCE 1~43F Awho] A
A F ZeAE mdse o34 WFe &KIn gow, 14F FH d3¥e Avnd
(Figure 2.35) A 7] ¥ 7P/‘oﬂ Oal A 2/5e 286 TaE= AL Folsygrh o 7]A
Eold He #d 8/ =d& 283 MME (MME@v2024)2] 7% 15% ECMWESF #ALSE o
Z9& Baled s, 1770 U% Z§3 MMES] 7% 157F ECMWFOﬂ 0 we o=
< Holal 9tk ol Ad iyl JdF melo] HAMEUL, B3 FARd w71 87l A 17TH=
SoEEA Yehds A3z Forde] A 5 Soje] mE MME oS58 Fde &9l &
AT

v 2 ojzme
(Mon.) (Mon.) (Mon.)
1/6 1/10 1/1 3 1/17 1/20 1/24
ECMWF
[— | [ | | >le I I
Fece — < D W‘ Target W2 (Days 12-18 Target W3 (Days 19-25 N
NCEP Target W1 (Days 5-11 arget W2 (Days 12-18) arget W3 (Days 19-25)
HMCR 4 Target W1 (Days 5-11 Target W2 (days 12-18) >
IAP >
Target W1 (Days 5-11)
v MY o2
1/9 1/a0 117 1/24 1/25
KMA |III1IIIIII%“IIIIII*IIIIIIN
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Figure 2.30. Schematic illustrating the harmonization of weekly forecast periods
across individual models with differing initialization days.
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Figure 2.31. Spatial distribution of temporal correlation coefficients for 2m temperature
of individual models and DMME at 3-4 week means.
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Figure 2.32. Spatial distribution of temporal correlation coefficients for precipitation of
individual models and DMME at 3-4 week means.
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Figure 2.33. Anomaly pattern correlation coefficient for temperature and
precipitation of individual models and MME at 1-8 weeks, 3-4 and 1-4 week
means.
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Figure 2.34. Anomaly pattern correlation coefficient for temperature and
precipitation of S2S and Sub project models and APCC at 1-8 weeks, 3-4 and 1-4
week means.
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Figure 2.35. Accumulated Anomaly pattern correlation coefficient for
temperature and precipitation of individual models, MME, and MME@v2024 at
1-8 weeks, 3-4 and 1-4 week means.

2.3.2.3. APCC 29 o] & MME 459 7|9 = &4

APCC R =52 S25/SubC Z2H Eof Frost= BHo o HFo £3lal 3lom,

MR o EHe F/eke] IFol T AeS dA st on, B FoA= APCC
249 Hort Ao 2 MME od&8ol ougr JFS vx=A 4317 93, APCC Fofo
Ho) 2 MME o= x}o]S Ay Bttt Figure 2.362 APCC RS HAFS A9 (£ 17
N 2a)e} 3kA 2tS A2l MME (% 1671 2d) o238 xo]Z 7] 2 5o thafjA 1,
2, 3, 47, 347 2 14F WA oE AyHT. dFY Aol FIEEZE A EH, 7|9
4% MME & &9 9] Zpol7} Fo38tA] & Wi, 2o A9 Hutd o g MME oS8 a4l
TAAR] 7IAE gt Ao=E HRIY ol#d A= Ee APARE, AGHoE WHEdo]
0 BHARE Azl o g2 FAdI AI}E Hola vt (Figure 2.37). 53], Hobrlot 2 5 Ao
o] A d=8S Aurd 3FRE AFH o Z moderate d&HE FA3HAA (Figure 2.38)

ol FF BSISO Hoxd o= 7|9g = Se oz dddn. A3z o=z APCCe
S2S, SubC ZE2AE FoARmdo] Hit dZHET thh GAY FARE A9 dF8S HolH,
APCC7} #HAE 74 MME 439 Fio| 38HOE 7|HqFo 24 o= APCC AAWA S
MME Fomded &8 7Fede T4 3 O & @ 5 An. o83 A+ 23& v e
2, APCCE w5 ARt dEaas Aatsta slow, AdWodE MME A Fell Fofstar
At
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Figure 2.36. Spatial distribution of prediction skill
difference between the MME including APCC and the
MME excluding APCC. Positive values indicate regions
where the inclusion of APCC enhances forecast skill,
while negative values denote regions where their
inclusion results in reduced skill.
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Figure 2.37. MME skill difference in terms of anomlay pattern
correlation coefficient over globe between the MME including APCC and
the MME excluding APCC at each week and 3-4 & 1-4 week means.
MME skill difference in terms of APCC at 3-4week means for each
region.
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Figure 2.38. Anomaly pattern correlation coefficient over South Asia and
Australia for temperature and precipitation of individual models (blue line)
and APCC (red line) at 1-8 weeks, 3-4 and 1-4 week means.
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2.3.2.4. SubC 24 ZFofo] & MME o538 7]o= 4

SubC Z2ZAHE BP9 o SHL 7| S2S Z2AE Fojsls B oF W &
stal o, duizor T AR dF¥He Holi Slee A e, & Zl
ME SubC e Fojo] W& MME =8 7922 B3 3t} Figure 2.39% SubC &
a8 FAPe Ao A &Ue F9-9 MME 439 3ol 71 & gl disiA 1, 2,
3, 45, 3-4F Bl 145 HFoz AVHEUT. FHord 5o Aoz A3 4 APCC oo

ol

dl
Fo| w2 d=g zfole IA yeiuy, 7l 9
5} 7

A A

1‘
%
£

I
A8
o)
i
flo
e
)

N

5 A= At
g & Atk O A SubC 2dg F7Hs A9 MMe o&4-2 oF ~5%, MME 842 5~20%
AE P, ol MEERDY H o=y FFHETOE SubC ZdS FAgozy Fongd
& S 2@ thFslol A 7)1 MME &3¢l Ao 2 relth (Figure 2.40).
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Skill Difference (Temperature)

Figure 2.39. Spatial distribution of prediction skill
difference between the MME including SubC models and
the MME excluding SubC models. Positive values indicate
regions where the inclusion of Sub models enhances
forecast skill, while negative values denote regions where
their inclusion results in reduced skill.
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Figure 2.40. Anomaly pattern correlation coefficients between the MMEs
including and excluding SubC models, and mean skill of participating models
in MMEs including and excluding SubC models. MME efficiency for each
variable and lead time is displayed with histograms.

2.33. AN AGS A=<t w4

AS7HA FA4% F 1770 RdS 83 MMES A$ AAAHCE +3 7l Ee B
2 ¢] hindcast ARE & oH, ALY o= o EE 2do) qSAHRE AAtes &

€ 7Festue B U AT 24d AA el w
AT 712 R Aol oA MME ¢ &3o] 38 2 2
APCC x}ixﬂ% ]#% 9 APCC =9 < (Eﬂﬂ)it d=49=
H APCCe] & 4% 8L o= A=oln AAHL 9l
ohak3l za;s;oﬂ E MME 4=¥ vlngrts sk

21 Zojx wd 7-8747} HH AZEY
o2 B (Figure 2.41), ol A
ZIthst7] ol d&eln, 1%t
Zhebe il sige 2] 9l

_I{N'
F[F

rlm

Table 2112 U7 AP 93 odFst 23 2 MME #4845 el &, 5 177
29 83 o]24 MME, dA ECMWFAlA &%9%F< WMOLC SPPMME<S] =md 49
MME_S2S, NOAA/CPC 3-4%F o Ro] &85 MME_SubC, APCC7} w1 714 AFst ¢
= MME_KMA, 18|31 &z} APCC Ford 7|#o 2 RY AdYdSAE 3 T o7 =2
< 83 MME_APCC, o37]ol SubC =2 &3 MME_APCC_SubC o224 % 6719 =4
TR o]zl MME d&¥& ®lustdtt. I A3, 3d3s] FArd F7t Mt g
MMEZ} RE W, APATHA 7P 22 438S Hola 9lon, MME_APCCE
MME_SubC, MME_KMAS} Al 819 &0l =+ A5 Hln (Figure 2.42). ool whs,
SubC 2d& &8s 4 AT H 71 2 AYa=E MME_APCCel| Hls] ¢F 10%, <
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= oF 20% BEe] A5 Fde Holm, MME_S2S9t AR 58S &l & 4 . o)y
& ARE F Y Aoz Aduuy, 7|29 4% APCC A=Ag7|d 223 g7 SubC =

28 BEI A4S MMESS 4@ F=e] dlSeol s, F5e) A Ao FobA
ol EIT ¥ AHolA= 177H Ede Z83 MMEEG 2 o58e Holn urA
MMEe] ®lsf 433 w2 AF5Hs Hole AFE HIT (Figure 2.43). Ae]stA SubC =
9% BEAL A, APCC FARAY BEAE A5l WAl 147 BT AL D 7 4 w5
| oL

el

Ao A F2 gS5Hg Holw, 53] o A ECMWFoA 295 S28 Bt} A EXH S
= v 152 ARE sttt (Figure 2.44).
I &A= APCC7} uHT 714 AFsNF Y= MME_KMA the] 3-43F i o 2o thalA
ol Ao E& o=8E FgozH APCC MME AldU S dd-ede A4S
g F U AOIE}. o] E3j, APCC MME AU Z2] kA2 d=8e e
APCC MME A&A| 37184 A&EAQ A5AE =2 @9 oYz}t SubC A5 &&S FH A4
2 aysfoF & %ﬂ%&t} ol#1d AT AFNE ulgto 2 Rl HolE|ZHO A 34Y AAo
@Alﬂ A=HRE 1T 4 & Subc 22L& APCC MME AZWd = Al 2"lo] 33}
| A SAFE FQ MMEel &-&3tA =HAth & AT7E 53l 0111/“‘_4' +9 7tsREe 1L
# 3 APCCol 7F8 A3 (@4222) MME =29 %3S AAEa, MME AW« = Ad-e

BAA dZF9 7k 24 o] AAY FHo) g3 ZAE U}%o}%t}.

MME Skill: Monte-Carlo Simulation (JJA)
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Figure  2.41. Anomaly pattern  correlation
coefficient for MME summer prediction of global
temperature and precipitation with different
number of participating models based on
Monte-Carlo simulation.
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Table 2.11. Experimental design for sensitivity tests evaluating MME forecast skill across

different model combinations.

No.

Type ” Models Note
MME 17 S2S + SubC+ SCOPS Theoretical MME configuration
S5 9 CPTEC, ECMWF, ECCC, HMCR, JMA, WMOLC SSPMMVE model
MV KMA, MetFR, NCEP, UKMO, (BCC)  configuration operated by ECMWEF
SubC 6 ECCC, NCEP, EMC, ESRL, GMAO, Model configuration used for
il RSMAS NOAA/CPC week 3-4 outlooks
Model configuration participating in
MME_KMA 5 ECMWF, ECCC, UKMO, KMA, NCEP APCC’ s weekly subseasonal
forecasts provided to KMA
ECMWF, ECCC, NCEP, HMCR, ' '
MVE.APCC 5 Model configuration currently
SCOPS collected by APCC
MME_APCC + SubC(EMC, ESRL, Model configuration with SubC
MMEAPCL I 9 GMAO. RSMAS) models included in MVE_APCC
ToMm PREC Z500
08 80 08 — EEE‘:S’: 80 08 ‘ %
06 S 06 xm:z::‘é‘s"h 60 06 \ W oo &
5 8 58 |\ o8
0.4 ' ! 40 (% 0.4 40 % 0.4 4 40 (%
0.2 ’\:\«\_ 20 0.2 N 20 0.2 \\\ 20
APCC_SubC - APCC e Blhie = . ‘“\L:’V:‘: % e
v teaz WZek: P v teaz WZek; P L :eacsi W‘:eks7 P
Figure 2.42. Anomaly pattern correlation coefficient for MMEs over globe at each week and

3-4/1-4 week means. Skill difference relative to MME is displayed with histograms (%).
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MME Skill & Difference (T2M, TCC, W14, Relative to MME)
(0.71) MME_S2S
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MME_APCC (0.66) MME_APCC_SubC (0.68) MME_KMA

Figure 2.43. Spatial distribution of prediction skill in MME and skill
difference between the various MMEs and MME at 1-4 week mean.
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MME Skill Difference of MME_APCC_SubC (14W, ACC, %)
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Figure 2.44. MME
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skill

MME_APCC, MME_S2S, and MME_KMA.
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PortalZ %€l ecmwfapiE o] &3] A& S &z TslA Hoh Uz wiA golE e ECCC
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forecast/hindcast®= IRI Data Libray2%-E] nclS o] &3l ttezedta ¢t

%2025.11.1
Forecast Time Forecast : : : Hindcast :
Center Model Name Forecast Frequency Eoe Ensemble Size Hindcast Frequency Hindcast Period Ensemble Size Data Collecting by
Weekl 6/month
APCC SCoPS (Ttiozd y) 0-59 10 (1,5,10,15,20,25) 2003-2016 5 In-House
sescey’ fixed
5-daily
«
ACCESS-S2 (r:‘(";kd'zy) 0-42 33 (frorre 1»'6-; : ;-g';fﬁeg;;;"‘“’ 1981-2018 3 ‘ FTP, HTTP (get) ‘
Fixed
16/month
(1,3,57,9,11,13,15,17,19,2
Weekly past 20 years ‘ ECMWF Data Portal
CY49R1 0-46 101 1,23,25,27,29,31 excluding " 1 .
(Thursday) 99 February) (2005-2024) (get: API)
on the fly
Weekly
Weekly
SL-AV 0-46 4 (Thursday) 1991-2020 1 FTP (put)
Ghtrzday) on the fly
Weekly o
16 + 16 Daily
CFSv2 (V.:Inednefday, 0-44 (32 fixed 1999-2016 4 ‘ FTP (get) ‘
Week
Weekly
GEPS8 0-38 21 (Thursday) 2001-2020 4
i) on the fly
Weekly 1989-2018
Weekly 1-34
GEFSv12-CPC 0 . 0. 31 (Wednesday) (19890104- 1"
(Thursday) (Hindcast: 0-34) fixed 20190828)
Weekly 1999-2016
FIMr1p1 (w‘g;;';'gay) 0-31 4 (Wednesday) (19990106- 4
fixed 20170628) IRI Data Library
5-daily 1999-2016 (get: NCL)
¥ 5 Daily . (from the 1% day of every year) o
ESS LU (o the 1= day of every year) 0-44 4 (1.6,11,F1bs(,ezd1,zs,...) (213321021311) 4
(total 2042 1999-2016
(‘S"l’“:l‘d"'y) 0-44 9 common dates) (19990107- 3
L7 Fixed 20161231)

% Collecting Variables (14) : t2m, sst, maxt2m, mint2m, prec, olr, mslp, t850, u200, u850, v200, v850, z200, z500 — Each model dataset has different variables.

Figure 2.45. List of individual models participating in MME subseasonal forecast.

A A <1 APCCE A Ydtas EE A8 = APCC FTP AW E 257 crontabs
o] g3l AFoE FXHI A v 271A o Al= ECMWF Data Portal2 88 ecmwfapi&
o] g3l forecast AEE ThEZE = WHI IRI Data LibrayZHE ncleS o] &34
forecast AARE T2 E 3= Wi d8-E YedTh

ECMWF forecast (ECMWF Data Portal)

» 2543 4 3l Python 34

ECMWF_FORE.sh
ECMWF_FORE.py

m 2548 . ECMWF_FORE.shE crontabell &53te] 413y

#!/bin/bash —login

python /data02/songbg/ECMWF/ECMWF_FORE.py

m =5 A3 . ECMWF_FORE.py¢] today 4 % 43}
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#!/usr/bin/env python

import dateutil.relativedelta as rdelta
import datetime

import 0s
from ecmwfapi import ECMWFDataServer

i
H
1T

# today date: ex) YYYY-MM-DD
today = datetime.date.today()

#today = datetime.date(2025, 11, 24)  # for manual

# last THURSDAY: ex) YYYY-MM-DD
last_thursday = today + rdelta.relativedelta(days=-1, weekday=rdelta. TH(-1))

# Real-time forecast date

")

fdate = strlast_thursday) # ex) today: 2025-02-24 ——> fdate: "2025-02-20"

Preprocessing : ECMWF Forecast”, )

Initial Date:”, fdate)

")

ECCC forecast (IRI Data Library)

" 2543 4 5l Python @<

ECCC_FORE.sh
ECCCC_FORE.ncl

m 2523 . ECCC_FORE.shZ crontaboll S23&le] 213}

=
[}
m =543 . ECCC_FORE.she] YYY, YYYMMDD 44 % 213

#!/bin/bash —-login

YYYY=$(date —d 'last thursday’ +%Y)
YYYYMMDD=$(date —d ‘last thursday’ +%Y%m%d)

#YYYY="2025"
#YYYYMMDD="20251120"

sed -e s/yyyymmdd/$YYYYMMDD/g J/data02/songbg/ECCC/ECCC_FORE.ncl

>
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/data02/songbg/ECCC/ECCC_FORE_imsi.ncl

ncl /data02/songbg/ECCC/ECCC_FORE_imsi.ncl
rm —f /data02/songbg/ECCC/ECCC_FORE_imsi.ncl

242. GFEA}EE AQNWAS AERD AXY N=H 75

APCCE EHREE 93] i3 Rgoz HEYIAE HEdlA €9 o= #34 ME
2d zA5= 959 APCC FTP AHd A o] Aot wax B A5E AA 37 28l A
+ HPC7F e W% g A5E 28 oF 3t} Figure 2.462 9|5 FTP A oA W
% HPC A =E A85E &2 E380 HPC A4 -7t Fa85He A& BoFT. 9
iAo z2ts F3, WEZAAY A5 g2 9@ dA-ge= EF crontabs A8l
o2 A=A ok MEED A5V AA-YE AAA HE 122 FE3tE A5E AL
SHAl HW FHF, 1-4FH T, 3M4FHTF AEE A Aol Frh. 3 2 GRIB E=&=
NetCDFoll /| =% NetCDF &40 & w3lo] At

Data Collection Download and Preprocessing
External | Internal
APCC FTP Server Network | Network APCC HPC Server
................................................ I
download E : : E :
(ecmat-2p. . | ! APCC fore/hind
| :
| |
' |
download | : : i
(get, nc | ‘
http) I i | ‘
| ;
! I ,
“““““““““““““““““““““““““ | :
; | ' 1 degree 1 degree
Download Using crontab | | dally weekly mean
! :
APCC FTP Server (14) I nc nc
soload : A . Download and Preprocessing
(put) | ; | ; Using crontab
: grib | :
! : | :
S g g g g g g g g g g g 1 | g gy g g g g g g g g g S

Figure 2.46. Data qcqusition from an internal network FTP server and preprocessing on an
external network HPC server.

_63_



O=9] olAl= BOM forecast 2At% 3, B2, MAd HAHde HoF.

BOM forecast

m 2-54d3y 4 9 Python ¥<d

fto_pre_BOM_FCST.sh
fto_pre_BOM_FCST.py

n 25438 : ftp_pre_BOM_FCST.shZ crontabol] % =3&to] 23}

#!/bin/bash ——login

python /lfs/data07/songbg/S2S_MME/RUN/ftp_pre_ BOM_FCST.py

n =523 . ftp_pre_BOM_FCST.py2] today 4 % A3}

import datetime
import dateutil.relativedelta as rdelta
from my_package import run_command

# today date: ex) YYYY-MM-DD
today = datetime.date.today()

#today = datetime.date(2025, 11, 16) # for manual

# last THURSDAY: ex) YYYY-MM-DD
last_thursday = today + rdelta.relativedelta(days=-1, weekday=rdelta. TH(-1))

fdate = str(last_thursday) # ex) today: 2025-11-16 (Sun) ——> fdate: "2025-11-13"

date_split = fdate.split('~")
YYYY = date_split[0]

MM = date_split[1]

DD = date_split[2]

forecast_year = YYYY
initial_date = MM + "=" + DD
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fto_python_path = "/Ifs/data07/songbg/S2S_MME/FTP/”
pre_python_path = "/lfs/data07/songbg/S2S_MME/PRE/BOM/"

# downloading from APCC FTP server

FCST = """
Datalist:

- Institution_name : BOM

Model_name : ACCESS-S2
Forecast_year {0}
Initial_date {1}

""" format(forecast_year, initial_date)

with open(ftp_python_path + "BOM_FCST.yaml”, "w") as file:
file.writelines(FCST)

run_command.run_python(ftp_python_path + "BOM_FCST_download.py”)

# preprocessing of forecast data

PRE_FCST = """
DatalList:

- Institution_name : BOM

Model_name : ACCESS-S2

Variable_name 1 12m prec olr maxt2m mint2m slp t850 z500 z200 u850 u200 v850 v200
Forecast_year - {0}

Initial_date {1}

""" format(forecast_year, initial_date)

with open(pre_python_path + "BOM_FCST.yaml”, "w") as file:
file.writelines(PRE_FCST)

run_command.run_python(pre_python_path + "BOM_FCST.py")
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243 GFEEAFEE ALNWAS A4 A & AA ¥ 75

MME AW SA 2" a4 A3 A5 53, dxg S 25 I, o7]q
MME <3, 2819 2% #A4= 4 EgHT) Figure 247 A5 43, AA e, MME, 1Y
= HAd Ui A EE YepAT

MME AldW S AHEE 7S A5 7% SCM (Simple Composit Method)< AH&-
A, FEAqZo ASo= Lo 22204 rled ulel o], Gausset Hybrid_Gamma
(Mixed_Gamma + Quantile) S AF&3tth

adEe MR 145 FHE, 1458 E, 3459 E oheDe]o MME 145 F37,
-4+, 3~4F9 ¢ dS23 el s &5k dh

Tuesday, Wednesday, Thursday, Sunday. . . (Daily) Fixed day
@ - @ b @
S Y — Y T R}
| Daily | Daily Daily i
i (0.5~1.5", (0.5~1.5", (0.5~1.5" X
: GRIE or NetCDF) [Z] GRIE or NetCDF) GRIB or NetCDF) :
i - I
; I
q I
! A X A :
I Daily, a Daily, Daily, ]
; Weekly Mean Weekly Mean Weekly Mean ;
. (1°, NetCDF) n (1°, NetCDF) (1°, NetCDP) I
| ]
‘. /

----------------------------------------------------------------

A
| o -
MME Multi-Model Ensemble

{Deterministic/Probabilistic) . Pre-processed

n . Calibrated

Weekly Mean (4 Weeks)

Graphics
{Individual Model,
Deterministic/Probabilistic MME)

Graphics

Figure 2.47. Schematic Diagram of the MME subseasonal forecast system,
incuding data acquistion, preprocessing, MME execution, and graphic display
processes.

_66_



MME 43 Aol /MERde] 145 37 A57 AMSE e MEnde] =714 Az
A7 Bduitt t27]d 98U ~ d8Y7HA Y dFY dHE F AF7AE S5 ok
Figure 2.48-& 2025 7€ 28¥& MME o|ZA12 7|Fo. 2 fA yepd 107] /HEEE ] o=
717ve JeERdTh 2l 9] o &A)1F 2 d-Le BOM, ECCC, ECMWF, EMC, HMC, NCEP<& =94,
ESRLE 429, APCCE 329%, RSMASE e do]n GMAOE 5-dailly® o]o sjgdst= 2
o] Ael=A HAct

ret

ey 7IE HAE $UY : 20254 78 289 ()

F¥

% hindcast : forecast O|ZA| XY} 718 7172 Ax'E St M=y
® 5-daily 0|Z2E : GMAO

7/20 (Sun) 7/25 7/28 (Mon) 8/04 8/11 8/18
| R I [ U Y I (N (NN N N N N A | IIIllIIIlIIIIII>|
« 7S o 7|= A W3 (Days 23-29) W4 (Days 30-36)
x 78 28Y 7|&F A2 0|4 < > < >
o 29 0=ZE : RSMAS
7/20 (Sun) 7/28 (Mon) 8/04 8/11 8/18
a_J 4 1 11111/ /11| | | /| IIIllIIIlIIIIIIN
W3 (Days 23-29) W4 (Days 30-36)
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e 32 OFEZE : APCC
7/22 (Tue) 7/28 (Mon) 8/04 8/11 8/18
1 | | 1 | | 1 1 1 | | 01 | 1 1 | | | - 1 ] | | 1 1 ] 1 I>|
W3 (Days 21-27) W4 (Days 28-34)
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o =9 Ox52E : ESRL
7/23 (Wed) 7/28 (Mon) 8/04 8/11 8/18
L 1 |<l ] 1 | ] 1 | ] | 01 | 1 1 1 | | - | 1 | | 1 | ] | IN
W3 (Days 18-24) W4 (Days 25-31)
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Figure 2.48. Lead times of 10 individual models based on the MME forecast initial date of
July 28, 2025.

o] A= 2025 79 28¥U(Y) 7|ELE MMEE F33ts A S HoET)h

MME ©A o=

= Yaml, Python 3¢

FCST_SCM_MME_weekly.yaml
FCST_SCM_MME_weekly.py
FCST_SCM_MME_week1-4_mean.py
FCST_SCM_MME_week3-4_mean.py

» FCST_SCM_MME_weekly.yamlS A3t 23

DatalList:

- Model_name : APCC_SCoPS
BOM_ACCESS-S2
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ECCC_GEPSS8
ECMWF_CY49R1
EMC_GEFSv12-CPC
ESRL_FIMrip1
GMAO_GEOS-V2p1
HMC_SL-AV
NCEP_CFSv2
RSMAS_CCSM4

Variable_name : prec t2m

Forecast_year : 2025

Forecast_date : 07-28

MME &&=

m PBS Shell, Yaml, Python 3}&

FCST_PMME_mpi_run.sh
FCST_PMME_week1-4_mean_mpi_run.sh
FCST_PMME_week3-4_mean_mpi_run.sh
FCST_PMME_weekly.yaml
FCST_PMME_weekly_mpi.py
FCST_PMME_week1-4_mean_mpi.py
FCST_PMME_week3-4_mean_mpi.py

m FCST PMVE_weekly.yaml S 5=48}e4 FCST_PMME mpi_run.sh, FCST' PMVEE, week1-4 mean npi_run.sh,
FCST PMVE, week3-4_mean mpi_run.sh=- gsub

Datalist:
- Model_name : APCC_SCoPS
BOM_ACCESS-S2
ECCC_GEPSS8

ECMWF_CY49R1
EMC_GEFSv12-CPC
ESRL_FIMrip1
GMAO_GEOS-V2p1
HMC_SL-AV
NCEP_CFSv2
RSMAS_CCSM4

Variable_name : prec t2m

Forecast_year : 2025

Forecast _date : 07-28

T2 9] A= 20259 79 28¥(Y) 71502 MME A4S 198 &3 AL Ro=x

® Yaml, Python #}¢

DMME_FCST_weekly.yaml
PMME_FCST_weekly..yaml
DMME_FCST_weekly.py
DMME_FCST_week1-4_mean.py
DMME_FCST_week3-4_mean.py
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PMME_FCST_weekly.py
PMME_FCST_week1-4_mean.py
PMME_FCST_week3-4_mean.py

» DMME_FCST_weekly.yaml, PMME_FCST_weekly.yamlE A3} &< Python &1
o A

< of: DMME_FCST_weekly.yaml >

Datalist:

- Variable_name : prec t2m
Forecast_year : 2025
Forecast_date : 07-28
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Figure 2.49. Weekly mean MME deterministic forecst results (temperature)
for the 4-week period from July 28 to August 24, 2025.
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Figure 2.50. Weekly mean MME deterministic forecst results (precipitation)
for the 4-week period from July 28 to August 24, 2025.
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Figure 2.51. MME deterministic forecast results (temperature and

precipitation) for the mean of weeks 1-4 and the mean of weeks 3-4,
covering the period from July 28 to August 24, 2025.
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Figure 2.52. Weekly mean MME probabilistic forecst results (temperature)
for the 4-week period from July 28 to August 24, 2025.
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Figure 2.53. Weekly mean MME probabilistic forecst results (precipitation)
for the 4-week period from July 28 to August 24, 2025.
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Figure 2.54. MME probabilistic forecast results (temperature and
precipitation) for the mean of weeks 1-4 and the mean of weeks 3-4,
covering the period from July 28 to August 24, 2025.
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Table 2.12. Strategic roadmap for APCC’ s development of subseasonal-monthly seamless
prediction contents.
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Figure 2.55. Proposed development pathway for seamless prediction systems,
designed to ensure continuous and consistent forecast information across
subseasonal and seasonal timescales.
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Table 2.13. Strategic roadmap for APCC’ s development of subseasonal-monthly seamless
prediction contents.
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Table 2.14. Three-phase strategic framwork for APCC’ s development of subseasonal-monthly
seamless prediction contents.
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Table 2.15. Summary of proposed quick-win subseasonal-monthly seamless prediction

contents.
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Table 2.16. Summary of proposed technical growth subseasonal-monthly seamless prediction

contents.
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Table 2.17. Summary of proposed next-phase subseasonal-monthly seamless prediction

contents.
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Table 2.18. Description of potential contents to bridge subseasonal and seasonal (monthly)
forecasts.
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Table 2.19. Z-score thresholds used to quantify the relative magnitude of week-to-week

changes.
Z Value Interpretation
+2.0 Strong signal toward warming compared to last week
+1.0 Moderate shift toward warmer-than-last week
0 No significant change relative to last week
-1.0 Shift toward cooler condition
-2.0 Strong signal toward cooling

Table 2.20. Signal-to-noise thresholds used to quantify the relative reliability of
week-to-week changes.

SNR Value Interpretation
<1 Low signal, high uncertainty
1-2 Moderate signal
> 2 Strong signal, more trustworthy
>3 Very strong and confident signal

_79_



B2 AAZ S (HSAS(HF H2l) 627H4)
(°C) [2024-01-01 ~ 2024-01-31]

6
5
4
3
2
1
0
14
2
3
4
5
6
7
8

'9'\"\1'5&‘) . A3 AN RS TRE AT RS RO A0 N 4T LN LN
IR 08“ e 0 0 \\, o @‘XQ\‘\Q\‘\Q\"Q\‘\‘ AR O \’1 AN x’LQ\”L oA \‘5“\301.

B2 (=M 4) / BA(SY )/ BI2ES SH=M &)

OBS 1W(240108-14) 2W(240115-21) 3W(240122-28)
60N

ECMWF 1W(240108-14)

¢ Z-score>3.0 Strong signal toward warming compared to last week
>2.0 Moderate shift toward warmer conditions
<-2.0 Moderate shift toward cooler conditions

. <-3.0 Strong signal toward cooling

v Contour: SNR > 2 (strong signal)

Figure 2.56. Example products of week-to-week changes
relative to last week means (20240101-07).
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Figure 2.57. Example products of weekly
and monthly probability distributions.
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Temperature (July, 2022, Korea)
Monthly mean is largely determined by the frequency of extreme days
28

& Extreme days > 90
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Figure 2.58. Time series of monthly means and daily
temperature for Korea in July 2022. Distributions of
correlation between monthly mean temperature and
frequency of upper 90% temperature in July.
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Figure 2.59. Example of time series with
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Figure 2.60. Example products of quantile-based
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3. SCoPS 2% & Jiu

3.1. SCoPS AU A S AL &9

A o A-NSARE AL T SCoPS RS mjF AldWASAEE Yitste 2A
L EFAAR Agstr] A v Z2 F8 JfAAEH 0] o] FoiHth

[}
>

27174 S % JHZHCES 474, ARGO sida= A=)] w5 3 31 HdA4 g

e hindcast 7]1XH2003 ~ 2016%d) ©]% 2017dHE I3E 1072 7489 271 A4t

¥ hindcast AF5+= 2003 ~ 2016 371A] 712 A= L3 57 FFE ois) €¥E %
1AL A 55ty uj 1, 5, 10, 15, 20, 25 =7|HES AFL35A 60Y A=A A

3.11. CFS £47%, ARGO &= A5 3 & A

a9 =271 AS Y8 AFEE AE+= CFS E4%(NCEP Climate Forecast System
Version 2 (CFSv2) 6-hourly Products, http://gdex.ucar.edu/datasets/d094000)3+ ARGO 3l &&=
(Array for Real-Time Geostrophic Oceanography, ftp://ftp.ifremer.fr/ifremer/argo/geo) ©]t}.

A5 FHE CFS 4742 749 Pythonol A gdex_api_clientE Ab&3te] T2 =314 H
H(Figure 3.1~3.2), crontab= ©]&3l w5 HQ U IdFY DA F F8Y ~ o F
slad)E d ARE A2 FHsA Hot. 3 W psfc (surface pressure), shum
(specific humidity), sst (sea surface temperature), temp (temperature), uwnd (u-wind), vwnd
(v-wind)2] 67} W= 92 zR(shum, temp, uwnd, vwnd)2] 7Z-$ 37 level2 7}A 31 Uth
ARGO s ¥#Z A5 A Al crontabe ©]-&3ste] wjF Hado| dFL ARG F
LY ~ o F Fed)r d¥ A8E Awow FHSA FHH, IFREMER (Institut Francais
de Recherche pour IExploitation de la Mer, Z&2 3¢ /M AF4)e ftip=HE EjF S, <
T, OAY A9 A5E 354 FthFigure 3.3).

oA =18 A5 AAgolA= SCoPSe thr] ¥ i UAS g A5 HSko] s
o (psfc, shum, sst, temp, uwnd, vwnd), SCoPSe] EAKFE ¢33+ ARGO A= W Eto] 3 H )
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#1/bin/bash --login

START_YYYYMMDD=
END_YYYYMMDD=

# surface pressure

sed -2 s/sYYYYMMDD/ /9 s/eYYYYMMDD/ /g /dataB2/scops s2s/SCOPS_INI/CFSR/RUN/CFSR
download psfc.py > /dataB2/scops s2s/SCOPS_INI/CFSR/RUN/psfc_imsi.py

python /data®2/scops s2s/SCOPS_INI/CFSR/RUN/psfc_imsi.py

rm -f /dataB2/scops_s2s/SCOPS INI/CFSR/RUN/psfc imsi.py

# specific humidity

sed -2 s/sYYYYMMDD/ /9 s/eYYYYMMDD/ /g /dataf2/scops_s2s/SCOPS_INI/CFSR/RUN/CFSR
download shum.py > /data®2/scops s2s/SCOPS_INI/CFSR/RUN/shum imsi.py

python /dataB2/scops s2s/SCOPS INI/CFSR/RUN/shum imsi.py

rm -i /data®2/scops_s2s/SCOPS INI/CFSR/RUN/shum imsi.py

# sea surface temperature
sed s/sYYYYMMDD/ /g -e s/eYYYYMMDD/ /g /dataB2/scops s2s/SCOPS INI/CFSR/RUN/CFSR
download sst.py > /dataf2/scops_s2s/SCOPS INI/CFSR/RUN/sst imsi.py

python /data@2/scops_s2s/5COPS_INI/CFSR/RUN/sst_imsi.py
rm -7 /datal2/scops s2s5/SCOPS INI/CFSR/RUN/sst imsi.py

# temperature

sed -= s/sYYYYMMDD/ /g9 -e s/eYYYYMMDD/ /g /data@2/scops s2s/SCOPS_INI/CFSR/RUN/CFSR
download temp.py > /dataB2/scops s2s/SCOPS_INI/CFSR/RUN/temp imsi.py

python /dataB2/scops s2s/SCOPS INI/CFSR/RUN/temp imsi.py

rm -f /dataB2/scops s2s/SCOPS INI/CFSR/RUN/temp imsi.py

# u-component of wind

sed -& s/sYYYYMMDD/ /9 s/eYYYYMMDD/ /g /datab2/scops s2s/SCOPS_INI/CFSR/RUN/CFSR
download uwnd.py > /dataB2/scops s2s/SCOPS_INI/CFSR/RUN/uwnd_imsi.py

python /data@2/scops s2s/SCOPS INI/CFSR/RUN/uwnd imsi.py

rm -{ /dataB2/scops_s2s/SCOPS INI/CFSR/RUN/uwnd imsi.py

# v-component of wind
sed -2 s5/sYYYYMMDD/ /9 s5/eYYYYMMDD/ /g /dataf2/scops _s2s/5C0PS_INI/CFSR/RUN/CESR
download vwnd.py > /dataf2/scops s2s/SCOPS_INI/CFSR/RUN/vwnd imsi.py
python /data®2/scops s2s/SCOPS INI/CFSR/RUN/vwnd imsi.py
I /dataB2/scops s2s/SCOPS INI/CESR/RUN/vwnd imsi.p

Figure 3.1. Shell script for downloading CFSv2 data.
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gdex api client gdex client as gc
time
0s

start date and end date

= sYYYYMMDD # for bash Shell, ex) 28256961
eYYYYMMDD # for bash Shell, ex) 28256963

26256801
20258863

# Make a function to keep checking if a request is ready.
def check ready(rgst _id, wait interval=128):
# Checks if a request is ready.
for i in range(168): # 100 is arbitrary. This would wait 280 minutes for request to complete.
res = gc.get status(rgst id)
request status = res['d
if request status == ‘(o
return True
print(request status)
print('Not yet available.
time.sleep(wait interval)
return False

Waiting ' + str(wait_interval) +

response = gc.submit json(control)
print(response)

assert response['http
rgst_id = response['ds

check ready(rgst id)
gc.download(rgst _id)

# Purge request
gc.purge request{rgst id)

# move the downloaed data to specific directory
out dir = "/data®2/scops s2s/SCOPS_INI/CFSR/DATA/temp/™
os.makedirs(out dir, exist ok=True)

os.system({f"mv cdasl.*.pgrbh.grb2.nc

# delete *.bat and *.csh files
os.system{f"rm - * * -

csh™

Figure 3.2. Python program for downloading CFSv2 temperature.




#1/bin/bash --login

start_date=
end date=

#start date="20825-11-15"
#end_date="26825-11-15"

current timestamp=
end timestamp=

interval seconds=

while current tlmestamp <= end_timestamp ; do
date list+=" "@ "oy
current_timestamp=

done

for date in
YYYYMHDD=
YYYY=
MH=
DD=
echo "==
echo
echo B e e

for region in pacific ocean indian ocean atlantic ocean;
dutdir path=/dataf2/scops_. SLSHQCHPS INI/ARGO/DATA/
mkdir -p
wget ftp://ftp.ifremer.fr/ifremer/argo/geo/ /
mv ./* prof.nc
done
done

Figure 3.3. Shell script for downloading ARGO data.
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107l Y48 A8 forecast AAF

2003 --- .- 2016 2017 .- R |
> £71%:510, 159, .. > Z7|%:stad 5 > x7|Ehgad
> ensemble: sl 57} > ensemble: 3t 2 1074 : > ensemble: 3t 2 1074
X 2016/12/31,2017/01/01 restart®} ™ '=(2016/12/31) D kstRol 27132 ALRSIO] A MA
forcing/rerun AL2 & AHZSI0] 107 L&t M4 !
SCoPS M & > EAKF SCoPS M& > EAKF SCoPS X & > EAKF
> restart Xj%§ 4t (ensemble 57H) > restart X4 Lk (ensemble 107H) > restart X 44t (ensemble 107H)
\ 4 Tree § 5 4
510, 15¢... Z7|F& M85t S G/l st Y £7|EHE AHESHY 3 ol ol ste Y =I7|HE A8
hindcast 244t (ensemble 57H) forecast 4t (ensemble 107H) ! forecast 42t (ensemble 107H)
restart 01 '
2016/12/31 restart ) 3 restart Og
2017/01/01 restart restart 03
restart 02 - *55:32 84
resta 5
restart 03 restart 06
restart 04 restart 07
. estart 08
restart 05 restart 09 % 27|12 forcing, rerun, restart It
restart 10

Figure 3.4. Schematic diagram for generating 10 ensemble initial conditions and performing
forecasts.
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YEAR =2017 MON =1 DAY = 1
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Figure 3.5. Comparison of PCC, RMSE, and DIFF (differnce) for sea surface temperature
between the CFS analysis and the 10-member ensemble SCoPS restart files on January 1,
2017.
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Figure 3.6. Comparison of PCC, RMSE, and DIFF (differnce) for sea surface temperature
between the CFS analysis and the 10-member ensemble SCoPS restart files on January 5,
2017.
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Figure 3.7. Ensemble distribution of the Nino3.4 index and the Nino3.4 region-averaged sea
surface temperature in the 60-day forecast initialized on January 5, 2017.
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Figure 3.8. Ensemble distribution of the East Asiaon region-averaged precipitation,
temperature, geopotential height at 500hPa, and sea surface temperature in the 60-day
forecast initialized on January 5, 2017.
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Figure 3.9. Comparison of PCC, RMSE, and DIFF (differnce) for sea surface temperature
between the CFS analysis and the 10-member ensemble SCoPS restart files on January 1

2022.
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Figure 3.10. Ensemble distribution of the Nino3.4 index and the Nino3.4 region-averaged sea
surface temperature in the 60-day forecast initialized on January 1, 2022.
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Figure 3.11. Ensemble distribution of the East Asiaon region-averaged precipitation,
temperature, geopotential height at 500hPa, and sea surface temperature in the 60-day
forecast initialized on January 1, 2022.
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3.2. AM=x7|8 7le ML
321 712 W74 2 =3

3211 4 w73

ALAH-AAS2S) AF2 25A Fd 2o d9e T3t w1, FAd e, Ad
8 5 ARAA A gAAA ] B4R ARE AT 53 £, e, AFEF T ST
714e 8= AS F YA Fad AR e vARE, 245 A5EEH AR e
g Zo] @FHETh Y S2S FRE F7] FRE0DG AF™ ol FE Aold 924
& W (predictability gap) 7+3te.2 de* Ut} o] P = iyl 7] =1 FTEo] WmEA
agsts ¥, sl 2=6ST) & =9 W3t AdRe JFe o FEs HHHA %ot
o F4d%sol 43 Astdn.

T ATES EF SRl S25 34 U AT £ = FT AF AXY
Ak B¢ FEe AdW-t7] 2k o ﬂxl 9 SR @@ 1
o) 2175
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¥ HH F AkKoster et al, 2010, Dirmeyer et al, 2013). EY¥ FE&
S &4t evapotranspiration) & &8 A& olUA FAE =AM, ol 7| 5l A HE Gl
9F= = 53] 5w Great Plains, #3 A5l A<k ofze7t Al 5 WAz 7§
Aot (transition zone)ol Al AH-thr] AgH(and-atmosphere coupling)e]l Z3lH, o] =49
A5d Zd H JHE d3Fd EY T8 27|37 BFAo|tKSeneviratne et al, 2010).
=t < dF daATE FEAI7]Koster

9 ARsS BEY & 27137 HHl o
N
=

54 T
et al, 201D, ¥ &4 d=o F35 7S g3t thvan den Hurk et al., 2012).

3.2.1.2 APCC SCoPS AU ASA =1 7T

APCCE ofArot-EjHF Ao 7% dF Z Au=E 9] SCoPS AlddZA2~H S
93t ot SCoPS= A t7]-sfd-aiw md 7|Hto g 236719 RO o= HARE
2kslm, APCC MMEMulti-Model Ensemble)ol] &%t} /\]iEé.% ECHAMS tf~7] ==(T159
1=, ~75 km) (Roeckner et al., 2003), POP2 &l =d(1% 3sj4%=) (Smith et al 1992),
CICE4 &% »d(1% 3sj4%) (Hunke and Lipscomb 2010)% F“élﬂf’%, z7] EAERE 579
OpAFE W= ;%E} AR SCoPS A Z7] 2712 7]FFk(climatology) 7|Hto 2 HA=m,
AAZE FSolny Xﬂ%i AEE WYstA] %‘% 9 Wdgks *F"?ﬁ}b o] ‘ﬂ“‘% o &

oz

o

=AH AW x718e] FF3 FAE mHskel, APCCE 202413 %E SCoPS A28 1=3}
S AAWASAEE T Ags sHEsson, 273 3 A 4 Al A=
AgetAch $28 ZEAES Foshs 13 AlEE oln] giRE AW z7)3E HEsu

(o3 —{N'



ATHTable 3.1). CPTECE A€g Um=z 7|#EL LDAS-7|¥t SEKF A=-53t 7]H@A),
exgel AW =2A@MN), AW 4G, tr] WA o3 1y %271EMHE E&stn
ATk APCC SCoPSe= 71%-grolyt M z7Isket mprtA2 AW 27|35 A &3tA] &+
A zElo]7] e, AW dF F5s g4 FEo= P77 A8 AR 273 AEe
Q3 3ol

Table 3.1. Land surface initialization methods for soil moisture in S2S project participating
institutions. (website=https://confluence.ecmwf.int/display/S2S/Models)

_ , _ , Initialization of land surface
Institute Model Version Resolution Rfc period , ,
(soil moisture)
CPTEC  |BaM-12 ... TQI26 142 | 1999-2018 | Climatology .
Atmospheric nudging response
BoM POAMA P24 T47 117 1981-2013 _
__________________________________________________________________________________________________________ (ERA-Interim) ...
Atmospheric nudging response
IAP-CAS CAS-FGOALS2-V14 | C96 L32 1999-2018
__________________________________________________________________________________________________________ ECMWE) e
Atmospheric nudging response
CMA BCC-CPS-S25v2 T266 156 past 15 years
__________________________________________________________________________________________________________ ECMWE) o
CNRM 1. S25-8YS3 .| T309 LI37 | 1999-2024 | Realistic (ERAS) ...
0.7° x0.5°
CNR-ISAC | GLOBO 170 X 2001-2020 Realistic (GEFS)
NCEP  [CFSv2 . ....|TI26164 11999-2010 | Realistic (CFSR + GLDAS)
Ecee L. GEPS 8 ........]0257 L85 |2001-2020 | Offline forced run (ERAS)
KMa ] GloSea6-GC3.2 | N216 85 | 1993-2016 | Offline forced run (ERAS)
MA CPS3 oo [ TIB19 1100 ) 1991-2020 | Offline forced run JRA-3Q)
UKMO |Glosea6 .. |N216 L8 | 1993-2016 | Offline forced run (JRA-59)
0.9° x0.72°
HMCR RUMS 170 1991-2020 Realistic (SEKF)
v 7 I e p astZOyearsReahstlc(LDAS—basedSEKF) ......

T H42 APCC SCoPS AW ASA 2=H EF F&
=4 thd+ 141(2003-2016) hindcast 23S E3|
e AFHOE Hrlste Aotk AR HHOE AR, A AT A 2L
Bk 45 WI(HAE)), EAKF 7¥t EF 8 x73l ¢ugZ 338, APCC HPC 3749
3 T

=
4y 27 27 F4 W) B SR ovine A%4 R 30 B
=
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https://confluence.ecmwf.int/display/S2S/Models

3.2.2. Hlolg & "y

2 ATeA AR B R 27|13 A" g A
A2, EAKF 78b F3} dags g
TAREG & deMes 4 @A Tl AR AR BEES 7

3221 48 A=w #+=
32211 g3 AW Y A5 S43% A9 7|&

EYd 8 27FE AT AW BAFo=E o] b3 A AT AW BA ARE
ZAFEFA tHTable 3.2). NASA2] MERRA2: 0.5°x0.625° si4x=<¢] Catchment Land Surface
Model (CLSM) 7]®¥to & ¥g]=(Root Zone)ol| thd+t EY H£H%E[0-1, unitless]E A &3hH,
1980 @ FH ] A7zt kA FHS EAS HQAo. NCEPe CFSv2& 0.5° d1°d+=<¢] Noah
Land Surface Model (LSM) 7|¥to. 2 47)5(0-10, 10-40, 40-100, 100-200 cm)e] AZH EF
FEES A 7HEA o2 AFst. ECMWES] ERAS-Land+= 0.1% 3i/%=(¢fF 9 km)e] HTESSEL
AW md 7|HEo g 47) EFF(0-7, 7-28, 28-100, 100-289 cm)e] A& E<F SE[volumetric
3t ECMWEFS IFS¢F GLDAS®] 7-$- Hindcast
g 9L 93 #& Data latency 1FY mwhHE

()]

soil moisture, m*m=]& 1A7F Ao = A
A8 717 M9(2003-201613) 9} kA &
TH3F FR|A A 25T

of|H] H7} A3} ERAS-Land Hlo|E|S F B0 g A estdthFigure 3.12). A" ZA=
0.1° sl4 == MERRA29} ERA5-Land, CFSR HlolE Z 7} A% sid=5 7I1AH, b
A AFolA Aol AFHAS =g, oF 5¥9] #2 Data latencye} Al AIgE
tAo 2 dWsk(diurnal cycle)E ANTEE o+ do+= Hol Aok agox E-3a, MERRA29}
CFSv2E& Hlu AZgo= &g3alr] s WPl AzlstHch. CFSv2E Data latency (9F
197 71 AR 2 Aulxrt SaE ¢ Jeng, 7|3t AAe MAAd £FS

st} FEOA A 2 sk i
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Table 3.2. Comparison of global land surface reanalysis datasets for soil moisture initialization.

Name/Institut | Temporal Spatial Data , , ,
, Type and Unit of Soil Moisture
ion Coverage/Scale Scale Latency
“Unitless Soil Wetness (in
NASA 0.5° x0. | ~1 fraction)”
1980 to present / 1 hr
MERRA2 625° month | name = GWETROOT (for
______________________________________________________________________________________________________ ROOt=ZONe) )
1979 to present / 6 hr monthl “Volumetric soil water”
NCEP/NCAR | (real-time CFSv2 from | 50 km y name = soilm{1-4], unit = m’®
update B
CFSR 201 m
(CFSv2) 7 days available 0.2° xQ0. 1day vertical layers = 0, 0.1, 0.4, 1,
__________________________ (real-time) L2 M
“Volumetric soil soilwater”
ECMWF .
0.1° xO0. name = swvl[1-4], unit = m®* m>
ERA5 1950 to present / 1 hr ~5 days ,
1° vertical layers = 0, 0.07, 0.28,
Land
______________________________________________________________________________________________________ L2899 M .
“Volumetric soil soilwater”
0.07° x name = swvl[1-4], unit = m® m>
ECMWF IFS | 2016 to present / 6 hr ~5 days ,
0.07° vertical layers = 0, 0.07, 0.28,
______________________________________________________________________________________________________ L2289 M .
2 “Volumetric soil soilwater”
2000 to present / 3 hr I . .
NASA e 0.25° x .nmonths | name = SoilMoi_cm_inst, unit =
: -2
GLDAS Early Product (~2 0.25° 2 kg m
Noah vertical layers = 0, 0.1, 0.4, 1,
months) weeks )
m

a MERRA2-12d

TYLO-M3IN
selg INZ1

vow o=

Mean{bias)=1.22, Max( | bias|}=7.11 Mean(bias)=1.33, Max| | B8s|)=7.6 Mean(bias}=1.25, Max(|bias|)=6.74
(Datasdk ERAS) SHEL(NH) vs B EH(SH) (except for NA)

d NA f As SA h AF 1 o]e

- 4
[S] 5.0
2 7 N
3 2.5
o 0 00 Al

: 0
= -2
ﬁ

_a : r=-0.49
-0.50.0 05 =X 0 3: -0.5 0.0

Initial SW Diff [m]  Initial SW Diff [m]  Initial SW Diff [m]  Initial SW Diff [m]  Initial SW Diff [m] Initial SW Diff [m]

Figure 3.12. Sensitivity of initial soil wetness differences and temperature forecast bias
to initialization timing and dataset choice (January 2014 case).
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32212 EY &7 AA Aol8}t F5F& A

ol

™| Holg 32 Python 7|Ht 2aHEE st WPttt ZF volH= A2 4
EY ot v2r=E FHEH JlF B % }04 AWRE 1 m7kA o] Zolo| afFste=
B S(root zone)o. =2 F&ste] WMESIATE TS SCoPSe AW AAF} AEA 2A5E A=
2 Eof EFH(sail texture)2} Zﬁg(porosrty) AASE AHgstnzE EY F£E g9 W
HFANA AFeA HITsoF stk & E0], SCoPS= FAO Soil Texture Classification 71wk
571 %3 (Coarse, Medium-Coarse, Medium, Medium-Fine, Fine)& A+-83t#, ERA5-Land= 770
¥ (Coarse, Medium, Medium-Fine, Fine, Very Fine, Organic, Loamy)°.2 A& 3}3ttH(Figure
3.13). F9 FolHL MNE3I HZA ERA5-Land”’} FineS Fine/Very FineS & AM|E3lal
Organic EYS ¥%E ERF3IH, ¥ ®HAA7F O 4$3(0.403-0.766 vs 0.404-0.465), ==

E3¥ oA Fine B Hl&o] ERASOIA 158 =0m(15.7% vs 10.5%), Organic¥ Very fine,
Loamy E% #F7F ERASOIY B =2 E=4(4.1%, 0.5%, 0.3%)3ch= o|t}.

Fl

APCC SCoPS (Dominant: Medium, 56.7%)

Coarse (0.421)
Medium-Coarse (0.434)

Medium (0.439)

Medium-Fine (0.404)

I 14.4% Fine (0.465)
[ 105%
%‘Z;‘j Area [%]
Coarse (0.403)
Medium (0.439)

Medium-Fine (0.430)

Fine (0.520)

Very fine (0.614)
Organic (0.766)

Loamy (0.472)

Figure 3.13. Spatial distribution of soil texture classes and
corresponding porosity values in APCC SCoPS and ERA5-Land.

AL FFE AAE B A7 EQ FE @9 Ao 94 ujsasolth SCoPS
ST ES Zobler (1986) AQbe 7|Hte = AHAsIH o, F5F X &3E+= SCoPS7F 57K
o] 4k3k(0.404-0.465) .= W& R & FEEXE Hol= HhA, ERAS-Lande 77
o] ¥gH0.403-0.760) 0% TIAHE o]d REEF Ushiith Holrt & A9 HFHOrganic
B3 ozl AAES BF BT Fa Add =4 A A oSahara,
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Arabian)®] Y& FF5E(0.40-042, =), Y AH(Great Plains, F3~)e FXb
F=E(0.43-0.44), HE AY(QI= Deccan, % Loess Plateawn)? =& 3=E(0.46-0.52),

[e)
2749 549 ¢ =& F=E(Organic)o]t}.

32213 BE¥ & &9 H& AAY F=4 AF

APCC SCOPS (mean = std = 0. 367 +0.378 m)

[m]

0.0

[m]

Figure 3.14. Comparison of maximum soil water capacity
between MERRAZ2 and APCC SCoPS configurations.

ZE ol AEA 29 AA FE(volumetric soil moisture) [m® m™] FE]S SCoPS<]
T 23} Zol(soil wetness, WS) [m] = WHEstHH A3l Ho x3} FEF(maximum
water holding capacity, WSMX) [mle] #3327} & Q& thFigure 3.14). SCoPS= ©< bucket
BdE EY FES FE X3} Zoldd m @9E xHIH, olv EYFT W FEY T
Zolg Ymgth. =x3 Zolo =4 Heles 0 < WS < WSMXelw, WSMX& EYZ
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Aol x x4 &F(field capacity) .2 ALtET. d& E°] 1Im Zo] EFAA 4 8F7F0]
0.2830]W WSMX7} 0.283 mo]az, 0.200 me] WS= 70% %3} XeE olwu]sit A
SCoPS¢] WSMX +#3(Hagemann, 2006)E MERRA27} Al&3st= WSMX =2 tfA| 3Rt

= » =7}C a = rC}o
e el > TR > XF Tl
“Volumetric Soil Water (m® m3)” “Root Zone Soil Wetness Fraction” “Soil Wetness ws (m)”
0zt 10| 2 el =3
3, smixd; RZMC : GWET-min_val
RZMC = Zlleq’i:"dj" for Root Zone (0—1m) =«=s=ssssasasass » GWET = aare » GWET, 11055 = Min [(m), ] ............................ » ws = GWETynictess X Pews

B MERRA2 vs CFSV2 = Global Distribution
Pk ey 77 -
— MERRAZ
crsv2
— s

Global Distribution
— MERRA

crsv2

— ERas

% Global Distribution
— MERRA2

crsv2

0.9 3 — s

MERRA2

08

Density

(@105 601) 003 13MO

Density
o m N W s v @

00 02 04 06 08 10

b
00 02 04 06 08 10 anis

[fraction]

00 02 04 06 08
[m* m=3]

CFSV2

CFSV2 vs ERAS

(1) =%| Hel =l
(2) 3 == =l
(3) Hlol {7t A

@
0139814 SSOUI [10S BUOZ 100y

MERRA2
u
MERRA2

ERAS

(o165 Bop) un03 13m0

SsaUIM 1105

10°

23 E(poros)at Z|CH ESt &2 (h_cws) Hlu L

3 Iuae
0.00

L
Figure 3.15. Data conversion workflow for land surface initialization from reanalysis to model
data.

@] HES 39A 2 3P HcHFigure 3.15). A HA @A E el Z(root zone)oll o) 3
A& FE(Volumetric Soil Moisture) [m*m™1& 1m Z o742 &3tk MERRA2E= ©]u] Root
Zone Soil wetness (GWEDE= WS AFsty] wfEod Id=E AREIH. F |4 @A d =
Azt 159 FFES o] Root Zone Soil Wetness Fraction (GWET) [0-11¢] e =
Aarststy, B84 ouls & 8 &% vl @A & vlgolth mA Y dAl= WSMX
(= AewE GWETON Fshe] =& 23} zol= Wi,
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SR S288]2R 2288|2833 SESSSS SRS8R2 2283323233882 8888 ks8R args
VeSSt aobLauoc gl i U O 3% DO 3% UL O 23 OO k 5 OUC O L 2EOEC 0L 2MUE O S >
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GL, NA, AS, EA, OC, ER: ERAS =~ CFSv2 GL to EU: MERRA2 < CFSv2 pr o= iz s} skl & =
> NAASEROG S=E(poros)I} £|CH =3} &2ZHh,,) BF 2 X
ME, AF: ERAS5 < CFSv2; SA, EU: ERAS > CFSv2 0OC: MERRA2 =~ CFSv2

Figure 3.16. Time series comparison of area-weighted global mean soil wetness by region for
validation of soil moisture unit conversion across datasets (MERRA2, ERA5, CFSv2).

SAE W3 Ao oiF HIFES s F BE vln, AT HFE AAE, AY
< E3 S35t Figure 3.162 2013d 12€ 1¥9HE 20143 5¢€ 1¢471A 470€¥
4ot HE G9ol g AAFT L Fo tFo] tF FF AALE ¥udch o
55 9% 02-04, Ax AY < 025 Ye¥, H3d dHdA= T9=% 0.3-04 m,
Az A9 <030 m (359 A% 015 m #wHE F B8 A% r = 0988 SASAT
2013 129-2014d 59 AlAFolA ERASS] 7% X 0332 £ 0.068 m* m”, H3 T=
0.235 + 0.052 mz W3 w¥LL o 0.710]9, o] /37 &4 ¥ 0.439/0.283 =
1.559] A9} fFAlstTh

1
e Ak

rr
oK
o

Wg oo B glozE HolE 3t BEY EF BUXG vs 7 EF Ao|=
A3 Wiy wEA), FIE FF %;@@ MERRA2 WSMX &g =3t 12 27]3)
% RMSE7} 0.003 mz 7+Aste]l W3 AA7 adzoz A53S st

3.222 =713 &agE 74

3.2.2.2.1 EAKF ¥¥ ¢ A7 ¢} SCoPS & &
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“Sequential to Batch Submission”

”Before" input total_runday (e.g., 12=31Y) ”After” input expname="&%& 0|5”
h 4

1Y x| & EE 5 x| start_date="2016-01-02"

end_date="2016-02-01"
cpl_time_in_sec=21600 or 86400
¢ ¢ cycle_time_in_sec=86400
SN 2B g -

forecast_days=60 if forecast_flag=T

‘ RUN_EAKF.sh

IS

v
ensem254/EAKF_01

Batch
ensem254/EAKF_02 submission

Workers #1..n

Worker0fl 22 £~34
7l seh(x718H0%)

Sequential

o ensem254/EAKF_03
submission =

ensem254/EAKF_04

ensem254/EAKF_05 - Date+=1-day
A

A

date command
If only forecast_flag=T use
Rl e grngain m Every o ‘
Every Wed?

S73 EMOollM T AIZS}7|

s Tz w Workers #1..n
ﬂl:l-lg t*l‘ Tgol ﬂ' Yes | 50% 0I[§ *Call Fortran program

Alzto] ol Za.

EEZ 058 2 ¥
238EJtEast

update_land=T|F

. update_ws=T|F
‘ Post-processmg ‘ m update_sn=T|F

land_source="era5 | merra2 | cfsr”

Figure 3.17. Schematic diagram of the APCC Subseasonal-to-Seasonal (S2S) Prediction System.

EY & F3lo] EAKF ZHE A &stithFigure 3.17). EAKF= 4AE 7|6k 2w
HY dFo =2, I A5 29 g 7t #ol& GFE TEA FF2RE &35t =d A
H o Hagtoi(Anderson et al., 2001). ZTF Q] 7J4lae B = vl A + K X (F=
- WA Aol H,

Kalman gain: K= a?/(ozf +d),
oe WA 23k b 44, 2 #F oA B4k gHolrh EAKFO dE HIE WA
T4t 3

=
2
FoaE A tidl N 3E 9 3 xR FE4kS 46, 1% 4 EnkKFe #=
random perturbation ™Al UGAE HFF} spreadE deterministicdtA At #Z A 0]
£33 93} sampling error7} 7HAstE &Aool gt

SCoPS Hgellxl e WEs EF FREUMS AHOE gz v AxdE 59
A3t #= WEE ERAS-Land EY FES AAEE 1 o 1 @gsid, 3= Adxs=
e @eet FFo] TSt Mol BT EY FEY #F A+ ERAS-Land
44 71 001 mz AR Y. wiE eAbs YL spreads FH AT

Localization® Adaptive Inflations &3t 45 spread #4& F4 EAE &
SAZE AE YAE ZU|2 Q3 sampling errorE $335tr] 98] Gaspari-Cohn(1999)
localization 5 2835, &3 I ¥4 500 kmZ HAHSIALE ol BEY FE T
3 A7t 9 kmo]=Z(Koster et al, 2004) tE 72 Y-S v#H3E YA spurious
correlationg #| A3tk Localization &3= 28 Al FHF oz winde HHS et
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e

T3k Adaptive inflation Zz+ 47

HH

il
o,
4
o
ft
e
An)
e
ol
z
o
-‘ {
o
ol
ol
it

A= 2y x\Jd/ (o} +a))

de #=3 w44 =}o], A = initial inflation factor2 1.052 AF&3ch 22 M= 1.0004
1.5A}0] 2 A 33T},

EY FR 273E 9= AZLDO-day) oF 10-129 AREH 1¥ FUE 273
AaZEZ+E e =383t} SCoPS¢l hindcast €4+ 1, 5, 10, 15, 20, 25¥ o] A EFo] Q7]
uj 7

= F 2k A 2713 7105 10904 129 & zpol7t EAgY. 27]317}
A= o & WHE HEsta, A3t @59 ERAS-Land A& &
T vtE Azt aelE My tirl/e g 27 20 71 AA AR wd A
=4 +2 00 UTC7HA] 19 AH&E& ¥kEsit 8 AHo=E
ERAS-Land 3&ld % Ax E227|, Inflation H&(ZHHE spread &3), EAKF

AHlolE), &2 Ak &0 = WS = WSMX
He A, B4 AFS SAUZ F3%th Day 0D-day, 9 AlZY)e] =W HF EY

IR =)

TFE BEXAS SCoPS 7] 2702 HAsIY 60Y o= 3Pt}

2718 38 JAFE 8 JFAHE FH BESIEY. 4 AE= AATF HHF RMSE vs
ERA5-Land(el: 23 0.01 m ©]a}, AA] Day -1 0.003 m Z4)), Increment 4] 7-uj) 74 &
%7] 0.05-0.10 m & 24, H#F <001 m vA 24), 3 FIAF(EFE > 0995 £33}
5 7]¥& RMSE < 0.006 m¢} spread = 0.01-0.02 m, increment < 0.01 mZ 14 3¢9 7]+
T Al 27 FTE TS, AAEE BAE FEE 8] 10€dA 1290 HA 73
Ap-&-3ttt,

3.22.2.3 HPC 8¥ HH3ot &4 £4

EAKF 7%t 2713} 2@ SCoPS d=< 93 =g &L A4k ofzolmg APCC HPColA
MPI ®E3E S5t HPC= 1037 =&, =9 CPU+= Intel Xeon X5690
Z 2 A M (@3.47GHz, 6 cores)”} 27H(F, == 12 cores), W X2 32 GB, Lustre parallel
filesysteme ztF31 Ut} AZEQo] 3742 CentOS 6.0 8=, PGl 11.10, openmpi 1.4.4,
NetCDF 4.2.1& AF&-3it}

AgtE HPCeo o} thkst dq] Ajdo]l EAlE &AddA &2 HPC &85 93,

il
ol
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o & uiAste g2 JFPdEHe FES HAg stu ¥E 284S Fugstast
A(E, Parallel Efficiency) [%]& #4135 . Al RA(POP2)9t W R H(CICE4D
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)% 100,

G T2 FZojg 2070 ColA el AQAHE)S ovstH, G2 3070, 4070, 487H, 6074,
807N, 12070, 240N 7M A2 A3, T2 G, AAY 28 AHE)S 9v|goh

7zt Z3Fuith 303 o) dg HbESle] 1Y HE Zad HF QA0 ¥E g848
AR Ay 20001 ZA9)= o 108(100%), 3070= 6.5%(102%), 4070= 5.3%(97%),
BN 4.8793%), 607/= 48@87%), 80/ 3.18B83%), 1207= 2.38(70%), 24071+
1.98(48%)2 yYelictkFigure 3.18). ¥ &84 Speed-updt Fol 4 H| & HIEE
A= 7] wjEel, &&A4do] 80-100% TXF Wl Xt HA F3H2 40-807H(E &
83-97%, A4 AIZE 3-5&)°lth. 807 ol FellA &E&Ado]l FFHEA W= F7t od)stH,
4078 mIREE AL AlZEo] Bt AP Foll FA e Hel
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Figure 3.18. Parallel efficiency [%] and computational
time [min] as a function of ECHAM5 core allocation.
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FolE &83l¥th hindcast AES Y3 AAH o E 407) ZoJ(F 547 ZoDE 11Y =713+ A
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of 58E(d &2, HE a8 dEstal, &8ss = 4l otz A Aot

3223 43 A4 9 F7} Uy
3.2.2.3.1 Hindcast & Forecast 43&d T4

Hindcast 4#(2003-2016) %713} &3tel FAA #o4d #H7h 2 75y =
sobe ZAHo2 @y AF e 2003201610 1497 BuT o BH(U-8Y) PFolH, A
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1 e dloihs AR Tble 39, A% ATE QYN 24 Fhe 1YY F2Y
16-30¢, 31-45¢, 46-60¥ it} 2+ AF-2 571

N

Table 3.3. Summer (JJA) hindcast configuration (2003-2016) with start dates and analysis lead
times for the Northern Hemisphere.

2 = E}Q) z7] A2 &x (8 start dates)
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e S S e
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A=, 3k SCoPS POP initial data, X™: 7]3%gk 7|4k €9 d) LAND 4
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TFX), Autocorrelation (7] 3|¥l X4 7)), Zero-crossing time (“43A<S=7F 00]
s

& Aga

i

K

)

AW-t7] 2% ZF= HrF AEE 93 A EZ= Terrestrial Coupling Index (TCI Ly,
Atmospheric Coupling Index (ACI, f.0, Two-legged total coupling(s+ A &2 ¥ EE [yos
ARES A3 AFAAE ACE R3E9] Xofl A #7]1-(T2m), 75 (Precip), 7474] 15 59
ARg-3cH(Dirmeyer, 2011; Day et al, 2025). ¥ Ao+ ACI AEZ Xo| T2mS Y35t
Iy rome AHEBFEATH

TCL Igp = 0(LH) p(SM, LH)

ACL: ]SMX: G(EP(SMLH) p<LH Xv)

% Wrbe AAASLR? = 1 - SSESST, SSEE 34 A7 SSTE & W,
2 A9y £3), AR(AZ AAE, AR® = Riaw - Rom, FFE

Q}i}), ACC(Anomaly Correlation Coefficient, 8d #H=x} 7|& FHATE A-Q F7] AA &3,
o: Riap)E AHE-3HT .

%718 &3 H7tE 93 712 54 A Fol+= RMSERoot Mean Square Error, 2H&4=
), Blas(B+ Hzah, e AE7E o5 FA&BD, 1 ARASFC HY -1-,

AA o3 HFAL Bootstrap Method(10003] #3223 resampling with replacement,
95% AT A4, p0.05 BAAH F2), Student’s t-test(LAND vs CTRL Ho =Fo] ZHA),
F-test(Z4F vl Ao = o5 E34AAE W3 H7pE s3h3oh

32233 ¥4 ¥9 Aot 43 7+

2 AFdA A AF 9L E5S AYT AA §A F9@HE 60° S-90° N)=
ojm g}, Hotspot A QS ml=+ F=A]% 2 (Central United States, Great Plains %41, WbA =z
71%3)¢k 4% fH(Southeastern Europe, it e~Z& HR, Bzt & A7) wmg])olch
AR 7S A AFolA AH-t7] JO 73k A 9(Koster et al., 2004; Seneviratne et
al, 2010), EoF FE WHEAo & AY 3 a7 & AoE ogaEE AYo|th 7E
A F92 NANorth America &1 24 A, EUEurope 3 ZA), AS(Asia o}Alo} A A),
Monsoon regions(-go}Alo} Folalol Aolxzg]yl B X Y) Foltf. BE WA H#LS cosine
weighting< 2] 83} 9T}

]
=
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3.2.3 A3
323.1 278} &3 BA

32311 E¥ &89 4

A

3

Al

A

EAKF 7|dt B¢ 8 27|85 53 I &35 AFHoz2 Hrstr] {8, dA x7]st
17H10-12)el =5 A4 5o SCoPS =del E 483 ERAS-Land A&E4A A5 zHe
3z EA4S &4 thFigure 3.19). 4, 2713 AFJLAND)Y tizx A F(CTRLS Wl sho
EAKF &18]&9 =7|3} AeS HAEsI¥TE LAND AdoA EJ FE2 RMSE= %73}
A& A1- 9] 0.292 m® mPelA 5¢ ZF 0.002 m® mPE A3k 99.3%9] ML B tHTable
3.4). CTRL& A 7|3t Z* ERAS-Land ti¥] BiasE L#=A FA3H, F 0.12 me wet
bias7} A< WslA L=t}

Ll

N
Dol

A

Start date & 7| A|&F
04-15 05-01 05-15 06-01 06-15 07-01 07-15 08-01

0.46 -
H X ERE (SR
Wet bj
a
0.44 2 : S {~0_12 m)
Eemlenl. K CTRL
' | :‘ ’ [SSocesny
0.42 4| 1. . . : ‘ “
" =178  |176 | | . o i |
‘ | =176 | | P,
E | | | =174 { !
— 0.4017 3 =1.76 ‘ : _‘
ﬂ ‘. | ] | I =176 |
£ R ' l | | =176 | =176
g | ‘ { | |
2 0384 ‘. | | |
=t ‘ I‘ A 7 | | Y
a | AR [ ‘
© 0.36 | ! 1 | |
@ .
= ¢
5.0 |
S 0344 & 4 ;
(G | RMSE¥ : ¢
b 98.8% 9§ 989% 3% go0% |
3 X | 99.1% |
032 fooeiis  cwmomii  sosscooun o \ 98.9% | b
ERAS ool b 991% |
S .29 b
0.30 M amﬁi‘.? 2% §'¥,‘ —
(t: e-folding time TE & 5)

0.28 1T 1 T 1T 1T T T 1
-10 0 -11 0 —10 0 -12 0 -10 0 -11 0 -10 0 -12 0

Days to D-day £7|2} 7| ZF

Figure 3.19. Time series of global mean soil wetness [m] during each
initialization period for ERAS5 (black), LAND (orange), and CTRL (blue)
experiments, respectively. RMSE is calculated between model and ERAS.
Exponential decay fitting shows e-folding time of approximately 1.74-1.78
days for LAND experiment. Shaded areas represent +1 standard deviation
across 14 periods.
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Table 3.4. Statistics of RMSE reduction [%] and spatial correlation improvement (LAND minus
CTRL) between model and ERA5 during the initialization period for the Global, Central
United State (CUS), and Southeastern Europe (SEE) region.

o A5 %7] RMSE | % RMSE | RMSE | 27] HZ(D-day) | FHA S

B U mm® (mm® | gas | AEAS [ ABAS | AA

A AT

CTRL | 0.292 0.293 -0.2% |0.290 0.280 -0.010
(Global)
A AT 0.292 0.002 99.3% | 0.290 1.000 0.710

. . O/ . . +U.

(Global)
EE
FA R LAND | 0.371 0.002 99.5% | - - -
(Cus)
=0 7
Bo e 0.173 0.001 99.4% | - - -
(SEE)

ol EAKF 719t 2737} =l 4389 wid 22 384 Efx o &8st AW
4 A8E AE3 FaEt AFS vk wid CTRL A3 2718} 7]3F &< RMSEZH
0292 m® m? F£&& A5 A WA LUTH-0.2%). AF T4 A I(exponential
fitting) A3, LAND A3 <] e-folding time2 ¢F 8-9¢ = yeh} 27]8} 7|3t div] HH3 +4

£52 Byt A9E 24 Ay, FE 0FHCUF FEHFHGERAA =% gzl
z7]87F o] 2otk CUS Ao RMSE: 0.371 m3 m’® oA 0.002 m’ /m® & 99.5%
st om, SEE A9 0.173 m® /m® o)A 0.001 m* /m® & 99.4% 7+A35¥HTable 1).
CUS Aol %7] RMSEZ B 2 e #lg AYe B¢ 8 Iz WEde A3, =l
71$3-3 #S5 0o x7] "@xry 7] wZolth. 3t AHAs EHdAR FARRE 23E
skelstA o

Figure 3.202 %713} 19439} o= AlZL(D-day)e] AAT EY FE BEIXE HoFr,

By BAoa LAND A3 %78 19 ZHE ERA5Y Z3F €

A&tk LAND 3ol ERA5-Landsele] &7t A4

o gt i
10002 FdHo], mdo]l #ZF zAre I dHES dHeA Adsdo. wd, CTRL
Age 278 J1k U 2@ 34 Vs Ade fAsd B2 PR Aolg
9l ]

Bt CTRL A€9 A#AA4= 0.280-0.290 S FAStY %713 Qo= #= HEHS
AdstA XEs RAFUY CTRL 4382 27|3E A EstA FRor= 2 ERASS d#d
a1 El Aol & HolW, 53] Hu] FAFe} Fdofrol AFoA wet bias7t FE#ZITH
2 %718} 1€ A} o]n] gk /fAS Ho|H, D-dayoll= ERAS9} Ael T 4

= 37 B2 E Jehdth ¥ 1389 inset PDF 3= LAND7} ERA59 EAA EA7}R
AdgS HAEt 53 EF FE Furt & FHAEd 9= o] Ho|di(transition
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Figure 3.20. Spatial distribution of soil moisture at (left) Day 1 of initialization period and
(right) D-day (end of initialization period) for (top) ERA5, (middle) CTRL, and (bottom)
LAND-CTRL. Spatial correlation coefficients are indicated in panel. All values averaged over
112 samples.

Figure 3.212 870 A& @#¥ MR Hd ESF S difference mape| temporal
evolutiong HoJZ&Eth LANDE A WA 53 Alo]lF AHAFE x1o]E Holw(bias=2F -0.04 m), A
A7 WF RMSE7} 0.297 mel A 0190 m= Zraste] © 312 whol 32-36%9 @3} gAE
243t ol EAKFO A& 34 727 a4 o=r A5 ARE Ed AAH HEo
Aughs ofugth. AA 10-129 2713} A& A HF A2 @ BAgle]l dAEHA 0.12
m 7}&Fe] wet bias7F ZAade g3t
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Figure 3.21. Spatial distribution of soil moisture difference between LAND and CTRL
experiments from Day 1 of initialization period to the end of initialization period for each
start date, respectively.
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AFgHozZ vn BEAMATE 53 2V|std EY FE #HAs} & V) BEY FE 9
217124 A S=(autocorrelation) & #4]3ke] e-folding time (FRAGF7T 1/eE2 Zadts Alhoz
HEgE AEFstetdth. ole WEY AL 7|3 54 AIZF f E(characteristic timescale)&
[Sa=Ril=

100 SM Memory Evolution LAND SM Memory Length (mean = std = 32. 982 + 14 603)
0.95 +
5 0.90 -
£
B
L o.85
—_
o
O
© 0.80
=
3
& 0759 — CTRL mean
CTRL %1 std O DIFF > 1std
0.70 9= LAND mean X DIFF < -1 std
LAND *1 std (1 std = 6.4 days)
0.65 T T T T T 1
10 200 30 40 50 60 s —— |
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Figure 3.22. Soil moisture memory comaprision between LAND and CTRL experiments. (left)
Time series of persistence of soil moisture memory [days] (autocorrelation) across 112
samples. (right) Spatial distribution of LAND soil moisture memory length (shadings) [days]
with difference between LAND and CTRL experiments (markers mostly over = 1.0 standard
devation).

Figure 3.229] wl®g R3lE= %7] AH(D-day)et ©o)F f=Erd 1-60¥8 Fore] I3t
A+ ¥ A 4=(spatial  correlation) W3S Eoﬁ Pl om, FBASFT =242 %27 FEHo)
FAHE JSS 9udt. CTRL AFS Day 10914 r = 09602 Ao %7 AH FAZ

et ™, Day 20014 r = 0.94, Day 3001]/\1 r = 0.91, Day 404 r = 0.88, Day 5094 r =
0.865, Day 604 r = 0.852 HZIZQl &3 S HAd 60¥ ¢ %7 a4
FAT7E 0.85 ol de FAS ARt MR A&EHE vdEhE, 53 A5 309 sd2 1O
092 =7] 1o 79 a2 FAH Ut

Age dA3 bE 5L HRAth Day 1094 r = ~0.92 CTRLET}H 0.05
o] ¥ 7] A#ES YehdH, Day 20914 r = 0.84, Day 30914 r = 0.8, Day 5004 r =
0.75, Day 60°]4 r = 0.722 60¥ &< 0.72-0.999 WHLE HolH, 20d o]HE= CITRLHY
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B YohFigure 3.22). 9= & WHEE0-50° N)= diAlZ 30-50¥ 2] 71 wWrgE HQl uHbd,
o A9 20-30€ 9 A or 2 wWEE et ol
H

=AM Eo Zlo] o BHIA gom HuyE AHoF JoAardich

o ST

LAND®} CTRL A3 7t wWx2g zole A AYoA uj¢ Zdth. LAND Ao dAAF
B EY T vEYE 39.1+15592 Yepron, CTRL 23(39.3£15.7¢)3 A9 Akol”
AAcHTable 3.5). A AFFRoZ o= -0.2¢, CUSE +0.99, SEEE= -0.6¥9% =% 1Y
oligith. F A It Aol= BH 0.2-09¥ =, ol EY FE V|7 Wz At 75

iu}

-

—

AAE WHAAA @; 27 He AHEWS AN ok wWmee] Fpd
BEAACE o 15-1692 2 A ANY JF, EF 5, A4 xolst vl 3w
G UAL WIUT EI, o= EY FE vmgst mde B HYEUA, E
e, Au-vjy] mEhel o) 2YSE WAY SHelv, 28E oldd Fely vrg
AR FEE WEHAANA @S BelFr)

Table 3.5. Soil moisture memory characteristics (e-folding time) for LAND and CTRL
experiments. Values represent the time scale at which autocorrelation of initial soil
moisture anomalies decays to 1/e (~0.37), averaged across all forecast initialization dates
(n=112).

A4 LAND w®22] () CTRL w =2 (&) 2to] (2)
ZANR 39.1 £ 155 39.3 £ 15.7 -0.2
CUS 29.9 £ 55 29.0 = 5.7 +0.9
SEE 29.2 £ 45 29.8 = 5.0 -0.6

Note: Standard deviations represent spatial variability within each region. CUS = Central
United States (25-50° N, 235-260° E), SEE = Southeast Europe (35-50° N, 15-35° E).

< v =(CUS)H Eur1"’T*?§1(SEE) T 78 BY A9 fARR Ry SA4e B CUS

«] HEH= 29.9 5°‘, EE A o& 29.2+45¢ =, °of 30¥9 WmgE 7HAH F3t

A= Aolthell HAst] B o] Ad-t7] F24E<

chiﬂolﬁ} ols Ao wWEyr} AATF HFQIDEH Hi
=

Pﬂ i
O{N

e T4 A2 3 EY e ud WEr E=7]
Eolth. I3y 30¢9 wEE o3 subseasonal QF-271€) dFol FES A
RO, 27] EYG & AEIL I 2 ol S VAT Aee AARIH

ety B i 27|13 mae mug AAE dAst= Aol okyzl, AR 27
dH Ase & mEd 7% 50}9] 04]5 AERE HAOZ Z&st= d Ao ol He
AdoA £4sts A% 4= B A5 45 A AxFos Jdddn.
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3233 AA-t7] A% FE B4

%)

Aol A3 AQLFE EYG F& 27l 2do] tir] HH wA= FFo] AW, wheEbA
27189 d= A% =7t =u. AW-tr] 2¢e ©oFd pathway (o EF FE,
AENL, A5, v, AAS 15 B AT 4 JdkDay et al, 2025). EF o] XA

=
92 9 7] | vA e dFS BEFsIer] &, AW A A5(Terrestrial Coupling
Index, s 7] A% A4=(Atmospheric Coupling Index, Isyrm) S AAHSFAT vrom AFE
dd Bl - 729 AA BEE X, ES T 2717 72
g s veEbdT olE Age 44 EY Y 92 1t
=g

A
-7 b ARdAE vehdY, 2% WAYSEe] A

16-30¥ ZZekdolA HAAF HaF AW A A= CTRL 2 &Fo] 56 W m™
LAND A¢o] 44 W m™2 e} LAND Agol A 21% 7AsgtiTable 3.6). o1& [+
Bael fdae F2 AU B obdd A QoA 27| QI EY o ATETE St
& Al ZHmoisture limitation)e ¢3tAIZ 7] W& o= 84 - th(Figure 3.23).
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Table 3.6. Land-atmosphere coupling strength for different lead periods.

Terrestrial

coupling index (swin) represents correlation between soil moisture and latent heat flux.

Atmospheric coupling index (syrom) represents correlation between soil moisture and

2-meter temperature. Values are averaged over 14-day windows centered at each lead

period.

2= el Isven [$9$): W m™] Isvom [ K]
e

(days) CTRL LAND CTRL LAND

16-30 5.6 44 (-21%) | 0.129 0.098 (-24%)
R+

31-45 5.0 44 (-11%) | 0.120 0.100 (-17%)
(Global)

46-60 48 4.4 (-8%) 0.112 0.094 (-16%)

16-30 8.5 12.4 (+46%) | 0.243 0.455 (+87%)
o Z=x]H

A P 8.1 12.6 (+56%) | 0.244 0.485 (+99%)

(CUs)

46-60 7.9 12.3 (+56%) | 0.224 0.449 (+101%)

Note: Percentage changes are calculated as (LAND-CTRL)/CTRL X 100%. Positive
values indicate coupling strengthening, negative values indicate weakening. CUS =
Central United States (25-50° N, 235-260° E).
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CTRL /sy 11 16-30 days (mean + std = 6.22 + 6.87 W m~2)

Terrestrial Coupling Index Isy, 11 [W m~—2]

-20 -16 -12 -8 -4 0 4 8 12 16 20

Figure 3.23. Spatial distribution of land-atmosphere coupling strength for
16-30 day lead period. (top) Terrestrial coupling index (s W m™) for
CTRL experiment. (bottom) Same for LAND experiment showing
enhanced coupling over mid-latitude continental regions.

7] A A (Gowmm) SA FAH A4S Holw, A o] CTRL 0.129 Kol A
LAND 0.098 K& 24% Zr&stach A A FRAAe o33 Zias B Fi %2737}
AGHER itE G vAH, 43 wAYUFe] e A Fgxs A Yo FEFS
A AFghet,

ol

g EEldo] =71 wet AX T Hd A AEe AXFHoRE ZAASHT AW A
2= 31-4599) CTRL 5.0 W m™ LAND 50 W m?Z, 46-60¥o]= CTRL 4.8 50 W m?™
LAND 4.4 5.0 W m?2 7Z+43la], LAND 2 &8e] ¥3gFo] tha ¢kslxls AL BT}

AAT B3 hxFo g, m= FAR(CUS) AYoixs= LAND d3o] A%t A5E =4
Z7MA AT 16-30¥€ FZErdeld AW A A= CTRL 85 W m?elA LAND 124 W
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EY FE 277 AA o= Ao vAe dFe AgHom Huishr] 98,
2003-2016d hindcast 7]7tell gk LAND @ CTRL 23 A3ES ERA5 A8 A3} vlmsly]
71 B A 2 AREE ZAsYTh d2 A5 ZAATRIZE s, LANDSH
CTRL A3 zte] zo]E B3 =713ke = & JeFstsidth. B4 713te o= glz=Ey
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Table 3.7. Forecast skill (R®) for 2-meter temperature prediction at different lead periods.
Skill is calculated against ERAS reanalysis using anomaly correlation over all 112 hindcast
cases (2003-2016 JJA season). Statistical significance is assessed using bootstrap method
(n=1000, p < 0.05).

= el
2 (@) CTRL R? LAND R? AR? WA (%)

=

16-30 0.126 0.158 +0.013* +10.0
AT

31-45 0.082 0.133 +0.010% +12.7
(Global)

46-60 0.089 0.072 +0.001 +1.4

16-30 0.230 0.300 +0.035% +15.3
e
ZH B 31-45 0.135 0.162 +0.004 +3.2
CUS
R 46-60 0.217 0.255 +0.026* +11.8

16-30 0.127 0.310 +0.077* +60.4
Y o7
R ) T 0.094 0.102 -0.001 13
(SEE)

46-60 0.017 0.078 +0.007 +44.5

Asterisk indicates statistically significant improvement (p < 0.05). CUS = Central United
States (25-50° N, 235-260° E), SEE = Southeast Europe (35-50° N, 15-35° E).
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Figure 3.24. Spatial distribution of forecast skill for 16-30 day lead period. (left)
temperature skill difference (LAND minus CTRL). (right) Same for precipitation skill
difference.  Stippling indicates statistical significance (p<0.05, bootstrap test with 1000

iterations). Statistical significance indicated robust improvements in regions with strong
land-atmosphere coupling.
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Figure 3.25. Schematic of the initialization procedure for the SCoPS

system.
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Figure 3.26. Workflow of the daily ENKF-based initialization for
atmospheric and oceanic fields.
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Figure 3.28. Vertical distribution of (left) temperature and (right) salinity differences
between OPER and ONCR experiments at four depth levels (5m, 96m, 190m, and
380m).
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Figure 3.30. Lead-time evolution (1-100 days) of the OCNR - OPER differences in (top)
near-surface air temperature, and (bottom) 850 hPa specific humidity for the (left) eastern
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Figure 3.32. Comparison of ocean surface and subsurface temperature initial condition on May
1 for the vyears 2017-2021. (left) GODAS-based temperature, (middle) OPER-drived
temperature, and (right) difference between OPER and ATMR experiments.
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Figure 3.34. Spatial distribution of the RMSE difference rate between the
two experiments for six atmospheric variables initial condition for 2017-2021
May. Colors indicate improvement (blue) or degradation (red) in ATMR
experiment relative to the OPER experiment.
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Figure 3.35. Spatial distribution of the RMSE difference rate between the
two experiments for six atmospheric variables initial condition for 2017-2021
November. Colors indicate improvement (blue) or degradation (red) in ATMR
experiment relative to the OPER experiment.
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Figure 3.36. Hovmoller diagrams of equatorial Pacific sea
surface temperature(SST) for (left) observation(OBS), (middle)
the OPER - OBS, and (right) the EXPR - OPER difference. The
panels show the longitude-time evolution of SST along the
equator from January(bottom) to December(top).
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Figure 3.37. Evolution of ocean and atmospheric
temperature difference between OPER and ATMR
experiments as a function of lead time (1-100 days). (top)
Subsurface temperature represents at 3m (black), 96 m
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ensemble mean and gray lines for each individual
experiment.
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Figure 3.38. Spatial distribution of the change in T2M
RMSE difference rate (dRMSE) for the ATMR
experiment. Negative values indicate reduced errors
relative to the OPER experiment, whereas positive
values denote increased errors.
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Figure 3.39. Vertical profiles of experiments - observation differences for
(left) temperature and (right) zonal wind over the East Asia region at
16-30 day lead time. Black, blue, and red lines represent the OPER,
OCNR, ATMR experiment, respectively.
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Figure 3.40. Comparison of precipitation distribution and biases over East Asia.
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Figure 3.41. Vertical humidity distribution and local Hadley circulation over the wesern
Pacific-East Asia region for (top) Observed humidity (shading) and meridional-vertical
circulation (vectors), (bottom-left) OPER experiment, and (bottom-right) difference between
ATMR and OPER.
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Figure 3.42. Improvement rates of forecast skill in the ATMR experiment relative to the
OPER experiment for 1-15 days, 16-30 days lead time and Global, Tropics, and East Asia
regions. Positive values indicate an enhancement in forecast performance, while negative
values represent degradation.
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Figure 3.43. Sea surface temperature distribution over the
North Atlantic region. (left) Difference between the OPER
and observation. (right) Difference between the ATMR and
OPER experiments.
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Figure 3.44. Sea surface temperature distribution over the East Asian coastal
region. (left) Difference between the OPER and observation. (right) Difference
between the ATMR and OPER experiments.
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Figure 3.45. 2m temperature difference distribution (left) between the OPER and
observation, and (right) between the ATMR and OPER experiments.
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Figure 3.46. Surface precipitation difference distribution (left) between the OPER and
observation, and (right) between the ATMR and OPER experiments.
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Figure 3.47. Comparison of the (left) seasonal evolution and (right) its biases of East
Asian summer monsoon precipitation. Latitude-time sections of precipitation (mm/day)
from observation, OPER, and ATMR(EXPR) experiments during May-August.
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Figure 3.48. Comparison of Walker circulation and upper-level divergence fields for (left)
1-15 day mean and (right) JJA mean.
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Figure 3.49. Vertical profiles of experiments - observation
temperature differences over the (left) global and (right) East
Asia region at JJA lead time. Black, blue, and red lines
represent the OPER, OCNR, ATMR experiment, respectively.
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Figure 3.50. Improvement rates of forecast skill in the ATMR experiment relative to the
OPER experiment for JJA, DJF lead time and Global, Tropics, and East Asia regions. Positive
values indicate an enhancement in forecast performance, while negative values represent
degradation.
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Figure 3.51. Distribution of root-mean-square error(RMSE) of 2m temperature at a 1 day lead
time from (left) OPER and (right) ATMR experiments.
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