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ABSTRACT

This work was motived by the need for the development of an integrated system
from finding new contents for providing seasonal forecast information to the
development of a prediction method, as well as to the operation and construction
of a prediction system. Considering the current monthly availability of APCC data,
its internal capability and difference from other operational centers, four contents
were potentially selected from analysis of the current status of leading centers that
provide multi-model ensemble (MME) seasonal forecasts and comprehensive
reviews of previous researches. The selected contents are ENSO type (or phase)
and strength (or intensity), global drought, East Asia Winter Monsoon (EAWM), and
climate extremes. The purpose of the first-year research, which was proposed as
a multi-year project, is to evaluate the predictability and the prediction skill of the
selected contents and the possibility of developing it into a climate service at the
APCC.

We first developed a probabilistic MME prediction system (PMME) for ENSO type
and strength forecasts, based on an uncalibrated multi-model ensemble with equal
model weights, and a parametric Gaussian fitting method, which is the most
appropriate for use in an operational prediction system. Then, we examined the
skill of probabilistic forecasts for ENSO type and strength from individual models
and from the MME with a large set of retrospective (1982-2010) and real-time
forecasts (2013-2016). The results indicate that the developed PMME prediction
system is capable of providing more detailed probabilistic forecasts of ENSO type

and strength than are typically provided. Furthermore, the possible causes of the



failure and success of the model calibration and combination methods in a real-time
basis and many operational issues when developing/improving the prediction system
are also discussed.

A MME-based global drought prediction system has been developed as a prototype
for the period of 1983-2005 and its prediction skill has been evaluated. The
model-simulated precipitation can be calibrated based on the mean bias that
performs better than the mean/variance correction. Six-month Standardized
Prediction Index (SPI6) prediction shows high skills due to its auto—correlation and
robust skills compared to that of persistent run. Categorical forecast skills for the
occurrence, intensity, and spatial extent of drought events show that the SPI
prediction of bias calibrated MME precipitation has the best performance. The
well-designed and well-validated drought prediction system can be further
developed for real operational practice.

By analyzing the characteristics of the existing EAWM indices, we present the
EAWM index, which is representative of winter temperature fluctuations in East
Asia. Using this index, we developed a dynamic — statistical hybrid prediction model
and tried to provide reliable winter season prediction information. This hybrid model
shows a reasonable skill of 0.6 or higher, which significantly improves the
inter-model difference and represents the same EAWM phase for most years.
Moreover, it shows consistently significant skill in all individual models, and is
maintained with a lead time of four months. Therefore, it is expected that reliable
seasonal forecast of EAWM can be produced.

Finally, we examine the skill of probabilistic forecasts for climate extremes during
the period 1982-2005, defined by the upper and lower 15th percentile of a
climatological distribution, from individual models and the MME in both deterministic
and probabilistic sense. Our results reveal several significant issues. Firstly, the

superiority of the multi-model concept is more clearly evidenced in a probabilistic



framework. Secondly, a parametric Gaussian fitting method along with a pooling
approach is the most appropriate way to estimate forecast probability and to combine
predictions of individual models for global climate extremes. Thirdly, the current
systems can predict extreme temperatures, but the predictability of extreme
precipitations on seasonal scales is still limited. Additionally, sensitivity experiments
on different percentiles (10/15/20%) are discussed.
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prediction for SPI6 for the domain of (a) globe and (b) North American Continent.
TCC skill denotes the area—averaged over the domain and PCC skill denotes
the time—averaged for the whole period of 1983-2003. The non—calibrated,
mean, mean and variance—calibrated predictions are presented in gray-black,
sky blue—purple, orange-red, respectively. The individual models, the MMEp
and MMEs denote thin open, thick open, closed circles, respectively. The
respective dotted lines denote the spread of the model and MME predictions
for each calibration method. -----------------------------m- - 100

(a, ¢) TCC skill and (b, d) root mean square errors, between observations
and the mean—calibrated predictions, of SPI6 for (a, b) MMEp and (c, d)
MIVIES, -~ mm oo 102

Same as Figure 4.18 but for the mean and variance—calibrated predictions.
fffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffff 102

(a) Area—averaged TCC (x-axis) and RMSE (y-axis) of the mean (mean and
variance)-calibrated prediction in blue sky-purple (in orange-red) with
observations for global SPI6. (b) The difference between mean-calibrated
and mean and variance—calibrated TCC and RMSE. Various marks in the
legend denote two MME and their member models. High TCC skill and
low RMSE is denoted by the rectangle surrounded by red dotted lines in
(D). - 103



Figure 4.21.

Figure 4.22.

Figure 4.23.

Figure 4.24.

Figure 4.25.

Figure 4.26.

Figure 4.27.

Figure 4.28.

(a, b) TCC skills of the mean calibrated predictions from (a) MMEp and
(b) MMEs with observations for global SPI6. (¢, d) Improvement of TCC
skills from (c) MMEp and (d) MMEs, compared to baseline skill of persistent
run. Shading denotes the value exceeding the 95% significance level.
————————————————————————————————————————————————————————————————————————— 104

Global mean of skill improvement from the model and MME predictions
of SPI6 for (a) the whole period and initiated in (b) November and (c)
February. Various marks in the legend denote two MME and their member
models, ~=====mmm 105

(Left) PCC skills of the various predictions for the global SPI6 during the
whole period from 1983 to 2005, and the time—averaged value. The numbers
from 1 to 11 in the right panel and legend indicate the MME and its
member models. The corresponding colors between left and right panels
denote the same model prediction ----------------=--------------—- 106

Verification skills of categorical forecast of (a ¢, €) MMEp and (b, d, f)
MMEs for drought occurrence, based on (a, b) hit rate, (¢, d) false alarm,
and (e, f) threat score. ----------=-------m-mmmmomoo o 108

Global mean of various verification skills of categorical forecast of individual
models and their MME for drought occurrence. The numbers from 1 to
11 in the figure and legend indicate the MME and its member models.
fffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffff 109

Verification skills of categorical forecast for (a ¢, e, g) severe and (b,
d, f, h) extreme drought, based on (a, b) hit rate, (c, d) false alarm, (e,
f) threat score, and (g, h) bias. -------------=--=-=--=----mmmoooe- 110

Global mean of various verification skills of categorical forecast of individual
models and their MME for (a) severe and (b) extreme drought. The numbers
from 1 to 11 in the figure and legend indicate the MME and its member
models === 11

(Left) Time series and (right) time—averaged value of various verification skills
of categorical spatial forecast of individual models and their MME for drought
occurrence over the globe, based on (a) hit rate, (b) false alarm, (c) threat
score, and (d) bias. The numbers from 1 to 11 in the upper panel and legend
indicate the MME and its member models. ---------------==--------- 113



Figure 4.29.

Figure 4.30.

Figure 4.31.

Figure b.1.

Figure 5.2.

Figure 5.3.

Figure 5.4.

Figure 5.5.

Time—averaged value of various verification skills of categorical forecast
of individual models and their MME for (a) severe and (b) extreme drought.
The numbers from 1 to 11 in the figure and legend indicate the MME
and its member models. ~------=---mmm e 114

Area—averaged values of TCC between observations and simulations for
SPIB, over the terrestrial region of (a) globe, (b) northern hemisphere,
and (c) southern hemisphere, from January to December. The numbers
from 1 to 9 in the upper panel and legend indicate the MME and its
member models, ~=-==--=mmmrrr e 115

Time-averaged values of PCC between observations and simulations for SPI6
ending in (a) June, (b) September, (c) December, and (d) March, during the
period of 1983-2005. The numbers from 1 to 9 in the upper panel and legend
indicate the MME and its member models. The mean values of the MME and
model prediction are provided in upper right of each panel. ----------- 116

Spatial pattern and principal component (PC) of the first and second EOF
modes for DJF mean T2m in the entire EAWM domain [0°~60°N,
100°-140°E]. The numbers in parentheses on the top of the panels denote
the contribution of the total variances, whereas the numbers on the top-right
corners of the lower panels denote the correlation coefficient between
the PC of two major EOF modes and DJF-mean T2m averaged over Korea

[35°-40°N, 125°=130°F]. -==------==mmmmmmmm oo 122
Illustration of the regions for defining the existing EAWM index, as listed
in Table 5.2, -================mmmmmmmmm e 124
Schematic diagram illustrating the dynamic—statistical hybrid EAWM
prediction system, -—--------mmmmmmmm oo 126

Time series of the DJF-mean T2m averaged over Korea (gray bar) and
EAWM indices (color marker) obtained from the reanalysis data (observation)
for 1983-2016. Black marked line denotes the simple average over EAWM
INAICES. === 128

(Upper) The correlation coefficients between EAWM indices and East Asia
temperature modes developed by Wang et al (2010). (Lower) The correlation
coefficients between DJF-mean temperature anomaly averaged over Korea



Figure 5.6.

Figure 5.7.

Figure 5.8.

Figure 5.9.

Figure 5.10.

Figure 5.11.

Figure 5.12.

Figure 5.13.

(East Asia) and EAWM indices. The last bar, MEAN represent the simple
average over EAWM indices. ---------------mmmmmm oo 129

Scatter plots of normalized EAVWM index vs DJF-mean T2m anomalies averaged
over Korea during the period of hindcast (1983-2010). The abscissa (ordinate)
of each dot in each diagram represents the amplitude and sign of the EAVWM
index (temperature anomalies) for an individual winter season. ------- 130

The correlation coefficients between the observed and simulated normalized
DJF-mean EAVWM indices during the period of 1983-2010. Dashed lines denotes
the threshold values for the 95% and 99% significance levels. ------- 132

The correlation coefficients between observed and simulated EAVWWM indices
by MME and individual model forecasts with varying forecast lead time. Upper
and lower panels represent the EAVWM prediction skill calculated by WangC_P
and Li_U index, respectively. The dashed lines denote the statistical significance
at the 99% and 95% confidence level. -------------=------mmm--mmom 133

Time series of the DJF-mean EAWM indices from the observation (gray
bar) and the model forecasts with 1 month lead time from MME and
individual models. =============mmmmmm 134

Scatter plots of simulated EAWM index from POAMA vs observed
DJF-mean T2m anomalies averaged over Korea based on the WangC_P
and Li_U indices. -—=-==---=mmmmmmmmm e 134

Spatial distribution of correlation coefficients between the observed ad
APCC MME hindcast T2m, T850, SLP and Z500 with 1-moth lead time
over the 28-years period 1983-2010. lack dots indicate correlations above
the 95% confidence level. Boxes indicate the region where the variables
are used as predictors for the dynamic—statistical forecasts of EAWM.

************************************************************************* 140
Correlations of observed and APCC MME hindcast DJF SLP, T2m, T850
and Zb00 with the observed EAWM index. ------------------------ 141

Correlations of predicted EAWM indices with 1-month lead time from
MME and individual models. Black dots denote the cross—validated
correlation coefficients. —====-=----=--==rrmmmmmm 142



Figure 5.14. Time series of the DJF-mean EAWM indices obtained from observation
(gray bar), dynamic (blue line), and dynamic-statistical hybrid forecasts
(red line) with 1-month lead time. --=--=-===========-=--m-mmom 143

Figure 5.14. Time series of the DJF-mean EAWM indices obtained from observation
(gray bar), dynamic (blue line), and dynamic-statistical hybrid forecasts
(red line) with 1-month lead time. --=--=--=-========-=-m-mooeo- 143

Figure 5.15. Time series of the DJF-mean EAWM indices from the observation (gray
bar) and the hybrid model forecasts with 1 month lead time from MME
and individual models (colored mark). The red line denotes the DJF-mean
T2m averaged over Korea and blue line denots the ONI index.--- 144

Figure 5.16. Prediction skill of dynamic and hybrid EAVWM forecasts with varying forecast
lead time and their difference. -----------------------------m- - 145

Figure 5.17. Scatter plots of forecasted EAWM index vs observed DJF-mean T2m
anomalies averaged over Korea based on the WangC_P index. Left and
right panels are from the results of POAMA and mean index averaged
over individual hybrid indices. -=--------==---mmmmmmmm o 146

Figure 6.1. Spatial distribution of upper 15% extremes for JJA temperature during
the period 1982-2016. -=-------==-=====-m-mmmmmmmmmoommo oo 156

Figure 6.2. Interannual variability of the upper/lower 15% extremes for JJA/DJF
temperature (a, ¢) and precipitation (b, d) over globe for the period
19822016, ~-=--=-=-mmmrmrmr e 156

Figure 6.3. Recent trend in the occurrence probability of the upper/lower 15%
extremes for JUJA/DJF temperature (a, ¢) and precipitation (b, d) for the
period 20062016, -==--==============mmmmmmmmmmmmm oo 157

Figure 6.4. Interannual variability of the upper 15% extremes for JJA/DJF temperature
(8, ©) and precipitation (b, d) during the period 1982-2005 from the individual
models (circle) and their simple averaged MME (solid line), with the
corresponding observation (dashed ling). --------------------------- 159

Figure 6.5. Symmetric Extremal Dependency Index (SEDI) of upper 15% extremes
for JUA/DJF a) temperature and b) precipitation from individual models



Figure 6.6.

Figure 6.7.

Figure 6.8.

Figure 6.9.

Figure 6.10.

Figure 6.11.

Figure 6.12.

Figure 6.13.
Figure 6.14.

Figure 6.15.
Figure 6.16.

Figure 6.17.

and MME. Dashed (solid) line indicates the average of the individual models’
SEDI in JJA (DJF) for the period 1982-2005. --------------------- 161

Spatial distribution of SEDI of the upper 15% extremes for JJA/DJF
temperature (a, ¢) and precipitation (b, d) from MME prediction for the
period 19822005, --------==---=--=mmmmmmmmo oo 161

Anderson-Darling (A-D) and Kolmogorov-Smirnov (K=S) Tests for the normality
of JUA/DJF (a) temperature and (b) precipitation. Shaded areas (contours)
are the regions where the observed PDFs differ from the empirical normal

PDFs at the 5% significance level from the AD (KS) tests. --------- 164
Same as Figure 6.7, except for only JJA precipitation from individual
models, - 164
Probabilistic forecasts of upper 15% extremes for JJA 1998 temperature
using empirical ranking method (EMP), as an example. ---------- 166
Same as Figure 6.9, except for using Gaussian fitting method (GAUS). --- 167
Difference in probability of upper 15% extremes for a) temperature and
b) precipitation from two different methods (EMP and GAUS) to estimate
forecast probabilities. -==--==-=========--mm-m 167
ROC score aggregated over globe of probabilistic forecast of upper 15%
extremes for a) JJA and b) DJF temperature, ------------=------- 169
Same as Figure 6.12, except for precipitation, -------------------- 170
ROC curves of MMEp predictions for JJA/DJF temperature (a, ¢) and
precipitation (b, d) based on GAUS method. ----------------------- 175
Same as Figure 6.14, except for Reliability diagrams------------- 176
The aggregated ROC score over globe for different threshold of extreme

temperature. Threshold is upper a) 10%, b) 15% and ¢) 20% from climatological
distribution. Dashed line indicates the aggregated ROC score of tercile forecast
(above normal). === 177

Same as Figure 6.16, except for precipitation. -------------------- 178
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Figure 1.1. Flow chart for the development and improvement of APCC operational monitoring,
prediction, and verification systems.

1) North American Multi-Model Ensemble
2) World Meteorological Organization Lead Centre for Long-Range Forecast Multi-Model Ensemble
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Figure 1.2. Anomaly Pattern Correlation Coefficients (PCCs) of (a) global 3-month mean (seasonal)
temperature at 850hPa and (b) precipitation forecast from the APCC MME prediction system
in each year (2008-2016) for the hindcast period of 1983-2005. The relative skill difference
is calculated as the skill difference between the recent 3-year mean PCCs (2014-2016)
and the first 3-year mean PCCs (2008-2011), divided by the recent the first 3-year mean

Table 1.1.

ones, given a variable and season (%).

Relative Operating Characteristic (ROC) scores for global 3-month mean tercile-based

categorical probabilistic forecasts of precipitation from APCC and other operational centers
providing seasonal forecasts for the period 2012-2015. For each category, the highest skill

result among the all centers is shown in table in bold.

APCC WMO LC-LRF  ECMWF®  NCEP° UKMO® JMA°
Above-Normal 0.58 0.55 0.54 0.54 0.53 0.54
Near-Normal 0.52 0.52 0.54 0.52 0.52 0.52
Below-Normal 0.57 0.54 0.54 0.54 0.52 0.54

@ European Center for Medium-Range Weather Forecast
® National Centers for Environmental Prediction

¢ United Kingdom Met Office

9 Japan Meteorological Administration
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2.1.1 20X HE2AALS(NMME)

NOAA(National Oceanic and Atmospheric Administration) CTB(Climate
Test-Bed) A+IAZ AlZE NMME= E0|A[Y A G704 72t 7]—;?—3‘3]'% 1y
83 MME 7| 90SAAERS 20019 Al +Y5HAA] hindcast 2 AAIZE oS4 E.
Al5ot7] AlZTHKirtman et al. 2014). FgZQ1 LS 9l 49 ©]4<] R20 Eﬂr’ﬁ

2 AA 201549 FE=FHo = dAs} ¥, ¥ NOAA CPC(Climate Prediction
Center) @ AAE] %3 CPC3)QF NCARY(National Center for Atmospheric
Research) A& AHE &3l 1319 9 tAd FHZ JSHEE AlFstaL Uk 2017
W @A HARE ASHES AL = B2 771 EdolH(3 2.1), NMME Z-¥°]
AE &l ATEL Y= ASFES F 2.29 2t} oA 5L H2 SR F

“experimental” T+ “preliminary 2= O[22 Y A R20 ©AOIA FAF9] 7]

SAE AH|IAE fIRF AlZH} WElo] BAIEL USS SRl 4 Utk

3) http://www.cpc.ncep.noaa.gov/products/NMME/about. html
4) https://www.earthsystemgrid.org/search.html?Project=NMME
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Table 2.1. Description of participating models in NVIME real-time forecast.

Model Hindcast Period ~ No. of Ensemble  Lead Reference
NCEP/CFSv2° 1982-2010 24 (28) 0-9 Saha et al. (2014)
GFDL/CM2.1° 1982-2010 10 0-11 Delworth (2006)
GFDL/CM2.5 1982-present 24 0-11 Vecchi et al. (2014)
NCAR/CCSMP 1982-2010 6 0-11 Kirtman and Min (2009)

CMC/CANCMS3® 1981-2010 10 0-11 Merryfield et al. (2013)
CMC/CANCM4 1981-2010 10 0-11 Merryfield et al. (2013)
NASA/GEQS5® 1981-2010 11 0-9 Vernieres et al. (2012)

@ Climate Forecast System version 2

b Geophysical Fluid Dynamics Laboratory/Climate Modeling version 2.1

¢ Community Climate System Model

9 Canadian Meteorological Centre/Canadian Coupled Model version 3

¢ National Aeronautics and Space Administration/Goddard Earth Observing System Model version 5

Table 2.2. Climate services disseminated by NMME (http://www.cpc.ncep.noaa.gov/products/NMME/).

Contents Information

Lead Time 7-month (4-season) lead for monthly mean (3-month mean)
SST, Global T/P, US T/P and Nino 3.4 Plume

Variable (*Additional variable: 7500, Global Tmax/Tmin, US Tmax/Tmin/soilm/runoff)

Form Deterministic (anomaly map) and **probabilistic (probability map) forecast by model,
© NMME and IMME

Verification Hindcast: ACC and RPSS map

Real-time forecast: comparison with the observed anomaly map

* Preview / ** Preliminary

@4 oFet Eokollil NMME A=E -8sto] g2 A7t AP glomp),
NMME7} EdAC 2 AISHRE A5 /\IZ}T'?} 2371l e 2d 9N
A=Y HS E= NMME dISAILE o] #3t 571 2 o|Folxl vbd, dAl=
g1, ENSO, 7Ha 53 &2 & H trdsial %—%ﬁi ASHE Als= A3l A= 24

55t 9538 H7HAppendix 1) 9 9l&7]& 7B (Appendix 2)°f &3 A57F &5
Y= et ESE A SH oA E Boll ATHI Y= e JE= 9 E=

5) http://www.nws.noaa.gov/ost/CTB/nmme_pub.htm
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A7 NMMECA AlFstaL s Sv|A 9] IAmE E-8olo] Tt JH(CPC 712/
Z5=A, NCEP/CFS #7|9&4K, NCEPZ ECMWFY w©@7]o&A® - U.S.
Drought Monitor(USDM)NE25-E]2] 7k& @A 45 5)53 Sot] HESHoR &
o] 9G] gt Y/AERE A8 AlFst At(Huang 20106).

d

=}

2.1.2 =H| 7|2~ Atz HA(RI)

IRI(International Research Institute for Climate and Society)= 1997 ©o]%&
7| R A E(ECHAM4. 5, CCM3.6, GFDL, COLA)S 838t HAF B 712
A 7ol tigt MME AEASAEE AlSsiiA(2001 8 HE mE a&d 5 Als,
Net Assessments® E) AFNSHE AZol AoiA 7P 21 GAE 7HAAL At
SHAIRE AA] o] dF7|HoA clEEo] w2 H7]-3Y IR AA|RE
MASHAY = t7]-s1 A2 A HdS 7fdshs =8S 7]=0]1 9l
A AFoA 7 Heg R BET B85kt oAM= o= H= ARl U o]
3 SIS TEStIA R 8-S 71291 A} 20173 4Q95E NMMES] o] ak1
e d71-G APEAEE E-8oto] MME AISPEE A5kl Ut Add &y
#wHAste] IRI ZHoIAE &3 AA AFEHIL Ue AS5HH+= Net Assessments,
ENSO, 7WEEde] oSHE, ARA S49] 7|FHE tool2 A U 4 UTHE
2.3). Net Assessmentsi= A ATE%E v} o] ARG B 7] 9 Z<po] thsf
3709] ZH| AL A (B E T =2/H/FH UL A5 &2 AlSstal 3o, d54
Hof| gt ASAHEAA] Zbstal ot 3, ARGAF HOJofl wet percentiles(ell, 4/

)

(o]
4o o

6) http://www.cpc.ncep.noaa.gov/products/NMME/model_seasanom plus.shtml

7) USDM2 1999¢ 37H9] 7]ZHNOAA CPC, National Drought Mitigation Center, U.S. Department of
Agriculture)e]l 9Jsfl ¥FEolFon, Fu| X|dof| tigt 7hg AHiE FEE BUEPst 9. A NIDIS
(National Integrated Drought Information System) Z#°|AE 53l 7Fe ZUETY L AYARE AT
o A http://drought.gov).

8) http://www.cpc.ncep.noaa.gov/products/expert_assessment/sdo_summary.php
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Table 2.3. Climate services disseminated by IRl (http://iri.columbia.edu/our-expertise/climate/forecasts/#GCM
_and_SST_Forecast_Model_Outputs)

Contents Information

- Tercile probabilistic outlooks and verification information for T and P
~ Flexible seasonal forecast for T and P (e.g., upper/lower percentiles or
specific threshold)

— Probabilistic ENSO forecast for El Nino, Neutral, or La Nina
ENSO Forecasts - Plume of ENSO model predictions
— ENSO rainfall teleconnection maps

Seasonal Climate
Forecasts

GCM and SST Forecast

Model Outputs - Dynamical climate predictions with different individual models

- US-Mexico drought prediction maps, international federation of Red
Cross and Red Crescent Societies maps, climate and agriculture maps,
selection of a point climatology

Tailored Climate
Products

IRI &4 R F 71 383 FL vlE ENSO &g Rt g 4= Qleh A4 85
A7) 9 A7|HelA Algshs ot Fet/EARDE Nino 3.4 A54E 4 0}01
Plume(71¥ 2.1a) ¥ 7He|azgfo] gt SHE4H(1E 2.1b)2& o 97/fd71x19] A4
3+ ENSO HIEZHRE A g5t ok T3 NOAA CPC2| ENSO &3 He}l B3l
of F2oz Y 557 CPC/IRI 35°2& vj¥ ENSO d&4RE AlF3ka Qlct.
IRIZ @4 7P thFet 572 ENSO &8 5E S=3stal glom, 5] MME JHE
Z8oto] dYk/FH/Ul tigt SEASHEE AFoIL U= FYTH 71HeR 7]
S ofue} tofdt SERoNE FuAER de] &8 =i 9l

O

0

[RI= 24, a4, 59 2 Asf 2] 72 d27iet 719s] d8ste] 7|34 17T
oA AA B AF +9 5ol E8E 7 s B2 82 Vo o, 1 A%
AREAL FA19] 7154 E toolS B9 tailored climate productsE AlsokL JUTHIE 2.3).
5], @A NMMEA AlFstal = AT EB FroSdE 4 d502H1E 27
& E8oto] WAE d Ea] X Ho tigt 3/6/9/1270€E Standardized Precipitation
Index(SPI) AEHEE HA17FEAS toolE E-&5to] AlFstal Jom9), AREA= A

E
=
=
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TH1H™ 2.2; Lyon et al. 2012; Quan et al. 2012).
TR A AR FEsto] [RIOIA 7HE?E Maprooms Q=04 ojAA o] 28§
He 713/71% AASAEE AlFtal /low, FoMd HEE EZIRtE 7|5 {3
et AEE A Algstal lths HollA 713 EE G817t FAT TRoNA AFA
QI &L sl qUtkal & o Qlth

(a) Mid-Mar 2017 Plume of Model ENSO Predictions (b) Early-Mar CPC/IRI Official Probabilistic ENSO Forecast
30 T T T T T T T T T T Dynamical Model 100
25 IRI/CPC i 90 ENSO state based on NINO3.4 SST Anomaly
3 1 am
DYNAVG i Neutral ENSO: -0.5°C to 0.5°C
204 ~ STATAVG ! e ] [P 80 I €1 Nino
CPC CON . i a w0 [ Neutal
15l oo = msroam 70
~ e 2 I La Nina
g2 1ok A = uao =~ 80
= = s Z
£ osk i o ocasicn 3 50 Cimatobgical
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b * MeFRANCE S a0
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2 woLae 30 Neutal
PRELS <« cuccanse —— LaNina
z  GroLROR 20
10~ | Statistical Mode!
o cocwmior 10
15 "] ocecca 0
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7 2017
oss FORECAST o FsuReca Time Period
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Figure 2.1. (a) ENSO Plume prediction and (b) ENSO 3-categorical probabilistic MME forecasts issued
by IRl and NOAA/CPC.

latitude
12N 16°'N 20'N 24'N 28'N 32N 36'N 40'N 44'N 4&'N
T
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longitude

Forecast Probability of SPI Being below Selected SP| Threshold for Mar 2017 Issued at the End of Feb 2017

Figure 2.2, Forecast probability of SPI below selected SPI threshold for Mar. 2017 issued at the end
of Feb. 2017.

9) http://iridl.1deo.columbia.edu/maproom/Global/Drought/Global/CPC_GOB/MME_Opt_Persist.html
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[}

2.1.3 RES7|0ILME(ECMWF)

ECMWEFO A& System4ztil S| SF-ti7| 2 o]-&sto] g 67Y A=At

BE PYAsto] SHo|AE B Z7HER} I ZZ 2 (tropical storm) X%, 9
HAF AIAYE, Nino Plumes A&t ATHO. 2y HiFE2 54 ARGARS AR
A= L, uE AREALAl= 712 H(e], ]% 5, A7 Sl et SRR

(FFEAIY S4) o] S7HE. A5 EE B+ BT opyzt 371 7| Ao o
o FEAISAHE 9 Rt AARKE, S /5 20%)°0 U SECSHEE
Algsto] ARGAZE oo wet AdEste] 5 D 4 Qo

ECMWF+= DEMETER(Development of a Buropean Multimodel Ensemble
System for seasonal to inTERannual prediction, Palmer et al. 2014)2} ENSEMBLE
(ENSEMBLE-based Predictions of Climate Change and their IMpactS, Weisheimer
et al. 2009) 2719] Z2AE2RE WHE o] & EUROSIP MME AddSAI28E &
Aoz g5k qlch. EUROSIP d&AEE 7|24 08 ECMWF &g 1et Fe7}
SYSIHEE 2.4), Lt ARBAPONAlE ARt o ® AFEHL Qo Zulol= {H71E
(ECMWF, Met Office, Meteo-France)?] HEAtwTE o|-8st3oH, 2012¢ 9¢¥
NCEPo] F7F=Q11L, FZoll= JMAZE F71=0] ol rdo] o] Yot 2.5).

oAM= AESHE 7\1]*“01]/\1 Sl o Uo7t ALS- AA A FS ot HH
£ Algs] At ARTIHA] SRS, JFolEID)o] Higt T8/ ASIAL =A]
A]l FeE &3 A7/l ﬂMi & 1&gt 1 23, 20129 11978 /4
AU ARE Aol GHS FUOZ 2479 THEY AU 23)
o] ¥olo] EUPORIAS(EUropean Provision Of Regional Impact Assessment on

a Seasonal-to-decadal timescale) 35 ZZAEE =851t} EUPORIASE A&
S FH ASARet AP AE0] TA olste], A=7te] 719Ut =i} olsiE &
3 QIFHo|AE dskal, =54 02 7|SHste] thgt ARlA o s {84 TS B4
o= siglon, HFHOR 57 HoHe|A|, wE, Y, B, Al Hgt dY =

10) https://www.ecmwf.int/en/forecasts
11) 7V3/71% @40 <ol AVd=l= AH]- BAE JFF 9 FekdS Jefoto] AsHAQl ARE Hpgo R AJAst
713715 HEe A Hdoh= AEE &3
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Ho] T2 EERS /et tHhttp://www.euporias.eu/prototypes). SHARE EA|
9] Yo H= HFE Ash di-goll 2= 7ol AR A2 7149 HoA A
S F=olM dHe= AlBolal e IR it ARt

ol
AL Appendix 3 1514 Big)

Table 2.4. EUROSIP Climate services disseminated by ECMWF (https://swww.ecrmwi.int/en/ forecasts/cha
rts/seasonal/)

Contents Information

Spatial maps of model probabilities stratified by terciles

Spatial Maps (Variable: T, P, SLP, SST, T850 and Z500)

*Nino Plumes Nino 3, Nino 3.4 and Nino 4

6-month Forecasts of tropical storm frequency and mean location of
tropical storm genesis valid

(Note that the tropical storm forecasts are created using data from
ECMWF and Meteo France systems only.)

Tropical Storm Forecast

* Public Chart

Table 2.5. Description of participating models in EUROSIP.

Model Forecast Ensemble Hindcast Ensemble Hindcast Period
ECMWF 51 15 1981-2010
Met Office 42 12 1996-2009
Meteo-France 51 15 1991-2010
NCEP 52 12 1982-2010
JVA 51 10 1981-2015

AN ceragua | 2y @ _ Seor ENEA

2 Diperea E . DG [@) o= 22 Met Office

#P -
€ (&
SM|'|| EEF anim Luxn E { F""‘E-':‘.‘L’?

Figure 2.3. EUPORIAS partnership (https://wavw.metoffice.gov.uk/research/collaboration/euporias).

I3l
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2.1.4 MAZI7 17 Z7 0l M=HE(WMO LC-LRF)

WMO LC-LRE(°]s}, Aw=AlE])= 127] =71e] 7] E ZAiE &5kl MME 71%
qSALES sl ¢t o= dyEglon, 2005 GPC(Global Producing
Centre) 3]2of|A AwANE|S] R0l A=A, o] FAIS]JE AA 2009 F-H
Skt 71433} vl 7140l 38 =95l Stk APCCE AAIE Y] A s
A hoh=s JeZ A stal QlrH2). ArAlE A= wid 371 dEA=E AAkst
of ZHlo|xE B3 HAE & 1Y FEH= dSARE AlSstal loH ole Ak
AE 9] dl&At7 = GPC(E 2.6), RCOF(Regional Climate Outlook Forum) & 7]

o, A= 713 5 S ARARECIARE A EAL Q-

Table 2.6. Description of participating models in WMO LC-LRF.

GPC Forecast Ensemble Hindcast Ensemble Hindcast Period
Beijing 24 24 1991-2010
CPTEC 15 10 1979-2010

ECMWF 41 15 1981-2010
Exeter 42 28 1993-2015
Melbourne 33 99 1981-2011
Montreal 20 20 1981-2010
Moscow 20 10 1986-2010
Pretoria 40 10 1982-2009

Seoul 42 12 1991-2010

Tokyo 51 10 1981-2010
Toulouse 41 M 1991-2014
Washington 40 20 1982-2010

23710 2424 371Y MME ¥ /End oEztagte] A9, 2011499
APCC EEE4 MME 9IEA|A8(Min et al. 2009)°] == 0] @A7HA] 3L &5
£2 MME &A=t 3 MErdo gEdEAas AFE UrHKim et al
2015). 20149 AHE4 MME 5 @8+ 7140l ghelf ASA18-dhat ol&717H1~671

12) https://www.ecmwf.int/sites/default/files/elibrary/2015/14501-wmo-lead-centre-activities-global-
sub-seasonal-mme-prediction. pdf
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o, FTIHEEE ATE= ASA
A Ae ASAE B9t opyt
MMES}F 7=l it hindcast 52T} AT ASHSEIE FHOAE &
3 A= ATHE 2.7).

A A2t AEE 2= QI slo] WOl

O =

= iT

2 0E AgAL U5t 9oe Ay A 4
A

30
=
gl

Table 2.7. Climate services disseminated by WMO LC-LRF (https://www.wmolc.org).

Contents Information

— 3-month 4 deterministic and tercile—based probabilistic MME
Spatial Maps - Individual forecast anomaly and tercile-based probabilistic forecast
- Consistency map (T, P, SLP, T850, 7500 and SST)

Nino Plumes Nino 3.4

Time-series of monthly mean anomalies for each individual forecast
Time-series (T, P, SLP, T850, 7500 and SST)
AO, PNA, SOI, NOI, WNPMI, IMI, EAMI, EAWMI, WYI and RM2

2.2 ME| L 48 o7

=

A FHOoE AFSSHoNA Ad/5Y 7 B
=71 N #hste] g2 A7l 3=l Jth(E 2.8). +4, MME d&7]<

Wt dsto] AWEH, ofy 71| SAZ & &8ste] MME 7] =8
719 23 ¢34 " £Y7HS 83 2424 MME 7|H(step-wise pattern

projection method, SPM; Kug et al. 2008) tisEEPAE FEAZ7|H
(probabilistic multi-model ensemble, PMME; Min et al. 2009) @4 APCC &
Aoz 29 FolH, 53] PMMEE A AxAlE oA A3t uel o] 20094 F-E
AAZV717 719 E e SEAS7IR R A5 o] A=AlE FHo|AE 53
ZARE A|F5k At} o] Qo|% climate filter(Lee et al. 2011) @ EAA AHA|SH

718 E-83 g MME 7[¥Eo°] 7], Kang et al. 2009; Kim 2016; Kryjov
2016) =o] 7|29 @Bt Ei= AFolSH RS Bls] FAE S5HS Holxl FA|E
ARl SHAA B4 A B 54 AlFol| digt g5 BrkERE 14 Ao
SHAlE E3T-

dyz7lole MME ZHA19] 71& gl B2 =82 72y, 2T SoiA

i
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o

APCC MME ©&2 H7KMin et al. 2014; Sohn et al. 2016; Min et al. 2017)
% MME 7% EA2E &83t 7he, HIE, 2=, 59 5 3¢ 7150 gt d+5-50]
218 =3 oK, Lee 2015; Sohn et al. 2016; Kim et al. 2017a). £3], 5oFAof
A&E<(East Asia Winter Monsoon, EAWM) #& 50| @o| 9J92H, Sohn
et al. (2011)7} Shin (2015) APCC #o{=d 2 MMES] thgt EAWM cl&3& 55
Aoz HrIo =M EAWM S0 olA dA 71557 o= 9 AES &
Aot g B Yolrt Kim et al. (2017b)2 hindcast A&E &85t FoFAot
AEH 7129 HES dED 5 Ue M= EAWM A5 7Rdsigion, AA AS7t
A BLolA= At 7HEe] 49, < Sohn and Tam (2016) e ASE-5
4 712 9 A EAS B[S MME 71395 A7 o] 7 A A FF 7

At 109 & 59 APCCE 7EEY/MME cl&3 71 9 9=7]& 71, MME
£ G835 S21F oS0l i g2 ARl Aol Etelal A AlARE
A7 AZAESHE FFS v EH, FX APCC EHO|XE Ba) ATEI Y=
&7 = 30l A GE DA 4= Uk webA, 2 AFolA = =9 Y719
AGEA T Al W APAE0] Higt SFHQ 25 B9l FA APCC A=9] 7184
Sto] ofgje} Zo] 4719] A=
H o] 12} W (20179) AT BE
A= Ak f1gh AR 945%% 7H‘?§EE 4 MME d&4& 4 B71st

fr o e
:OEL
BOEY
Y
5w
r>~
o =
o
49
ok
iv)
r\‘%
i
|
s
E‘jzﬂ
E
HI
rﬁlil

Tt E}% 3- 61*01]/\1h 2} ZAdl=o] digt oj5= B7 | 9

(1) ENSO SF(@Yke/FH/FUW H A=(d/F/F 4y & FLh
(2) A7+4Q1 B9 37 o] 7] 7=

(3) otAloF AgEsE A

4) ZJ/3H91 15% 23sle 712 9 I S71F
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Table 2.8. Summary of researches related to development/improvement of MME techniques, data
analyses and application, and predictability for seasonal forecasts.

Development Contents Reference
Deterministic MME method: SPM Kug et al. (2008)*

MME Deterministic MME method: climate filter Lee et al. (2011)
Probabilistic MME method: non-—calibration Min et al. (2009)*
Deterministic method for Korea T and P Kang et al. (2009)*
Deterministic method for Korea summer P Kim (2016)

Statistical Deterministic method for Korea spring T Kryjov (2016)

Downscaling pring v
Probabilistic method for Korea T and P Min et al. (2011)
Probabilistic method for Asia Summer monsoon P Sohn et al. (2012b)
Drought for Korea Sohn and Tam (2016)
Dynamical-statistical prediction method for WNP Kim et al. (2017a)*
typhoons

Extreme Predictability of East Asian winter climate variability Sohn et al (2011)

Diagnostic o ,
Predictability of the EAWM Shin (2015)
Development of a new index of EAWM Kim et al (2017b)
Heat wave in Korea Lee (2015)

Predictability

Assessment of different MME prediction systems
Real-time operational MME forecast for 2008-15
Different ENSO flavors

APCC 6-month MME SST prediction

Min et al. (2014)
Min et al. (2017)
Sohn et al. (2016)
Jeong et al. (2012)

* Operationally implemented at APCC
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3. ENSO B&/4k &50S/I= M
3.1 M2

ENSO= EHl HBS ti7]-s1F d=4-82] ti#4l ddold, olet ddH &
B9 Al-57HAQl 52 AAIFAR] 7159 AEA, § Yot B2 =79 ARl
ALsoN7HA JFE vX = 8% 7|19 891 F sfo|tH(Trenberth et al. 1998;
Bradly et al. 1987; Ropelewski and Halpert 1987, 1989). &3], ENSO2] Z =7}
FEFE F7 714715 @A, 2 7HE, EE 59 T e 9 AZdE A
UeFAtHLyon 2004; Lyon and Barnston 2005; Hoell et al. 2016). &, 73sF 4y
e /Bl of3f of7|H= s MAFA R AT A A4S oo, 204

7] o] AYicet E2= 82/839] 7%, 200001 2] B8t 134 2o Afitulsy
7F WS = SkQlek. o]2f o] ENSO o] wE AR|FAQ] JFHS 1P
o, DAY ke/Zuf Sl F 2] tigt S H e SRSHANE ko] titt IS4 R
7} AAS] 8FEE Fatolot ERl, AR ES E-Eet Ao QoA ENSO s
2 ZF- A7 A-RAZ9 F93% YHoF AFHA QJrti(Wang et al. 2009a; Barnston
et al. 2010).

o]2{gt ENSO &/doll thet ¥4 & ofSo] gt 870l HAF AXHA A tfFE
o] dA7 ol A= ZHEefE el SST & ENSOOf| thigh A2 Ql 7HA] & &4 HE
AZsta QQrke], JMA, IRI, NCEP, KMA13, BOM14, NMME £). @A) tjiio] &
Q71 Bl A AZsEAL Q= ENSO A& A HE Plume FE|9 Z2HE2A (32 HFA) 4
H7} tjFEolh. SEATE 7] A AR ZA 9] FA A (chaotic) 2 H8F Bdo| 74 &%
AR, ERHT 27127) "o dE58EE E4(uncertainty)°] EX5HH
(Curry and Webster 2011; Knutti 2010; Slingo and Palmer 2011), °]& 7‘3%‘@5
£ 2Z 715950 QUolA] ol F83%F FEo|thPalmer 2000). 50l 7M1= &
goll T JH= AREAFEC] TRl JAHER S el B 1, ole *o”:*'
BAA 7HAE EES7]® qith. webA 71E0] AR S He} oA AREAREIA

e

mh

¢

g

13) Korea Meteorological Administration
14) Australian Government Bureau of Meteorology
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83 BN e ARE W ATT 5 Ak FBISI|NY FRH BT A%
BT Qe

@A ENSO dllZof| glojAl st IRI2F NOAA/CPCOA 3522 (HAE fldl,
IRI/CPCE %) ENSO EF(EE 2ol gt MME 71|12 SESEE (S, 4
Uk /SH/2WhE AlgskaL ok 01— A EE S 53 2002V 5H thFst FA7
4 A7|gogRE Y Jetnd 9 FARD A oS3 ENSO 957 (Nino
3.4 A5 WA FHE Al 9loH, iXH AR R 7P 2 54 € Jeknds
Zodstal Q= ENSO cl&7Eolet. SEAIRE Barnston et al. (2015) A3t v 2
o]+ ENSO Plumes 7|5tO.2 3t gH&a)5o]7] fgof datnd 4 A REE
Yol itk £24/d(inter-model spread) FET A5 &, /E Jefude] =%
A A (ensemble spread) ¥ EA RO #FQ2Kstandard error)5o] tigt AHE= L
Fotal Al etk T3 dRVHOA e AAA R FoFt 7|9gro 2 AARE Nino
3.4 A& BARYT Algsta 7] whel, ASHEE 1o 7153kl SUsHA] etk
Aol At

APCC 4] A= e SST % ENSO W5/goll izt A4l 9 di&7]& 7] =9
< 7131 A3 20099 99HE MMES 8% SST % ENSO ISAIA 8IS FHY0
2 Ykt 2 APEC 2l9=9] o % 7|94 E &8/ A 918 201349 94
FE 7]190& R GAE AAEE 37dolA o7lldR S 295t (Min et al.
2017), 3% 671l tigh SST L ENSO AISAEE 0|2 Fo AlEstaL A5
(7 3.1). 3FAIE APCCOllA] AlFoH= SST 9 ENSO &K B 2522 P
ojrf, 71 FF EIF S| AlRFAoltt. wpebA Hof thefelal 583 HE(Y, E2HA

)

I
I,

O

< 12T FEASHE) AFS AT AR A= da E AS57]E gl 8Tt
d A S5 &t gt MME E&9571& N2
A7 dstcta skt wEba] £ A4 E APCC 670 AlddSol AMg 52l
AR dh7]-31F HtrdS 2-835to] APCC @Yol 235 ENSO e e 2E]
Z719E Ndetaiat gtk ol ENSO S AUk /S /2ol o 2hysts 2
gk ofde}, @A 11 oj- AR7IHNAE AlFTRL A P ENSO A& (d/5/<F 44

15) http://www.apcc21.org/ser/enso.do?lang=en
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(a) SST Anomaly for DJF 2014
Initized by August L.C.
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(b) Nino3.4 Index for 2014 SONDJF
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Figure 3.1. (a) Spatial distribution of SST MME forecast anomaly for 2014DJF and (b) Nino 3.4 index
forecast for 2014SONDIF from individual models and MME prediction issued on November
2014 at APCC.

ENSO &7 % ZA=of| digt 7He|aied SEdS7 /i 915l 2 Akl ARgH
22 @A APCC 671 MME &0 Fofsial = EH(CMCCLo, CANCM3,
CANCM4, NASA, NCEP, PNU17), POAMA18)3} 20174 7| 5E dFoz 2o
stA] 2 APCC Rl SCoPS(Seamless Coupled Prediction System)7HA| & 87
t71-s1 A Eo|thE 3.1). HEERE PFE = AR Aolst(5-3371), &
TFolM= GEAS7IE TS 8 2 PAE HHE 5 E85131aL, 2 REo] 7}
A= A= B SES 2.5°x 2.5 5T == WAsto] 245l ookt =

16) The Furo-Mediterranean Center on Climate Change
17) Pusan National University
18) Predictive Ocean Atmosphere Model for Australia
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g4g 283t MME 948 3T o Fojmd o] 3577t tisiA] £45k= Zlo] dst
Zo| Ak, B o] EXAF & ¢ thfst ENSO A-HES], 7=l thgt Ay /it
e x| A8l 1982-20104714] & 29L3_°ﬂ izt 9 671Y AIEA 3 %}%6
ek =, 19824 199] 3% NCEP, POAMA, SCoPS AH&E A3t 57 nde &g
glom, 2006-20109°] tafAE CMCC e A9t 771 mdl2 MME oﬂé@_ﬂ%
AYAkstoict. shAlRt o] WHo] FL-E A Qotils tRE REES 299 A7

|

skt E3E e ENSO 28 9 4% dE9E7HS AA7E(real-time
forecast) A-82 93l AFEE AEE 2013-20164 7|7Hs<t HE A& His] 671
dEAE S 7Tl Qe 571 HH(CANCM3, CANCM4, NASA, NCEP, POAMA)qH
< Z&okgith =, ek 7143%-2(MSCL) 712 2719 t7]-3F HLd o]
A}E(CANCM3, CANCM4)E 2+t Alg5itt 2016952 2719 4] &4 RE 35}
U= Feote] MSC= Algstal 9o, 2 Ao 2016¥] thiet CANCM32t
CANCM4 AHE:= MSCE A5k},

APCC #Folmd & NCEPY HwA|% SSTolA Ushts RHdo AFA it
(systematic error)= W2 AYPATE Fof oju] dHA 2™, Saha et al. 2010;
Kirtman et al. 2014; Infanti and Kirtman 2016), ©l-== NCEPOJ4] €-&5}1l Q=
Aaast @ 2718 71¥o] 19999S 71H o R debA]7] HiZoltXie et al. 2011;
Kumar et al. 2012; Barnston and Tippett 2013). NCEP°| 295t 37§d Ht
Nino 3.4 A$=& 1982-201097H] AWK, 199992 7= =2 Axt7|ofl= TS50
H]sf ZHA] HOJSh= @ cold bias)o], FHE7|oll= BEET TS RoJsh= F3¥
(warm bias)°] FEHAA YEFATHIE 3.2a; NCEP). o]=|gt BAIE ZE317] Sldi
Tippett et al. (2017)¥ Barnston et al. (2017)= 1999¥< 7|22 27]9] 71%
(1982-1998, 1999-2010; NCEP_2c)& AR&ste] 7} 7]7to] gt ®xtE ﬂl*PoPL

= AljKglon, Ut B 285 & 23 19 3.2bolA UE= HEeb
1999¥S 7|02 YEPFE cold/warm bias7t o= Ak 520l &= A&
Aok I 23, 1982-201049 71%F 5% 370€ H+ Nino 3.4 A
0.83(NCEP) — 0.91(NCEP_20)2 3A| A=At meha] & AtofAl= 2709
#= 2-85to] NCEPY AE3 @AE AAT NCEP_2¢c A=E Z-85H3om,

m\l

MH
N, W o

M o rlo wk O o

_VL
-

19) Meterological Service of Cadana
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Q.

H SR s sigH7189] 7RIS AlE oA
AXNZEO 2 AFEE HHAYWAES 283t sl H2%=(Optimum Interpolation SST,
OISST; Reynolds et al. 2002)9] ¥H+ Armo|w, AREHE 7|7F 9 s 2yt
SYT 2.5°A79] 299 A= (Hindcast 717H2F 2013-2016E(HAZMES 717E) A=
ojtt. #AS 8 Zd % #SAEE 779 713kl gt HAE o]&stoH,
Hindcast 717+9] HAb= A&5kalAt sk s AlQiRt 2899 AmE &-8sto] HARE

O

+ NCEP_2cE NCEPLo=E H7|SIEH

AAFSFR A (leave-one-out cross-validation; Wilks 1995), AA|ZF dlZ0] tjsiA=

% 209 ARE A8t F, B
wo] melo] ZpAk 71SGHEE H)l

mge AEnd Ao 7153
ofgt volojak B

rog W2 AL
=kl

Table 3.1. Description of eight participating models in MME ENSO prediction used in the study.
Organization/ . Ens. Size Hindcast
Model Gty Resolution /P Period Reference
CMCC CMCC/Intaly T63L19 9/9 1982.01-2006.01 Aleesandri et al. (2010)
CANCM3  MSC/Canada T63L31 10/10 (20°) 1982.01-2010.12  Scinocca et al. (2008)
CANCM4  MSC/Canada T63L31 10/10 (207 1982.01-2010.12  Merryfield et al. (2013)
Nasa  Nasausa ORI 4 108901201192 Molod et al. (2012)
NCEP NCEP/USA T62L64 20/20 1982.03-2010.12 Saha et al. (2014)
PNU PNU/Korea T41L18 5/5 (3-10°) 1982.01-2014.12  Ahn and Kim (2003)
POAMA  BOM/Australia T47L17 33/33 1983.01-2011.12 Lim et al. (2012)
SCoPS APCC/Korea T159L31 10/10 1982.02-2013.12 Ham et al. (2017)

@ Replaced by MSC with 20-ensemble from 2016

b Usually 5-ensemble, but sometimes it differs from 3 to 10-ensemble.
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Figure 3.2. Errors of the first-lead 3-month mean Nino 3.4 forecast anomaly from the corresponding
observation for the period 1982JFM-2010/11DJF. (a) NCEP based on 1982-2010
climatology and (b) NCEP_2c based on two climatologies (1982-1998, 1999-2010).
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%Xﬂ%ﬁ} N IRI/CPCOWEﬂ 717KZ AAEE

& Aol A= ENSO E/GA 7Hele]; dyk/Fh/2u) 9 Z%(77] 7HEaL
2], A/%/%F AU 9 Y, S)E Fost] sl gvtd o 7 de] &8
s WYk AATS 3.4 AH] SST G Fgh(5°S-5"N, 170°-120"W; Nino 3.4
A49& A&t &, 3709 ol H# Nino 3.4 X5 BA7}F +0.5C oMH-0.5C
olshel AE AUREFW), 1 Al FHOE Hosiglar, Aol sl +1.5C
/+1.0C/+0.5C(-1.5TC/-1.0C/-0.5C) o (°lsh¥d BF+5 424 4/F/F duk
EMWPE FYSIFYHE 3.3). APCC MMEO]| #osl=s Rdo Y &35 671¥9
AESHRE Eﬁ%}i Q7] W&ol 37§Y HF Nino 3.4 AFE E8dh= ¢ AP

AZE 4N 7R @0] 7FsoltHS, 29 271 A RE €85t 3-8971A] 4 57
HE 711, 370 B4 Nino 3.4 A5 3-5¢Y, 4-69, 5-7¢, 6-89 A4t 7+5).

Table 3.2. Definition of historical episode on ENSO type (or state) from different operational centers
providing seasonal forecasts.

orgc"’g“z""m”/ Definition of El Nino/ENSO-Neutral/La Nina
untry

6 consecutive overlapping seasons based on a threshold of +0.4°C for 5 month

KMA/Korea running mean of SST anomalies in the Nino 3.4 region
5 consecutive overlapping seasons based on a threshold of +0.5°C for 3 month
NCEP/USA . o . .
running mean of SST anomalies in the Nino 3.4 region
. . O E
JMA/Japan 5 consecutive overlapping seasons based on a threshold of +0.5°C for 5 month

running mean of SST anomalies in the Nino 3 region
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Table 3.3. Definition of ENSO type and strength based on 3-month mean Nino 3.4 index anomaly used

in the study.

ENSO Category Definition

Strong El Nino Nino 3.4 index = +1.5°

Moderate EI Nino +1.0° = Nino 3.4 index < +1.5°
Weak El Nino +0.5° = Nino 3.4 index < +1.0°
ENSO-neutral -0.5° < Nino 3.4 index < 0.5°
Weak La Nina -1.0° < Nino 3.4 index = -0.5°

Moderate La Nina -1.6" < Nino 3.4 index = -1.0°
Strong La Nina -1.5° = Nino 3.4 index

3222 Hiz=E =4

Z} ZH|aeof st SEgHS Yok B2 34| B3} ¥ (non-parametric
estimate = empirical ranking method)@} 243} B¥(parametric estimate
= statistical fitting method)2.2 Ut} v]Z4=3} ¥PHo| w2 ARA Ao] sido
£ FEPADFE AA AE S(NV)oll tigh A 4ol sidohs ME (V)Y HIE=
AL &, Ay 7HE o) sEshes fEREe] E 5 A TE =
Lhro] SEgkE Y UHoIthIE 3.3a). Bl B2 A& B30t SAAR1 &
25 wZchs 7 Stof(dl], At X, Gamma X 5), SAKR] 29 EUET
Z*(Probability Density Function, PDF)E o|-&s}to] Z} 7}€|a18]o] sgols HAS

Alirste] ShEdts e WHOITHTLE 3.3b). & AollAl= ENSO S7/4= &HE]
5 9l = 7 B BRE AESte], dEEE F471H WE ASEEY] Ao
% A &S0 ZolE A E A} St T, K4S} 7| Aol A Ao Hiet
AHEL A HAEE 98] Kolmogorov-Smirnov(K-S) A3 $3H5139ct K-S
ARL ME 79 FARIES(Cumulative Distribution Function, CDF)} o]
]

o 74T 9 CDFOlS] A BAS o}8) BAHCE FUT REIA o
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F(x) :theoretical PDF (e.g., Gaussian, gamma)

Figure 3.3. Schematic diagram for the estimation of forecast probabilities (a) based on empirical ranking
method and (b) based on statistical fitting method from a forecast PDF for each category,
El Nino, ENSO-Neutral, and La-Nina.

3223 Us2EYAd=

OELAPIES NE Bdo] 7= ASE 4 9 27|27 ofjt 22 &0
7] 9% WoR, dMHow AEudo] v dEde] ke 0w JeA It
(Doblas-Reyes et al. 2005; Hagedorn et al. 2005; Min et al. 2009; Wang et
al. 2009a; Min et al. 2014). & Aol4= ENSO 7 2 Ax FEINSZ 2l
A Gl 7S 280k dSES A Esit & JiERd it dSEE
& WA F4shaL, RN A&t SEs DB dshe PMME(probabilistic

g§3to] ENSO S/ % 4]
it ZHe Al SEalS7HE IESATHIE 3.4a004 2E 7RIS SUsH
39)).

OF 3529914 ENSO %57 @ ZEolZEE SIst MME SH8l571% 4L 949
cofl 715X Holske MME 71ES 21§3le] PMMES o322 v/ 87519
ot o] ufj ARGE WS AR SFE Sl diTt 7RIS Foftt 7I"M(PMME_N)
7} AZIZHEES] ENSO A 58 wE 7R E Foigt 7|(PMME_SK)elet. ¢
9] A%, 7H1e] AESEHrtoA F2 E8E T i= Heidke Skill Score(HSS)20E

A

i

[¢]

multi-model ensemble with equal weighting)& AR

20) 3ERA(FEET E2/1]%/92) FEIS0] JloiA AlAIF o= de] AGE A = H5718(Cl, NOAA/CPC,
IRL, APCCollA E-&)0= i o} fiZo0] Tk o] thaf] F4E Fols ©0i5] UkS FEo
HiAlsk ARl B7h WY
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Agstel WA AW 5HAS WASAT. @A 37 WH(PMME, PMMEN,
PMME_SK)& 7gidlo] mojst of5eid] 5% 71548 Rofek wholetd, vix)
o e pEnde] BE YL WS BEslel Shio REE UE e, BE
PIE 55 EY el DU e

s S FA5keE 7P 7St o dgAE &
E9&7|Hog oju] W APAoA 2-8st 7|Ho|tHPOOL: Barnston et al.

2003; Doblas-Reyes et al. 2005; Wang et al. 2009a).

(a) PMME (b) POOL
M1 m2 Mn Madel PDF,
% J-"-.
%%, -~
""" o° 3 Miﬁ“h " M2 ."; o MR,
PR PIN) PIE) AU P P AR M |
[ 1 | Climatological _
o POF l forecast PDF
P(E)=. P(Model)x P(E/ Model) AN
=l J,-";1 a’
L J L J o \4,

model weight forecast
probability of

a single superensemble with equal weight
an event e e 5 g

of each ensemble member

Figure 3.4. Schematic diagram showing (a) the combination of forecast probabilities from single-model
(M1-Mn) by applying the total probability formula with different model weights (PMME; e.q.,
equal weighting, proportional to the ensemble size, etc.) and (b) the pooling of the
bias—corrected ensembles from each single-model together to produce one large
super-ensemble with equal weights (POOL) to estimate categorical probabilities.

Table 3.4. Description of model combination experiments with different weights of individual models
for probabilistic MME ENSO type and strength forecast used in the study.

Method Model Weight
PMME Equal weight

PMME_N Proportional to the ensemble size

Proportional to the hindcast skill in a leave-one—out cross-validation mode in
PMME_SK . .
terms of Heidke Skill Score

POOL Equal weight of each ensemble member (pooled all ensemble members of all the
models)
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3.3 APCC g2 & MME OISd Tt

3.3.1 SST & Nino 3.4 x|

ENSO &5 ¥ Zxd&S 915 MME &E9571& g oA, 4 APCC MME
67/ME &0 Fosti Q= REEQ] SST &8 Autdog AwHglth 1% 3.5
L 7R d(CMCC, CANCM3, CANCM4, NASA, NCEP, PNU, POAMA, SCoPS)
2 MME~Z} 29J5t 370 B Nino 3.4 A2 B2 204 A 7]7to]] His)(&, 1982
WJFM-2010/11DJF) 53 374 Uehli et W52 AwE, 82/83 of 4et Ay
Y, 97/88 75 WYk, 88/89 A3t gLk, 91/92 A3t AYkx, 97/98 ofF 3t A
U, 1 o]% 20 A 73t 2Fui98-00), 02-03 &7 A4k, 07/087F 10/11 73t
EMW} Hhgs= HEAS Holw Qlth. APCC MMEO] Fojsh= 87 /fdmdo] 73

Zol| A YERIL Q= o]#fgh ENSO ¥iE4dS tAFoE & moloh= o0& |
ﬂE}(:L% 3.5). 1 A3k, APARE 7RL@D] gt 7R o] 2ojgt 371 Bt
Nino 3.4 A|5=9] A= (Temporal Correlation Coefficient, TCC= 87 2 H
0.92(0.87-0.94 H)E Kol 3loH, o= #=9] Fvls/ds A3s| & Kot
V2L OJulFItHI 3.5). £3], POAMA 2E9] &8 TCC=0.94% 7F& &4 Yet
ok ol2|eh &2 APAItte] dojdasE 254 Hojxn, AGPAIE 471 (T4)l
£ 87/ mdo] B d=8L TCC=0.79(0.74-0.86 HNZ LEIT

=

NERES T Bt MMES] 4%, #52] 3711 B+ Nino 3.4 A52] ¥
A& Aol & Bofsh, AYPAIE 171 IS5 A== 0.902% 7iERde] |
HHT #2 dEES BT 3.5b). E3, AgAI] wE o589 ae A
Tdo) Hjgf Aoz A YyefUdH(Jin et al. 2008; Barnston et al. 2012;
Tippett et al. 2017), APA|ZF 47] Lo = FT=310] A7t 0.882 73] =2 #F
<= Ho|il QItH# 3.5). ol& H2 AP AoA] B3l e} Zo] 7 o] sk MME

719 o= FLE &l T 4= UrKDoblas-Reyes et al. 2005; Hagedorn et al.
2005; Min et al. 2009; Wang et al. 2009a; Min et al. 2014).

ENSO E50] 02 d&2e & o viug, A2ndy 32 1o ZjolS Holx
glom], 53] 97/98 ¢ Aulko] sl PR mdSo] Mk mojsh T2
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Holoh E3 Ay W7ol /IEEETO] oS HE(spread)Zt 2A YERHA
A, MMEZ} 952t Nino 3.4 A= A4k 2EA7]0] v d=ake] A7 A
et &, Ay IE/SE A7 Bls) Ay A"A7]0f od&Eo] A UEht
H(Jin et al. 2008; Zheng et al. 2016), A8A|7to] Zojd4E(L1—L4) ENSO ¥Hs
< A3 =9A 19a A oFelAl ook B HATH97/98 AYke A9l 119
3.5b). 53], AYkolA SHLoE Holx= AlHoA MME= A== B30l IA «
EFgom, o= Tippett et al. (2012)9] A7+ YA|5k= ZAFfoltt.

Thro & 2940 "41? MR 9 MMES] 370+t Nino 3.4 A5=2] A/
AP G|&Ee AWEJTHIE 3.0). AFARIo] S7FdS(L1—-14) 370¥ B+t
Nino 3.4 A= ]ée—".% A3 EolAH, ENSO ol W =32 AEE #}o]
2l & 4 A &, T e R Ay /HAUr F2 Asks /01520 Hs]
ENSO9] 247191 7R/A&Ho] AdiA ez &80 w52 &9 4 k. E3
g di7l-sid ARl Ut Qe &d 959 A(spring
predictability barrier; Jin et al. 2008; Duan and Wei 2013: Larson and
Kirtman 2016)& APCC o dofA Wﬂ"%—’ Qltt. CANCM3, PNU, SCoPS9]
A APARE 3-471E 9] &/ AFAE ASIAM Folaes S%elA SAXCR ROlSHA] &
+ TCCE HEolal X SHATE, o] & Al&fshales Be E‘*‘O] o] PRI/ AE
A AR FORt w2 58S Holal itk MMES] 3¢, oAl =410l &elgt
9} Zro] APAIZH/AEE R APE o] vl g 58S Kol glo
MEEEAE 7FF £ ASES Hl 7h2/AEE MME 952 14014 % 0. 901%
o] A3o] =2 Oﬂé%ﬂ% EO‘QE’H APCC MMEE 283t 371 B4t Nino 3.4 A5
A& ofe gHor 7Fed Ao=E wokd
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Figure 3.5. (a) The observed (red) and the first-lead forecast anomalies of 3-month mean Nino 3.4
index from individual models (grey) and MME (blue), and (b) same as (a), except for only
MME forecasts at lead times of 1, 2, 3, 4 months.

Table 3.5. Temporal correlation coefficients (TCCs) of 3-month mean Nino 3.4 index forecast anomalies
from eight individual models and MME for the whole period 1982JFM-2010/11DJF at lead
times of 1 (L1) and 4 months (L4).

TCC CMCC CANCM3 CANCM4 NASA  NCEP PNU POAMA SCoPS  MME
L1 0.94 0.94 0.94 0.92 0.91 0.87 0.94 0.87 0.96
L4 0.83 0.80 0.86 0.81 0.84 0.74 0.80 0.70 0.88
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Figure 3.6. TCCs of 3-month mean Nino 3.4 index forecast anomalies from (a-h) each individual models
and () MME as a function of target season (3-month mean) and lead time. Black plus
indicates that the skill is not statistically significant at 5% significance level using a Student’s

t-test.
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3.3.2 Roiddy 2ol Oi=E Hlw

[

I AlA |3 A7l BlwsiA @A APCC MMES] SST ¥ Nino 3.4 A4
&8 ol HAx7l? @A MMEE €-851°] ENSO Plumes AlFskal Sl 7182
IRI/CPC2 NMMEZ} Q1o A2l vng7ts QJsiA & 7] &2 ofy]
S0 2T =58 g835to] APCC MME o1&} v|1/37letglch. 19 3.7 52
St Hindcast 717H1982-20109)°] tigt NMMES APCC7} cll&3t 171 AegAIZte]
ALEE/AZ/7F/AL) SST dIEES Am=Eoth. NMME ASAHIHE 3.7
Becker et al. (2014)°14 T2 Lottt AREHO R SST dl&2 EHAY 4 &
T BEY Aol A Aol A4 EA Uehu, 55 AL3E Nino 3.4 ZA+9Y
&Y F 7| BF TCC ) 0.9 0= A4Fs] &7 Ueith. &, a4 ozt Al
= AYudS 839 MME SSTY &7 = v 7|38 Blg] 4lg4go] wrta
g 4 AtHMin et al. (2014) 719 3 30, F 7|#9] d&8& Aq/AHERE F ¢
AHEH fAHoR 2040 tigt F 7]39] SST &8 FERE= HAHe= g
3] fARSHAl UL QUAJEE AubE o2 APCC MME SST d=3o] NMMEO] ]3]
E2 AZ AT £ Qv &, A4F/7FeECe ZEHd 55 AHEG, oftHlols,
BALEF-QU=HAlo} A Holl A, AL/BHL AAEY} B oA APCC d&Eo]
oA =4 Yehte %S B
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Figure 3.7. TCCs (x100) of SST forecast anomalies for (a) NMME prediction and (b) APCC MME
prediction for each season (1-month lead DJF, JJA, SON, and DJF) during the period
1982-2010. NMME results are extracted from Figure 8 of Becker et al. (2014).
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The A4k FAFHR] Nino 3.4 A5l Higt APCC 9532 IRI/CPC, NMME

&2} vl/B7F SHITHIER 3.6). 7141, IRI/CPCLF NMMEQA] o]t 37§ 3
7 Nino 3.4 A= tfgt 7824 HF 2 MMES] TCC= Barnston et al. (2017)°]l
A EFBHAE. IRI/CPC= MME SS9 237t 9171 W2el, +41 IRI/CPC, NMME,
APCC HoindlS9] Bat ASH(AVG)S BlaLskyltt. IRI/CPCE 1981-2010°] o
s 5709 ti7]-afF HAEdEE(fully coupled model; IRI/CPC-5M2D)a} 2709
intermediate coupled model22717] Z&Fst & 77]9] mE(IRI/CPC-7M)S ARE5

A2H, NMME®F APCC= 1982-20104°] Hish 8719 ti7]-siF A do] FIR
ot 7 do] oigt IRI/CPCY Bt d&8S A5 EH, fully coupled modelqt 3+
ofgt ¢ =& AYA|7H tis] AVGZE =A UERATHIRI/CPC-5M ) IRI/CPC-7M).
ol fi7]-3iY FHgrdEo] dutdoz th7|Ry %E intermediate coupled
modelol |5} &0 o= Barnston et al. (2012) A+ 23} L3t

FES B2 Ao A 8l viel o], MME &g o] iz Eo] AVGHTE
&= (MME: APCC » AVG: APCC, MME: NMME » AVG: NMME), 3719 B+ Nin
3.4 Aol gk NMME®F APCCS] MME &8 H|5:gt 2102 yepgrt. APAI7L
17§ €ol A= NMMEZF 9F7E =25 AgiAlzto] dojd4E d&go] o= Fre=
APCC7} ZtotA A og AFPARE 47]holi= APCC ASEo] &2 2 IRIT
Atk SHARE & 7]389] TCC Aol AMY BAX SR |okA] ¢7] wie] o5
AJoli= gl A 0= Heltk shx|Rt of7|4] 53 &, /iR Hit o5H(AVO)
of tigt MME &2 =2 APCCOllA AA Yehdth= Holth ¥ 3.8). 53] A3

A7t Z71o]| B2 &8 74 APCC MMEOIA &4 YehdS # 3.6 Eaf &t
HRe} o], L4o|A 78R E Bt AfSHof tigt APCC MME®] ofl&9 -2 10%°]
Ao 2 A YEHTE Yoo and Kang (2005)°] W=, MME 01]—1 2 Zroj gl o]
it d5Eo] 2255, 191 AR SHHYSE EolXith. NMMES] 735 87) ti7]
-oiF FEEE7e] EP4go] HolA= HHAE, Y 7189 off A BdolAY E=
FArdo] o2 WAe] ndl; Barnston et al. (2017) ¥ 3.1 #31), APCCof #odstal

U 87 di7]-alY FEED2 AR EPALS & 4 ATHE 3.1). wEkA], APCCO

21) CFSv2, POAMA, IRI_A, IRI_D, Meteo-France
22) KMA-SNU, LDEO
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Hofsle mESo] B oEES NMMES] s Aldos A mEst Sg4o]
7] whge] o] <t MME o152 aFgo] ZA UeheA A NMMES SAHH
&2 2ol Aoz Wt ol A4 Hold B9 & o hrst ZEE HolAy)]
93k APCC :=39] Adeti & 4 JEHIF 1.1). A, AR Bt o=
Dazlo] B3 o] T MME o152 o] it Zlols BAe 25 & o A
#Q] BAjo] W Aoz Halth

g7 B Z3FeiEE, SST 2 Nino 3.4 9Z0] 9lo14 APCC MME d&&
Admdo] vls] £, APARE 4LolA 22 o] w2 S Kol Slrh
E3F, MMEE &8ste] ENSO d5s st U= AlA 538 4718H(IRI/CPC,
NMME)Z} o8 v|w 23}, APCC MME dj&8o] thd L-(Folx FARE dl&3)o
We 2SR T 4= Qe &, d59o] B4 Nino 3.4 A4 E-85to] @A APCC
oA ARSIl Q= ASHEET F o thefotal §-8%t SR xﬂ%% QJgt B 74
o] A 4, ENSO Z=ol tigh SgdlE7]4& /2 g 7|ate] Apdgd ¢ oﬂié
HollA Adet Adl=e} wetEnh webA, 3.4804= ENSO 57 % Ak &=
o SR EYTE FENS7IES Ndstaat gtk

Table 3.6. TCCs for hindcasts of the participating models in the IRI/CPC, NMME, and APCC ENSO

forecast.

TCC: 1981(2)-2010 L1 L2 L3 L4
AVG: IRI/CPC-7M 0.93 0.88 0.83 0.79
AVG: IRI/CPC-5M 0.94 0.89 0.84 0.80
AVG: NMME 0.95 0.91 0.87 0.82
MME: NMME 0.97 0.94 0.91 0.88
AVG: APCC 0.92 0.88 0.84 0.80
MME: APCC 0.96 0.94 0.91 0.89

The IRI/CPC data spans 1982-2010 while the NMME and APCC data is for 1982-2010. Data sets of
hindcasts are for 3-month mean Nino 3.4 SST anomaly. MME shows the skill of MME forecasts from
the NMME and APCC, in contrast with AVG that shows the average of the skills of the individual IRI/CPC
models, NMME, and APCC models.

* IRl and NMME results are from Barnston et al. (2017).
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Figure 3.8. Skill improvement of APCC-MME and NMME-MME as compared with the average of the
individual models skill (AVG) in terms of TCC (%).
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Figure 3.9. Kolmogorov-Smirnov (K-S) Test for the normality of observed SST anomalies for (a) MAM,
(b) JUA, (c) SON, (d) DJF for the period 1982-2010. Shaded areas are the regions where
the observed PDFs differ from the normal PDFs at the 5% significance level. The box
indicates the Nino 3.4 region.
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Table 3.7. P-value of K-S test for the normality of the observed 3-month mean Nino 3.4 index for
each target season during the period 1982-2010.

K-S test

JM FMA MAM AMJ M JJA  JAS ASO SON OND NDJ DJF
(p-value)

OBS 089 089 08 091 09 08 09 09 091 08 041 087

cmMcC 033 013 074 036 08 022 091 015 023 066 003 024

CANCM3 056 012 002 009 013 034 011 001 005 022 033 051

CANCM4 059 005 001 003 057 003 040 0.01 005 035 011 055

NASA 046 053 016 017 057 084 070 012 071 084 005 033

NCEP 028 007 011 007 019 064 005 018 073 051 032 051

PNU 08 089 004 017 038 074 09 019 073 048 022 046

POAMA 007 014 014 008 026 006 068 008 088 050 010 024

SCoPS 047 038 023 038 074 013 083 019 098 068 027 010

* HO: The observed data is normally distributed. If p-value of K-S test is smaller than 0.05, HO can
be rejected at the 5% significance level. Bold represents that the observed and predicted distribution
of Nino 3.4 index does not follow the Gaussian PDF for each season.
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Figure 3.10. Distribution of 3-month mean Nino 3.4 index from POAMA for each target season during
the period 1982-2010. P-values of K-S test for the normality are displayed. Blue, grey,
and red indicate El Nino, ENSO-Neutral, and La Nina condition.
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3.4.2 BASHHIEA0) M2 (58S £X

K-S HAES &% #ik HAAZYE Hgor, & dAoldes HESsst U
(Empirical Ranking Method, EMP)¥} HHEEZE 7PYHst 243} W (Gaussian
Fitting Method, GAUS)°]l @Z ENSO &7 ¥ 7= d5889] 2lol& AmHugi.
9 3,112 d&gE 47140 W& ENSO S5+ ¥ =0 tigh 7Heale] &5
o] ZpolE mEld, AFERE YEd Aotk &, F E4717H29Y), APATHAZNY),
ZHALE(ENSO &7 37H, ENSO 7k 770)l Hiet dl&2tE #olo] Bat H 2dighe
HojEtt ENSO £79] 439 3.11a), WEEE2 Hdt 2%-7%, X 10%-50%
P9 dl& FEFL AolE Holal gtk ENSO FFEE AmEH(IY 3.12a-0), &
Yl /Zypo] Bls SHL B ASZE F471%0 wE EAto|9] B+ 9 gk

nE Addow A4 YEt. GAUS?E EMPO| WE o&ShE Aol9] FH izl
ENSO Z=olA o ZA Yehe B3 HATHTH 3.11b). EL, Ay} 2huEe]
Bt A3 k| dSE(strong—weak) AE5SE FY7H Oﬂ £ SE4e Aol= A
A AA= AR ERIFJITHIE 3.12d-1). ESF S5 F57I1H UE 52
o] Apol= AE] (7 1A= ME BEO] dE ol 11z L'O_Vﬂ W85k 2 o= e
Wtk &, AR AE 7 A2 PNU BEojA = 7|Ho|| wE ASShE Zfol7t
FA Yetth £, ENSO EFol SlojA= 2 30-50%, ol lolAl= 40-55%
Fr o] &g AlolE Ett. o= EMP W9l 5, MEo] tiofA ojwet TAH
232 7MY glo]l A& AA9] BE TIE ARERITR= HollA Aol SRR A&
F7F A2 A FEA7Hsampling error)7F S7FetH= ©@o] lot. vhA 243}

2 MES FAAR BEx =2 7PYsto] A4E<(continuous function)E Z+&-o}0]
S o, E5] ME9] 47} 22 ¢ EMPLLY] d&&hE o7t 34 verd
ot mxEk o2 PMME(Probabilistic Multi-Model Ensemble)= 7HEEEof H|5|
ENSO &F/A= BT A5EE 471l o 59 Zol7t 2HA Ueh=t], °ol=
PMME®] ¢ /W8 H 0] ASSES tHA| Btsh] dhiol dlSEE Aol7t & &
=°] A=l F 77 oSS Aol /NEREof H|s) A YEhuAl Hok



(a) ENSO Type

Prabability Difference: GAUS-EMP (model, month)
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(b) ENSO Strength

Probability Difference: GAUS-EMP (model, month)
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Figure 3.11. Mean and maximum difference in forecast probability for (a) ENSO type (3-category; El
Nino, ENSO-Neutral, La Nina) and (b) ENSO strength (7-category, strong/moderate/weak
El Nino/La Nina, ENSO-Neutral) using Gaussian fitting method (GAUS) and empirical
ranking method (EMP) for each model and target season, during the period 1982-2010.
All years, leads, and multi-category are included.
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Figure 3.12. Same as Figure 3.11, except for each category of ENSO type and strength.
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Figure 3.13. Ranked probability skill score (RPSS) and Heidke Skill Score (HSS) of ENSO (a) type and
(b) strength forecasts, averaged over all target seasons and lead times, with different
methods (GAUS, EMP) for estimation of forecast probability. Blue (light blue) indicates
that the skill difference between GAUS and EMP is significant using a Monte-Carlo (MC)
test at 10% (20%) significance level.
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et al. 2014), °]2I3F AgFo] ENSO dl&olAe &I 4= Utk ENSO ke oS E3t
AgGATte] AojdSE A& o] A WojR= A3k Holw, o|Zet HF o]
vl AYkolA ZA Uetgtt ol 9 ENSO FFolAE vehta low(1™
3.15). AgPAgto] Aojdas dYkrt o] Bl o&go] iAo A Eo

A o] e AHF BAL 35 AYslolof & Aoz PZE
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Figure 3.14. Aggregated ROC curve over all years, target seasons, and leads of individual models’ forecast
(open circle) and PMME forecast (closed circle) for ENSO type; (a) El Nino, (b) ENSO-neutral,
and (¢) La Nina, and for ENSO strength; (d-f) strong/moderate/weak El Nino and (g-i) strong/mode

rate/weak La Nina.
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Figure 3.15. Same as Figure 3.14, except for only PMME ENSO type forecast at lead times of 1, 2,

3, 4 months. ROC scores (area under the ROC curve) for each category and lead time

are shown in the plot.
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3.4.3.2 &AIZt 01£(2013-2016)

£ A= ENSO $F7/4% &S Aol /e gEd&7Ho] HFH 2R APCC
AIA AR 02 0] WP 7S B7HE I, Hindcastoll tigt oS3 B7HETE of

AR AAZE A (real-time forecasp)oll thet S B7te T ot A=
oA Aggt vkel Zo], APCC= 20139 9¥FE] MMES 83t SST ¥ ENSO %
ARE AZs7] AR g&2o|(Min et al. 2017), A 4387H2013-2016)2] &4}
25 &8st /EE ENSO FES714S AR/H o2 grlolr|oe A&7t S8}
A 93 L Quek SHARE, 2940 tigt Hindcast dl&23e} &0 22 4443

UTHIL Tt AAZE Sl E8H EE2 2013-20161 717F B9 ZE A
s 671Y d&AaEE EIsH= 57] ZH(CANCM3, CANCM4, NASA, NCEP,
POAMA)= A&

QM OISST AEE 283t 371 B Nino 3.4 A VXS WA 3.17a),
2011/129 gt 2 o] % 2014W F97HA] S E7F 29 oY A&E T 20149
7F&5H Nino 3.4 A4 BAP7F 0.5C o9 g2 Holw gt AU k7t AJZ = Qi)
o]% 201549 &K E Nino 3.4 A4 F479] S7I6lth o534 o|F 43 Ay ¢
AgkQl 1.5C olAk9] & Holtk 2015/16 A& Nino 3.4 A= 2.5C oAz
ofF %t Ay g UFoIGirt. o] AU krt AESHHA 20169 7RE Rt Sk
2 Wdelgiot o] o= Eopirh BE 3%t Ay FHolle 3t gyt 2
EhYs=d] BIEJ(ENSO blog28), o1¥ 2015/16 7% Akt 2 3719 4d e
d Hh= 233t S A7) ¥5/do] fAlste] Syus A WEskA] 13k AL
2 HQItKKim et al. 2017c). APCC MMEO] &osh= tj7]-3 gt do] o33t
378 Hat Nino 3.4 A4 #5004 UL 9= ENSO9] Bls/dS tiAld
Z »ojele Ao ® Vet 1Y v AA]). 1 A, APCC MME7} 2oJ3t 3719 Bt
Nino 3.4 X5 2013JFM-2016/17DJF 713t &<t T&3 A== APAE 171
o 0.97(TCO)9 #h= HAaL, AFPAE 478l A e TCC=0.92% o}5 =& A5

28) https://www.climate.gov/news-features/blogs/enso/will-la-ni%C3%B1a-follow-el-ni%C3%B1o-wh
at-past-tells-us
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Figure 3.17. (a) Observed 3-month mean Nino 3.4 index and its PMME forecast for ENSO type (El
Nino, ENSO-Neutral, and La Nina) at lead times of (b) 1 and (c) 4 months.
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3.5.1 Model Calibration

3.6.1.1 ENSO ZHIe

O

FU

HA 3.4 A 7S ENSO €57 9 A% d5S 93t SEAS71E(PMME)E 7N
Ast7] QIgt g o7 ofg] 7}A] %74114 7IHE A-8sto] 71&9] W 5 v/
Brletginh A fERE] ASH A A Y] {8, /iEEgo] ®ojRt 374
W3+ Nino 3.4 A5o] Higt BXx @ ENSO TAHES ¥} v|wsiich 13
3.19& A B47]17H1982JFM-2010/11DJF: 294 x 129 = 348 AZ)of digt =
2 APAIZE 171€9] A d 370 B Nino 3.4 Al 2% 9 FARFS U
ot #=9 49, 3HY B Nino 3.4 A EA(EFOZRE ozl A&,
variance; Var)< 0.77°]9, H=(EE7} 7] o)A HP&E’/} A, skewness; Skew)=
0.28% &0 & ot A 9A7 HAAZ & &= IckGHAITE, Arigto] 4] ot H]T)
A BAxs Al 2). 1 A, AY27%° B8 Ui 29%) SNt 2a
A vepu, IARIER B FEo] 7P wol WAt A0 R ISoAE UE
th44%, ¥ 3.8). CANCM3 RES A|9j5ty RE 7jdrdol BALL #Erc) 7
UEHH (S, H-8 =7 ), 1 23} ENSO 39| TARIE= &0 Hlsf 77] =g
Hat 11%((5%-20% ¥ 2HA Zolstgirt. vhti2 CANCM3 4 FARS Sof vl &
Om(Var=0.65; 34L& @o] 2o = £3), 1 A3 FHL2 A5 Hsf 20% ot
9], dYk/eRike ol s ZH; 18%2F 14% A ZOJsh= AL
FE0] HAEL W5} 35U ¥ d=E Helow, 3] o Y= ddigte] 7H
A et CMCCY 3%, 9%0& 293 H=rt 34 yehddA w50 Hlsf 2y
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Figure 3.19. Distribution of (a) observed and the first-lead Nino 3.4 forecast anomalies from (b-i)
individual models. Variation (Var) and Skewness (Skew) for each distribution are also
displayed. Blue, grey and red indicate EI Nino, ENSO-Neutral, and La Nina condition.

Table 3.8. Frequency of ENSO type from individual models and observation. The values in parenthesis
refer to relative error with respect to the observation (%).

OBS CMCC CANCM3 CANCMA NASA NCEP  PNU  POAMA  SCoPS

B Nno o007 02 02 03 029 03 033 024 026

' (-18%)  (-18%) (2% (7%  (22%) (2% (-11%) (3%)

ENSO  ,,, 035 053 039 038 038 038 042 04
Neutral (20%)  (20%) (1% (-14%) (-13%) (-14%) (5% ()
laNina 029 043 025 028 033 031 029 034 030
' (48%)  (-14%) (3% 6% 6% ) (7% (%
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T3 mdo] molgh ENSO WAMIEL BET SARAE AHE] g5 =

MME7H 2OJgF ENSO %57 2 ZE=(E 3.3 7130 fgh 2= Az v
H|SIEHIY 3.20). BEY TANES AoEE, Anoh sk AZE 2N

L7} v, ARl vpet go] FolA Agr Zdas NI Fa AXE A
o 4= Stk ENSO 32 B-7F27HA] 40% o)/de] HANIEE Holu, AUk /2Lt
H8f| Ap TAYSh= 2 0% YEEth WS04 Yehv= AEE ENSO9| A=
£ APAIRE 171€e] MMEOA= tAIZ o= 2 Hofsl= A= Helth £3], Ay
ot U= ol vl wSke] WARIE Zpol7t ZHA] YERHTHF 10% ). sHA
gk ARG B, dYk/FH/FHrol tigt AN E Zol= MME] ®ls| FA
vt S YUY A= 30% ol AolE Hole RE/AEE = ACE
UERgth ERE, CMCCAHE 2yl disiA da=Al Hof 2ojsh= o] AUrkd
(T 3.21, w=bd 3A]), o]2f3t HElo| AlEA @15 H(calibration Ei= correction)
Sto] al&EE FIAE 5 US AoE Hrh

filo
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ok mebd & dFolM = Bl AEA @Al Esto] REdE/AEE R ENSOS
oote M= WS AEsEuA 3t ol IS5 54T TANIEE 7= o
Ags RdE/AEER N2 ook, 11 7ES v o= ]33]'35} Sh= 32 ENSO
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H= EEﬂ__IOM = Aolgto g4 oha B4 AxjoA Uehd B J,]- ]JG om E}t
s UEh= APolE o A BT & e A= 7|HiEnh HoE fs,
A3t AAIGECE ENSOE o5k 7|+ Wiyt HdEE dAgE ME
Aolot= S 2 M-I, M-T1=2 g5t M- ¥ Hindcast(1982-20109)
HAIZE 915(2013-20169)] thsl =% A-gste] M-1 99| o &3 vl /g7t
Skt 91714 Hindcast 28 Al, 7HEREER A= ENSOE A 2J5l] s ARt
TR = oS5k SIS ARt 717t gist RS 8o =M dSstaAt
= 3o JHE AT Hﬂxﬂﬁ}oﬂ‘:}(one—year—out cross-validation mode, Wilks

1995). =, 19824 ENSO &2 95} 28'd(1983-2010)] T3t T=0] wgulE A
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B2 olgste] mE/ARER ENSOO| that 7e| e PAgke Az olsteick. A
A7t &g R0l A & 291(1982-2010)0] That Be] WIS Basioic
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Figure 3.20. Seasonal frequency of (a) ENSO type and (b—c) ENSO strength forecasts based on
3-month mean Nino 3.4 index with the corresponding observation for the period
1982-2010.
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Figure 3.21. Difference in seasonal frequency of ENSO type forecasts with corresponding observation.
Histogram, plus—marker and star-marker indicate the frequency from MME, each individual
model, and CMCC, respectively.
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Figure 3.22. Schematic diagram of M-Il method to newly define thresholds by having the same
frequency as observations for El Nino, ENSO-Neutral, and La Nina for each model and
target season.
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M-II°] 9Jet A& ol A Yehed AZ(FMA, MAM, JJA)° #&3t 2do] g
EXjo17} A YER, ENSO 557 ¥ 73%o] tfgt ol&2 EZF FMA, JjA]
3.24b). ol= Uutzog mdoA diEg9] S

Aq/RollA A 7ve B8Rt AAdVIee] aeie] Addes IA u
(o]

)

EPS 813l APALET GA5H= Ao|ti(Jia et al. 2010; Min 2011).
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Figure 3.23. RPSS difference of probabilistic forecasts for (a) ENSO type and (b) ENSO strength
between M-I and M-Il as a function of lead time and target season for the period
1982-2010.
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Figure 3.24. (a) Averaged model error and (b) forecast skill (HSS) for ENSO type and ENSO
strength over the years, seasons, and leads. Model error is calculated by
Error = +/(My,_0,)* +(M,_0y)* +(M,_0,)*, where Mand O are forecast probabilities
from model and observation and £ A and £ indicate El Nino, ENSO-Neutral, and La Nina.

3.5.2 Model Combination
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Figure 3.25. RPSS of probabilistic forecast from (a) PMME, (b) POOL, (c) PMME_N, and (d) PMME_SK
for ENSO type and (e—g) skill difference with respect to PMME ones as a function of target

season and lead time for the period 1982-2010. Averaged RPSS over the seasons and
leads are also displayed.
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(a) ENSO Type (b) ENSO Strength
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Figure 3.26. Averaged RPSS of probabilistic forecast for (a) ENSO type and (b) ENSO strength over
the target seasons and leads for the period 1982-2010. Relative skill difference (RD) is
estimated by difference between M-I and M-I, divided by M-I for each target season
and lead, and then averaged them.
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Figure 3.27. (a) Observed 3-month mean Nino 3.4 index and the first-lead PMME forecast for (b) ENSO
type and (c) strength based on M-Il method for the period 2013-2016.
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Figure 3.28. Scatter diagram of forecast skills of ENSO type and strength using M-I and M-Il method
in terms of RPSS and HSS for each individual models and MMEs for the period 2013-2016.
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Figure 3.29. Averaged RPSS of probabilistic forecast for ENSO type over target seasons and leads from
different experiments. All estimations are based on (a) 29 years for hindcast (No), (b) 28

years in a cross-validation mode for hindcast (Cv), and (c) 29 years for real-time forecast
(RT). (c) Skill difference between M-Il and M-I in No and Cv.



3. ENSO &&/4% S=0E7 1= 7Y

29.0 050
E L 0.40
28.0 — i
‘ gt :
R I 4 - 0.30 ;s‘
B 270 8 f [ § § i . i é
] + i L 020 5
260 | I
- L 0.10
V=TT T T T T T T T T T o

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

Figure 3.30. Means of 23-year moving averaged Nino 3.4 SST climatology for the period 1982-2010
for each target season (closed circle). Maximum and minimum values (their differences)
are also displayed with plus-marker (histogram).
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Figure 3.31. The dependence of occurrence probability of (a-c) ENSO type and (d-i) strength for each
target season from observation as Nino 3.4 SST climatologies of 23-year moving average
for the period 1982-2010.
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3.5.4.2 Model Combination
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3.3 & ATtollA ERF POOL ¥H2 PMMEC] BIs dl&Eo] &4 & Ao Ye
HEHES], AAZE diSolM= 4719 7] & 7F dl&3o] W2 Zo® UEH).

e AeAY sied2 A58 S 271 #dl, 371 Bt s =el
gt EEd FE Hte] BE LA Kstandard error, SE)9F /R JAE Fo

|

-

Ato](difference, DF)9] H|E E4519t,
pe | 8B
(DF?)
4714 ()& 2991 dist B oojste] sush pri 2tz ofzfst 2.
M (M_,u )2
B \/E B ~ i mm
SE=—~—, DF=\“—————

A7, n3t o APEREL F Y S0 YR BEERAE, BYE spread)S
ojulateh. AR P B Aol ERY PIE BFC| BEUAR Ueh
W, 22 AR B8 2 g, S A 2R Y BEs AR BE AR
B#o] BHE, MMDE oJjgi
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299 Hatoll gt EREO] R FAHERE FAEE AW EH(TIE 3.32), Y=
71 B2 Bdof| vl e 7t A2 HdojA At o® o] AA| YEETE ST
AqEE AHEE SAE AHoA mo] ZA Yehgt o, ol Rt kol tigh 2}
o|(Z, inter-model spread)®2th= ZAWY Q] IAFETLHS] Z}ol(Z, ensemble spread)
7F Avhs A2 oufeitt SEVF 2 S9= A olA 229] Bl TSRl NERE
F QXA Fo) HhalElol= 7o tH(Taylor 1997). &, EE2AE £017] fl I4
£ 7F Bl sHAY Be AE ol IE 7RIS Foiske 7ol AEs, o=
7120] Blsf| JHi2 g2 RO gho] & A=rollA IE ol HlEsh= 7ISAIE Fofgt
MME 7|%¥o] ©gat 7[R E S| F4E= ¥el Min et al. (2009) AP A+

|

Hh, A @\(%'5] Nino 3.4 A2 S= A|Fof| H|g] Ro] S| 4 =
Apo|7F 4Fgs] ZraL, /R o] Hatol gt Zpol7t Atk A
= Uit} &, @EZ]Q% Hdlo] A% s B dSche
A&go] etz AL uigttt. ol= < Kumar et al. (2016) AolA A5
7Fsdt HE{(predictable component)? &K Fok=  HE(unpredictable
component)] gt AR HlEE S5 A X9 d&82 /ERd HIE
spread Rot= FAE Hoto] ol8f Fe-Hot= 223 XSt E3F ENSO &9
014 SST PDFQ] spread EAETE ol thet HAPO 2 Qg of&8 3Fifo] I A
e AgAtte XS], Tippett et al. 2004; Peng and Kumar 2005;
Tang et al. 2008; Peng et al. 2011; Kumar and Hu 2014). &, Jx=X]¥99] dfj4=H
2k o582 B4 PAE BetS Ack= 2o ety &
2l AH(mean state)o] thsfl P¥HH O 2 £ &S Hol= TeB7Ro] HrA]|
o]l 7Fg et shehal wekET OPZ]U} AL AolA A=A o] dSdS B

ol mo] Siehdl ofEee] 1N S Rolsk o] o2 HOEL: o5 T
% 51t e 499 01, S 84 APCC VBMESIA 8913 Sl K171
% AYELL BE3tol A 204 712k H9 ENSO FF L Z=] ths) g el o
222 Mol H19 BYL glor], AP/l dme] Het oSS Nk et
Py

X
91 % 2 AT IS Sol, 20 AA| 7I7h BT A Eol A POAMA
o

N
=
g
3!
i)
ol
B
]
19
e}
AN
i)
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POAMA7} 7P¢ W& cl&8S Holal QItH1d 3.29). webd, H 1o /Erds g
A &= Qs ARolA A 99 ENSO A& FA1717] 913 28o] MME 719
2 JfEEEE T wtols 7o oy O 23} Hindcast 2 AAITE oSl A oroFst
4o 71FAE Fofgk MME 7182 X A9 ENSO A5 QlojA dd &8
Holx] ¢k o= wtiEc

" :a]cmcc .. Ib) caNC3

L R
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._{h) 5CoPS
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Figure 3.32. The 29-year mean ratio, /A, for 3-month mean SST from individual models. A is the ratio
between the model standard errors and differences between the model ensemble means.
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ENSO @/4oll gt 4] & A& it F8-d0] A} AXHA tiREe] dd7|H
A AefH gl SST E ENSOO] thet X421 1A U &4 H S Algs5tal 9
o}, SEAITE @A AlBokL s RS dSHE = Plume FHY 2HEH ASEE
ojn, AHAECA F o FHQl JAEAS ot B3-S F= B o
BE A AT 4 A FECS FH] S840 FA; F24EIL it APCC E3t
01349 99RE SST ¥ ENSO “ISHEE FHo|AE &l A5k 1o, o]
LF AYEA dEAEoln 1 R E3h AJTo] Aol wEkA Kot thefela
783 HEATS g AEL A= T2 9 dE7|& /do] B4l 2 AA A=
EF 713te] 284S aEfste] ENSO S7G7H 7Hel e, Ay /S /2 rhiigt of
Ut Z= d&7A 7reae); /%5/9F Ay 9 2y, 32 9% MME SE9%
71 JNEstaat gt

ot

ll

Ol

ENSO 57 ¥4 x2S 93t MME B&957]& 7ol 94, 4 APCC MME
6Y dl&o] Hojslal Q= BUE(CMCC, CANCM3, CANCM4, NASA, NCEP,
PNU, POAMA, SCoP9)9] SST A& Avkd o= AWEqItt. 1982-20109 717k
of st 37§E < Nino 3.4 A=l gt MMEQ] df&Z(TCC)2 AYAITE 170E(L1)
T} 478 (L4)elA 22 0.967 0.88= 7R Ho] Hsl &2 dI52S Hold, 53] A
PA|Zko] Zojyof w2 &Y rak A2 AoF YeRdtHIdE 3.5 9 X 3.5). =
g, APCCY] SST 5ol AlA fd8A718 Hn 3l o ol HEo] 2917 A
HE7] 95 IRI/CPC2 NMME A& vl /B7sielet. 1 23, Adgd A+t
SSTY] 4% APCC MMEY] df&2o] &2 AF(TCC ) 0.6)°] NMME®] H]s] thA §
A BE3}T, Nino 3.4 Aol tiaiAls NMMESF FARE d=8S Hh £3),
APCC MMEY] &2 a8 tiefet BHo] Fof2 QIgt &3 o] W2 HE 7]
b= Aoz U

ENSO &7 ¥ Axd&S 93t s RddE 571« IS 96, dsss
74 715 4\* ", EMPeE 245t B0 whE SR Zjo] Y of&E9] Aol & Hlw
/B7VoFdet. 41, Kolmogorov-Smirnov HIAES B39t F &2 A3 A (K-S

HAE)S B3) ¥ é 1d19] 3719 B Nino 3.4 A A&

£



| 7[R0EAR Vg 22 ZEIR s et HIEAIAE L

FA(E 3.9-10, E 3.7), & AFolME FHEEE 7P 43t PH(GAUS)S
ARESEITE ENSO S7/4%E BFolA d&ghs 47150 we /iE=d o && &
ol BRI 4= AAUI(ES|, FE +7F 22 1d; I9 3.11-12), 1 A3 FE
S7F ZAAY AEnde] Exvt AHERE & t2s Tl tigide F 7 o2
A& o7t SAXHCE o3t Ao ® YEITHLH 3.13). wWehA, ¥4 B4 &
3t GAUSY] dl=3 AT FA] APCC hoNA ATl = tercile ﬁ%@li 719
(Min et al. 2009)39] &Y 52 125t ENSO &7 ¥ Ax FEAESS A
GAUS 7= A5ttt

Z, Gaussian fitting WS &3 fEEE 9] S &S F4ol, /iR 9] o=
SE2 degdshs YHPMME LR 953 ENSO 7 % A& SEASHE]
715 A AR EAH 7RsAS B8] Y3l, Hindeast(1982-2010E) 2 AlA]
zt 0113(2013 2016)°l digt A5 SFA T ASoHArk. 11 AT} ENSO S5+ &
THIE 3.15) ofdgt A= oS0 SlojA PMME= AS8o] =4 YetH1d
3.16). &, 7% dYke} o EHOHH L1(L4) ©lX+= ROC score’} Z+2t
0.99(0.89)7 0.98(0.93)2 A335] w2 @b EAth AATE S disiA e TSofA
YERd ENSO HE/d= F7ds| & E—J?l Ao = UET 53], 2015/1619 A4
Rl o et Ay o] tisiA PMME= =] tigt di&ghs 2 U Al 52
Z Adst 202 YEPGtH 1Y 3.17-18).

T3t 7iEE PMME 71H< 7h 113} | $13t =2jog AERE] QAE HAsh= 7|
(model calibration) ¥ H2doj| tjefst 7EA]E Folsl= 7|¥(model combination)S
A-gsto] 71E0] R S-S v/} S 94, & ARolA ENSOE 425t
+ H E&5= 37149 B+ Nino 3.4 A9 BEEE= TS Aolts st TL
d 3.19-21), 11 23 #5332t AAGLE ENSOF A2shke= 7129 ¥(M-I)
4l IS FA TN E 7]' = YA ZEE/AEERE A= ot I
7} 2EofA] Ye= Hiolo]AE ok Ak BAT 4 Qle WHM-IL 18 3.22)=
ARtetict. Eet, theket MME 71%(POOL, PMME_N, PMME_SK; 3 3.4)& 285
o] Hindcast % AAIZF al&of tigt a9 B7H= $3(HSS, RPSS)g}OﬂE}- 1 43
Hindcast 7|7l Hi3iA M-IIe §3] #5342 &8s Ao|7} 241, d&2o] A4

[¢]
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o7 2 AAE/AB)el toiAl dEe ol ZA UehARHLE 3.23-24), AA|
dqEolM= M-119] &8 o] As Uea] Gt d 3.28). tHst 7215
Hojgt MME 7|9o] w2 ol&8 }o] E3F Hindcast & AA7E & REoA 895}
A o2 AoE UEHTHIHE 3.25-26, 19 3.28).

JEGE AARE dEoM M-I 7159] &8 o] UehA] &2 olf= 3l
71 AA, B FA(overfitting problem)E =5517] I8} cll&stalAt o= 9]
JEE HASH wiARECE S5kl IARERREE 2 HJHE BAVIIHE,
hindcast 71Zhell HsiA SAXRA A s wizoll, AL dlS 7173e] gt
E44 Aol disirl= dgshA X517 Mo, 22 ENSO ARl =e] ME
gol A} o= 4. &4, Nino 3.4 A5=gko] obd Aogts 83 ENSO S+
S ko] die @ANIE HHE HARE PSRz &8ss 29delEhe
Hindcast 7]7to] &2 A o2 BHEth(Es], 79t Y/t 73-9). AA, A7
W 29 ZA17F obd &2 A5717FC= Q18] HindcastollA U= QHE 411 o=

L

glo] oid random?t &S HA 7IsAHE U= A o& Helth £3], ENSO9| 54
& 4-589 F715 7HA7] dize] gt §19] F715 Eshe 4979 AAZE IS =
= A dISE Bl "igt 222 WE7l= 280 ERlt: Ee, ARl SH
A T o&71e0] A AAZE diEl diet FFe] driy FaRAE FRIT 4
UAATHIH 3.29). &, YHHH o2 E-8E= training periodol Hgt HSZ oA 1}
Aol AIE SISk, olF 53F7] 18l cross-validation WollA <32 SiT]
2tal AARE gEoA dSE Fol UEYA] b2 o US2 EIF st

%
[t
E_:
(e}

ThE2 =2 model combination 7IHE9] &8 = HolA &= o5 271
of NEEd JAE Hto] HF QA Kstandard error, SE)Q} WERE FAE Ht9
Zto|(difference, DF)9] HIE &

3.32), ol A=A &g /R do] S Eo] B dl&she 5ol &
%!

i

AA| AYR DS 5L A

RIZSHAl WESsh] wizol ot AJRolM A=AIH] ENSO d5dS FA17171



| 7I20EAR THE MER ZEIR MAS QIS HISAIAE! THE

S 22o] 2 F AR Aeli(mean state)ol] T3 RO R £2 AEHE Hole

spAjsto R, @AHQl ZHolAe] M-Il B84 915 234 717k Hhst NSO B8
U o] WHSE UIE 4B S 2023 o5 7195 49), Hindeast
71740l 2 71 F4ke] Aol AREE theA) Uehin £

7F/AE&E= 0.2-0.
3C A=Y AolE HolZ o] o&dhe 319 HAOE dFS vES U= =Y
Zpo|&2 HojZAck, ¢ Yok, ENSO £5 % 7k ghskEo is) 4wk ms 53
o] 7§ 20-80%7HA] Ao)7t Uiz 20 R SRIEQIT ol @A tiF=9] dd7]He]
A Zy7] &2 Hindcast 7|7+ o5kl 9low, E5t 714 tiast st/ 54 2 Aha
£ &-8olo] ENSO S5l tigt FEASHES AlFoh= [RI/CPCOA A= A=
52 713 AAoIA AARRE Nino 3.4 A9 HARZES E-85ok= A9E B7] wiol
[RI/CPCOIA A&3F= ENSO Plume?] A% ¥R E7o] & spread’} Ads] &
2 91 o 4= Ut wEkA 2 AFoA e PMMEE HEndEs A3t 7)1t
gt 7194k o & AL Nino 3.4 A& €-8cto] ENSO &7 % Aol Hhgt &gt
E2 AlTol] dizel, A= & 719gelA & & e FAIREC] tisliAl= IRI/CPC
oF ZpE/do] ltkal & &= it} o] Kot B Fa3 AEHL A F-USHA ENSO &H&
&Y HE AF3IL Qe IRI/CPCE ENSO ol tigh JHE Al5sta A ks
7401@. =, APCCOJA 1%& SST € Nino 3.4 Al &892 AlAR @718

L-9(Holk H|ZE =2)00 Q1o ENSO Z=o] tiet thsRdd/dE SEA5
BEE ATS S 7124 A5 FFsHL, F5 FAALH AL

A2E AR 5 Yo Fol B A7s ks oult Qi &
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=
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4. T kS HIS7l= T
4.1 NE

AF7H] APCC MME 7|$qEHEE F2 7|2, 7=, ENSO(OH—’FLE% Z3hol
o] AlFEo] gtk Ty 2 A oS PO E843 St AE +=E Hlof
W ASAEO] Qo] thFEEHA, MEL 7% Hd= 7HH*°1 FE5] 8E
A1 2). L Foll 7Fa2 oFeiA|GoflA] Foket & ¥ o7 $ 5 sholw
712 FAE d2 ARE SRR, AE7|F o] 49| AXkFRAA AYEofof sh= 7]

=

Jhl

Al e Ro] A8 A+ & 7|59S AH|A A 1T o, 2 7FES0]
AAow 9o i T w71 A P AH|A FHo] FH=d], 11 tFEAR]
SJJA|7} HEZ National Oceanic and Atmospheric Administration(NOAA) Climate
Prediction Center(CPC)S] “US Monthly and Seasonal Drought Outlook”°]t}.
NOAA CPCE 19 413 22 AR E http://www.cpc.ncep.noaa.gov/products/
Drought/ &df Al&stal QloH, ul= U iRt A9 7hg AEB00A 1 A7E &8

Z9]| Qlt}. Seasonal Drought Outlook(SDO)E YA AMEEH+&= A&+ CPC 7]/
5 ABAYI extended-range forecasts(ERFs), o8 &g wdlo] 7|&H)
(CFSv2, NMME, IRI, IMME, ECMWF), Weather Prediction Center(WPC)9] %-%
7] e} 747F] quantitative precipitation forecast(QPF), GFS2] 384 A|7F 52t
o] A4 dH, 47§ SR%C Palmer drought termination and amelioration
probabilities, 7 A& 9] 3ig 7%k climatology)¥} Z7]ZZA(initial condition)2.
2, %A A5 NMME & Rt o5t g9 Ad A% A=rt 7k A4S 9t

71ZARE EEEHIL U

F|Z o F71E H A2} o] 7heZ AR E Blolu AAFAR] ZAIE
AAPBVEI Qi o & 3%6}—1—@ AR 5O 716 AA " SRS S8t 55

AA o] QE A /loH, 11 F SR ‘At 7ks AR AAE(Global Drought

30) 9E £°], Colorado Climate Center(http://ccc.atmos.colostate.edu/)

31) https://www.theguardian.com/global-development-professionals-network/2015/oct/09/why-is
nt-there-a-global-body-to-monitor-drought
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Information System, GDIS)"9] E Q40| &= 1 JTHWCRP 2012). A& Q1 7}

= AE ALEE 7R GARE SHARE 7 ARl $7] Ve Aie BT ZE
of gith. ol fI5iA, 2T H7Ie] Wad A HE AmE VIHe R gt Vhe '
A FAATE 7Hg S AL JREe] et At7E HEs] ZFPE o] YTk o] Lok
AE AP $47] 715 SA RS B8 7 Agol & ar2Eefof fitk. Hao
et al. (20142 7= #AIet dlSo] A8H E3E2] Global Integrated Drought
Monitoring and Prediction System(GIDMaPS; 719 4.2 #%)& A7R%H v} oy,
ol AR P ] AE7|FASHE] vty glo] F= SAZQL ’pe] ZHtskarl Qich
HhHO Durtra et al. (2014a, b2 ECMWF System 4 2@ HIEO & 3 6, 1271
Standardized Precipitation Index(SPI; McKee et al. 1993, 1995) A+ &S 4
PolH o™, Lavaysse et al. (20152 ECMWFS] JAE A|AHS vlgto 2§ XY
7hg 7] ZEo| et A-E 533t v Itk NMME Climate Test Bed(CTB)ollA+=,
MME A#E o|&sfo] AgAog A 7FHES 9|=sla(Kirtman et al. 2013), 1

dl&A5S A1 tHYuan and Wood 2013; Mo and Lyon 2015).

APCCE: @A AL 7H2 ZHA] A2 HE AH|A32) Fo] 9lom, APCC MME 7]%d|&
ARE 7o R sk AR Az U 9 AARS JEfsto], MME 7| oEA RS
283 AAF 7HE oS A2"Y A 2 FheY, 54 B7PF 87" o 1
12 WQl 2017490 “cREndopAtE o 31835F M| 7HE o& AJAH st

=/ B7FE SRR SH, ol s 7k dlSol At vk Al A8 2 A
WHES AEsto] oS A2" ] g B7ISHA gtk ole FF AT R AEA
TETY oV71F FEE ATTZM, APIA diS 9 AF HgS A%t 71x AA=
o] FE Ago] 7]ofg Zler Helth

_|>4 olN ){ﬂj

32) http://www.apcc21.org/ser/global.do?lang=en#grap2
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U.S. Seasonal Drought Outlook K 000 0%
Drought Tendency During the Valid Period { i
Valid for July 18 - October 31, 2013 N
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intensifies Posted/Predicted
Depicts large-scale trends based on subjectively derived probabilities guided by short- and
EZ Drought remains but long-range statistical and dynamical forecasts. Short-term events — such as individual storms —

improves cannot be accurately forecast more than a few days in advance. Use caution for applications
— such as crops — that can be affected by such events, "Ongoing” drought areas are
I prought removal likely  approximated from the Drought Monitor (D1 to D4 intensity). For weekly drought updates,
see the latest U.S. Drought Monitor,
NOTE: The Green and Brown hatched areas imply at least a 1-categery improvement in the
| Drought development Drought Monitor intensity levels by the end of the ienoa aithough drought il romain,
 likely The Green areas imply drought removal by the end of the period (D0 or none)

Figure 4.1, U.S. Seasonal Drought Outlook of NOAA CPC.
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Figure 4.2. Global Integrated Drought Monitoring and Prediction System (GIDMaPS).
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4.2 712X+e| 4

DR TES B8t AT 7 diS Az N H dSA 87 FEl, TN
< goshe #4 17%nd1cator)—4 Aol a5, & AollAe &9] 2ole 7hE A

T S8t WUjke 19 st} /ittty Ve Ale] AR VIS He 57K 7€ 7HA

@ ARBARA X3 HHAQL 24207} ?

@ HAFH ZHoA 83712

® Aol QoA Feol A=

@ MME A2 Hlgro s W} AAzre 1ash o) 74838 2 9lirp)

5 AlQ & o ,_/‘21& o _‘]‘I_E:] ] ]Jé ] 01‘—7]-‘7

A

55| AN EE HEAR] 7he A5l tishA A3 A5 UA AEskL, 919 7=
of wt At 7he AgE ARsA itk & AFolA TE XeE I Aee2
HHEAFOZ AREE+ Palmer Drought Severity Index(PDSI; Palmer 1965),
self-calibrated PDSI(sc-PDSI; Wells et al. 2004), SPI, Standardized Precipitation
Evapotranspiration Index(SPEI; Vicente-Serrano et al. 2010)2] 47}A]o]H, Z+ X|4=
o] EAZ ot & 4.19 7|&= Ut

Table 4.1. Main characteristics of various drought indices.

Index Characteristics

* landmark
* Soil water balance eq.
* Wetness (+), dryness (-), based on supply and demand concept

PDS| * Prior precipitation, moisture supply, runoff, evaporation demand
* Strong influence of calibration period, problems in spatial comparability,
subjectively in relating drought
so-PDS * Spatially comparable
* Fixed temporal scale (between 9 and 12 months), autoregressive
SPI * Precipitation probabilistic approach

SPEI * Precipitation and temperature (climatic water balance)
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H 4.1004 Yehd AAE i 7 AeeS L dSAtm, AL, ool wet
P 7ol Yetdle 8 50| t=r, wahA 1 9jujot 8 e tE 7he 11
gF 99e 18slo] Yurdog 7|AsHA(meteorological), A& (agricultural),
55H4] (hydrological), AF8]8H4(sociological) 7Fa2.&2 Ui=d|, PDSI+= EY 4
2 2Rt EAR] 7o 7REAlrel SPIE A3k aLEsto] Aot 7145t
A 7hgolnh. wiEhA 11 7479 TREAleE 0] A AHe HEL T siA] HoflA:
AZ e FJHE Algelt) SHATE dutdo g T2 FEH(GE £, Aoy $HE
AlFsh=A]l BRIk A2 A5 Aol A8 =go] HE= o|F fIsiA Ag= 7t
DS AHESI & o A7t 7ReE UERd W, HE A7 o8] 7ReE YE
WA Rlstlnt. E3E 2 A= APCC MME 7]$dSARE 7|5to2 H3 7He
S AmE B4 H AH|ASHE S BHE SRR, dYoA MMES] 7| $oSAtR 9]
AEARE A= 3= X} £ AZ(ground truth)C.& R 1l o|2H¥ AAH 7=
A7 UE 7HE ARl dRtHor A2 AHE AlFoh=A] gRlstlH

)‘ o NN

]I

T8 432 718 47kl QAo AR HolRid, A450] AR 2 A7)
o L AB} SAHS AR EAE wealA] Blal] s A% 7kl AARE 7}

A3l A= (temporal correlation)S AT ZF A5 AAkE| L5 A= &4
(data source)tt A5 AL Yofl AREH 7|7Hcalibration period)> A2 o=
o, 3 4.20] F= et A7) A B4 19835 F 200597HA]9] 717k o]
Boto] AW Z2 AFHZ GRlskgih EIF FRdolA ol&ste BSESAE
(NCEP/NCAR®] 7] 9 CAMS OPDEHH AAHE 7HaA5(SPI Calc®t SPEI
Calo)¥} t& #5 databaseolAl 742 A5539] Zpolx] 9 Alte A& 49| o
A= gRlsklth. T1d 4.3004 49 g 7AW AeE 7 2 A2y o1 7H
< ulsh, 1 A gho] 2H 9] Frk o] S Uehdch PDSI® SPI=
o2 499 7he AeE YEAT, IAkE 22 A7l fARE 7HE JEE FrHE
4.32). SHAEE A A5 2 AAE ZEQl SPI(Calo)i= 1 dAJo] "ol (1
4.3b), o= 22 A4 719l SPI9t SPI(Calo)ollAE 183t AS & 4 Uty
4.30). RE] BLolA, I Bt o th2ARE 22 A e 2= &
UTHLE 4.3a-h). SHATE of7]of| A &l & 2 AlAHE SPI(Calc)?t SPEI(Calc)
o] T Bt & A2 @5]8 wiie] FHOE dry/wetS UEHES & 5

_l
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QJth. SPI(Cald)®t SPEI(Calc) Atole] A5 (sign)7t %2 the 2 &e SPEIZ 7jdsle
A3t test-bed(Vicente-Serrano et al. 2010)33)°4 A=l S-S & 4 Uth
ERE o]2fgt A9 F4Hevapotranspiration)o] 345 22 A 3902, FriH o
B o] o] Sl Hls & ZoE FAE] Ritje] FFor Ut Ao® HA
ot E= W5 4] ofd 7Rt g FHARS 27355kt o'l AL tha
AJolgt AIE Fgh Aoz Kol 72 wgtog SPEIQF o] water balances
A125k= PDSIY sc-PDSIE B 2 59 574 mizol 505k o]4d<] aeeofMe=
TOIE Q3t30). E3L, i) o] s, SP) #5 Awrt e A9 A
olgt A7E YepH-S ofu] & A2A QtHSohn et al. 2012a; Mo and Lyon 2015).

MME 7]%0]& 259] 718 W42 12|5}H SPI®} SPEIE AARY 4= Ql=d], SPEI
= A PPl 7 W wiizol, Aol AjelE Y 4= Qirk SPle A
AETR ARSSHEE ATl 71go] #a, T3 WMOONA 7 THAIE gt A=
sk R, wEka] AA71E tiH], of2et olfet 2SS ko] & AFtollA
+ 7FeAla= SPIZF AFEA ok&d, A& 7t Wt oS A
o}, 37§ SPI(SPI3) H 6711€ SPI(SPIO) &2 S-¥stal 1 ASHS HStaLAt &
Ch(E HuA9 24 A= $2 SPIce] ishiA vehdct) £3], 371 9 67iES
A 9 A S99 7heol 93 PRl AR FE(McKee et al. 1993)2 224
lol, 71FARE HEOR 3 &8 AT HopollA {85t &8 & 4 Qirh

33) Vicente-Serrano(2010)> SPEIE 7Hdtstil, 11 A|¥(Albuquerque, Tampa, Sao Paulo, Punta Arena,
Helsinki, Wien, Valencia, Kimberley, Lahore, Indore, Abashiri)ollAl 1 &|(performance)& B7}

34) http://www.ntsg.umt.edu/project/modis/mod16.php

35) SRS Fgok= of=] WY F, 71°1A= Thornthwaite(1948)2] WS AHE
36) http://www.cgd.ucar.edu/cas/catalog/climind/pdsi. html

37) http://www.wmo.int/pages/mediacentre/press_releases/pr_872_en.html
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(b) PDSI vs SPI (Calc)

(c) SPI vs SPI (Calc)

(e)

o we 1ee
sc-PDSI vs SPEI

12'0E 1;0
PEI (Calc)

T

6 Gl;E 12I()E
(i) SPI (Calc) vs SPEI (

180 120W 60W
Calc)

-0.8 -06 -04 -02 0 02 04 06 0.8

60E 120E 180 120W 60W

Figure 4.3. Consistency of inter-drought indices. PDSI, sc-PDSI, SPI, and SPEI are taken from different
database. SPEI (Calc) is calculated based on 2m air temperature form National Centers for
Environmental Prediction-National Center for Atmospheric Research (NCEP-NCAR)
reanalysis products (Kalnay et al. 1996) and Climate Anomaly Monitoring System QOutgoing
Longwave Radiation Precipitation Index (CAMS OPI; Janowiak and Xie 1999). Both SPI and
SPEI (or Calc) represent those estimated from 6-month accumulated data.

Table 4.2. Brief data description of various drought indices.

Index Database

Data Source

Data/Calibration Period

PDSI  https://www.esrl.noaa.go
v/psd/data/gridded/data.
pdsi.html

sc-PDS|  https://www.esrl.noaa.go
v/psd/data/gridded/data.
pdsi.html

SPEI  http://spei.csic.es/databa
se.html

SPI https://rda.ucar.edu/data
sets/ds298.0/

Dai dataset (Dai et al. 2004):
observed or model monthly surface
air temperature (Jones and Moberg,
2003) and precipitation

surface air temperature (HadCRUT
438)) and precipitation (-1947: Dai et
al. (1997), 1948-1978: Chen et al.
(2002), 1979-: GPCP v2.2), surface
forcing data

CRU TS 3.23 dataset

CRU TS 3.21 dataset

1870/01 to 2005/12

Available from
1850-2014,
Calibration from
1950-1979

1901-2015

1949-2012

38) http://www.cru.uea.ac.uk/cru/data/temperature
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431 BT 712 OENAY

SPIG 8] 244, APOC MME ARARA IAHL e B 7 7)-AY
3 g BYold GaE 48 3% % A2 B Y
5457 3709 L 6719 71700l ol 4 F SPL A5E AXSHAC,

< 7 S 2 BE AIA"ES S flste], 7 AAlE $83%F 840[H
APCCQ AT 7HE A AR ABIAE 2.5°x 2.5 A0 W et RS ARgSTo,
1, 3, 6, 1271 B919] SPI9] A+ BEE AlF3tct SPI AXMS YA Climate
Anomaly Monitoring System(CAMS)¥} AFFdutEA Outgoing Longwave Radiation,
OLR) == A|4x(Precipitation Index)(OPI)(CAMS OPI; Janowiak and Xie 1999)7}
/\}_Q.ch o]}: /U}\]7]- <y xi:rL 71—/‘\ X]’E /\g/‘\}.g Hsﬁ/q 7&4_7%]0];]&5_]3_’] Nz%}:—"]'
9 duEEozRE 9 24 e TR P4 B4 A=Eolok. Egh CAMS OPle A4
Ztog 4 a2 AFsh] i APCC MME 7]3d|& AHao] AL 9siA AME-
SHaL Stk metA] 2 AtolMe d Bk A 5 A= =2 CAMS OPLE ARSI

Gyt J5olS A= APCC YR 6718 MME 950 AR £l 8719] A7 o
71-31F e s 2g9] BA7| TS0z R E dolAth H 432 B Ao AR
H 87 BP9 EEy} vy A Uehdth B Ao ARRH RE 1Y ARE TE

2.5°9Ex 2.5 73 SHIER WRFEI. IA7FAS 9 4SS s, 4 713t
7kQ1 1983-20059= AMESHITE R o] At AalS
AZ}o] tigt A% @ XH(systematic bias)E EAs}0d, SPI

dZof ARSIt 712291 Hd HAF B WHLE Yoon et al. (2012)7 5o},
oj7]o] EZHA0] gigt WA A(Sohn et al. 2013)& 7151tk E3F HAF YL
Hdo] AlE A AlA &, B#E9 Hu #LEARE B o = WA F6kele
o] RE IHL w2 HZcross-validation)S =3 J—]rﬂ 7150 A7 E ARYAksH
Aot ES, 9G¥ IS MME AESA=E HA By § SPIE &g 4(olst
MMEp)e}, B4 /¥ 2§ o &x82 SPI & & MMES #3F 4-2(o]5}, MMEs)
£ vttt mHRHEEe®, SPIbe £41717H1 1983-2005E A A=(F 27670 ¥
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4.3.2 SPI

£ Ao A 7RSS Aol ARSh= A2l SPI= McKee et al. (1993)] 25
Aoz Ajkd ¥ozs EXVIT tisfA FHE AeHE dd AR 2%
(distribution) & HEol=d|, +4 Zr-He HE Gamma X5 7= Aoz 4y
A Stk of7]o|A dolXl Am ER= oA 5Y SES TH = BEE A9t 2ER
MY == o, o] gto] HEZ SPI AJsolti (1™ 4.4 &X). SPI3F SPI6= A= W ZA|
24 7|17E ARgoto] AAEE|ATE. SPT A AHY

mlo

93t Hek A L ofehet

st
o

4.3.2.1 Gamma SE2Lalt

1 T
xa e I//j

B (a)

ol71A, a : FA7|H(shape parameter)
g ZAu)7fH5(scale parameter)

v Z3H(precipitation amount)
I'(a) : Gamma $<(gamma function), I'(«) = / Y e Vdy
0

a®} B Gamma FEULETSO] AlGZA AZFE]0] uet oy dSHER 24
3}=d], Thom (1966)2] HHo=z A3},

4A

~ 1
a:4A(1—|- 1+T)
b=
«
1A, 4 =X =0 Sk Amo] 2

015 530 AXHEL u g o183 dhiAIe] ARl T 79kl e
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4.3.2.2 F7teE 21e(Cumulative probability Distribution Function, CDF)

G’(x):/ g(z)dx = ,11 / 2 lem /By
0 a)? o

Gamma T == 0914 9] =HA] goy i E 02 Yepd 4= gleuzg =7t

54le theat Zo] &3 Rxgos uehd 4 gt

et w7 ol-8ste] il Wl
o A8AA EEFFATE AP Eot

Z=S8PI= —

Z=S8PI=

D AR 2E, AESEe)dl iRt 7 L (m)] vl

st HEEE A

A
(@2 |
co+ oyt + cot?
(t——————"——), 0<H(z) < 0.5 ¢, = 2515517
1+ dyt + dot” + dyt O s0as5
cy, = 0.010328
¢y + eyt + cot?
+(t - ————————), 05<H(z) < 1.0 d, = 1432788
1+ dyt + dot” + dyt o e0200
ds = 0.001308
t= 4/In( 1 2), 0<H(z) < 0.5
(H(x
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Climatological Gamma Standard Normal Distribution
Distribution

=z P(SPI<-1) = .1587 P(SPI>1) =.1587
g
=
[=2
=V
e

Precipitation -1 0 1

amount SPI

Figure 4.4. Defining SPI from accumulated precipitation amount.

7t 7 o|& 2d 2 T MME(MMEp2F MMEs)ol| that SPI 34 7| Fof|Z0] 1983-
20059 7|1&0 2, SPIGO] HsiA AZE|9ch oW verification measure= A5}

L= 45 23] &olE & 4 g, ofg] 7] SHoA 2ZAQ] HS5E 5he
o] a5t webA 2 AFoME ALE SPT gl tigt gl dsAade 3
7Fot7] Y84 Pearson Aol o] €&, AJ7H4Ql WMEAd(temporal correlation;
Barnston 1994)7} 37F4?1 F-AMd(spatial correlation)®] @7 1=t} Temporal
correlation¥} °F&# Linear Error in Probability Score(LEPS; Pott et al. 1996)7}
A THEA=E, FA= AA Ak B7to] ot} EHE B4 9] A Bt
TS, e ARElel dishiA SRR B7Ish] AsiA, SPIE 72 Aol HisiA
ZFE IS Uie (FE 4.4 =), 24719] o[ ES] tiet dSAdE Adsiainh. A5
O F= hit rate, false alarm, threat score (Mo and Lyon 2015)& o]&sto], 7H&

Ty, A, H9E 7.
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Table 4.4. Flood/drought conditions categorized according to the SPI value.

SPI values Category
2.0 Extremely Wet
1.5 to 1.99 Very Wet
1.0 to 1.49 Moderately Wet
-0.99 to 0.99 Near Normal
-1.0 to -1.49 Moderate Dry
-1.5 t0 -1.99 Severely Dry
(-2 Extremely Dry

lo

SPI9] ®5/d2 QEA] 4 WEAol 7|ZSHEE(H 4.1 42, A A5 4
ofsfish= A2 A 7Hae] 542 olslish= © SlolA 7HY S237F 840t 19 4.
< /MY 3 AT EAlvariance) #EE HojF=t|, F AL E= o5
7|1Eo g HHA 0 g2 Aolel 4 MeAdS HojEr ERb AZoME ofxeyrt tis
o] J& XY, FHOIo}, T, JuoflA & ¥HE/ds HolH, W= ExtL ofFofA
A ofxE7} A, AgobAlof, FHOFAo}, FEoAoL, Fr] FRA|YH, HAHA
1], G@U] iR GolA 2 5 HEdS Btk ol 9 A9 £7] Al sigst
=], A7+40& wet summer-dry winter(B8H 7|5 0.2 Q0oFg 4~ Qlom A=t
HorAlol, ForAlol, T, E(A) ofmejrl, B/d9H| E& A9 ¥iEde UEd
A ol2et A+ E= AIAE(Wang et al. 2012)2 A2 = =8Hwater cycle)
< Z7Ast=t 583 8492 & 5 U

o M

l‘ll‘

9 4,62 22 AQFROIMS] T SPIZRE AXE 7H2o] HIER, 1983-2005
9 AA 717 B SPI6TE 12T AL SI(E 4.4 FD)Y 45 Uehith dubHom
BT Agols S BT R4, o B0l olmalr} B Ko, 55, ) A

ol & 7He W WIS Hlnh sHAJYh F4#s/do] & EeAldERt AA, 671
A o] 24l 30 mm/dayE 23Sk AH)9] dROAE & 7he WA HE
Bttt &, 449 wet/dry o[HIEE= A2 v A (asymmetric)olA AT 4 Q1
. ole A5 Arm A v B 7R A W AEA A5 Es]
iEo g Holth

ol
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Figure 4.5. Interannual variance for the 6-month accumulated precipitation, based on (a) NDJFMA and
(b) MJJASO.

(2) NDJFMA (b) MJJASO

305

T T T T = 60S T T T T
0 B0E 120E 180 120W BOW 0 60E 120E 180 120W sOW

2 5; 10 15

Figure 4.6. Frequency of drought occurrences based on SPI6 ending in (a) April and (b) October. Blue
line denotes the monsoon area with large precipitation variability exceeding 30 mm/day.
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(a) NDJFMA (b) MJUASO

60N 60N

. W 3 .
30N { & 30N { &
3 o] ®

30S - 308

60S — 60S

0 60E 120E 180 120W 60W 0 60E 120E 180 120W 60W

O [ T T

-16 -08 0 08 16 24 32

Figure 4.7. Same as Figure 4.5 but for skewness.

T% 4.59} 4,602 R AT A= wet/dry o[HIES] thaiA] Bt (asymmetric)
SHA| Ao, Bt = oS HEREC R VN A5 AeiA| thEe € o AL

olefet Blef YL TR HRelSol BATS Hlslgnt. webd B L o) A=)
=]

H
4.5 #5329 AR 7124 B 54E EoET. o/iE FAde A Het
TS A=E 100 77k 24, el ghe 7l A=(0.53)2 H=(0.17)8 7RI
MME= #=o] B|3 242 oz 7|, et Hes 27 Zolstal Sl =, H=E

A3, dry event= & RS & UZ HERAT

9 4.82 I3 MME 7|5SAt2E 7IHeR, 67 4] =l it =2}
HX9 moment ratio A7 X5 scatter diagram Q2 HoJ&Et}h H=ZoA= Akw
2329] Zojfo] AH, Y= HURE 50| FH5IL Jrw= 2500 7R = 7HH
F o] Hl&2 A= o] B4 24 &9 F4E UEhdth. MME ASAR: + &
AR9] vl& 22 9] FAZ YERAYE dree FA A0, ke i og Ao}
A&z 7+ Eoixlo] wEof Blsf| At sHAIRE, oy MME 7]|%al& ApmofA] A=2
2 A= O] Hato] YA UL, F A o] JGolA FARE Am £
£ 7HE € & A S Y deE THHEA JE0F A2 gET 22, olHgh
79| Bl gL TE3 MME o5 A& R0l B 4= 9k & MME AF&2o] i
£ 18 T o, dry event= & BT £ YA wet tailS AS5ck= "= HAE
7 ¢ lSS QAT AAH o R MME A AR A 7R AdI5-E of=tl v

2 714 % 9leg ehdt
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H, 9 4.9 SPI69] A+ B time seriess HoF+=
AE/d(Lyon et al. 2012)& HojEt. o= E4717t qﬁﬁ/ﬂ ‘:’H% o]&3gt
T2 U ® ALEER, o] o] A57t 7= A2 Aot ESE, o] A

SAE 19 34 (decadal trend)S Hojst) thE A9 ﬁ:r“’ﬂ/ﬂl‘ A4

& J&+= ENSOSF #Ho] 111, o]= Pacific Decadal Oscillation(PDO)Y Atlantic
Multidecadal Oscillation(AMO)°f| Qa4 M= E 4 JdS(Wang et al. 2014; Hu
and Feng 2012)= B3l v} Qlt}. o714 =5 & H2 SPIGA ¥5/3-2 MME(17]9]
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Figure 4.8. Moment ratio diagram for accumulated precipitation at 6 months based on (left) observations
and (right) MME prediction. Red dots denote the mean of whole samples.

39) 4.44°] MME SPI 9&A72E= MMEpS 9Ju|
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Table 4.5. Global mean of basic statistics of accumulated precipitation at 6 months.

OBS MME APCC CMCC CANCM3 CANCM4 NASA NCEP PNU POAMA

11.3

0.48

9.97
0.42

10.3
-019 004

10.61

10.81

10.17

10.02 1034
0.43
-0.11

11.55

9.84

Variance

0.36
-0.25

043

-0.03

0.44

-0.07

0.39
-0.27

0.36
-0.29

053 041
0.17

Skewness

-0.09

Kurtosis

-0.56
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Figure 4.9. (a) Time series of the observed SPI6 (left; shaded) and LEPS of MME-simulated SPI6 (right;

1985 1987 1989 1991 1993

1983

blue dashed line) averaged over the globe. The temporal correlation between the two time

series is given at the upper right. (b) Same as Figure 4.9a but for global extent.
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AT B2 720 EAS olsIBha motshe Anke MEw, A4 s AT 1
o] WS W/AEE 7% oE 228 AYE BT AGske Aol deimw
SPIE 5] ol AT 7% o= Aol WA BIAHSI 13 4,102 APCC
MME clZA1250) 4 Bt 44ee) =4S tehysd), Quaoz 4w 4%

AT 0] ol Yol ALHL A YeRA 3 & 2 9Ack o], A
Q WA} A e, A% A6 24 dj2e] T4 e, o] Mee st
239 A ol&A(potential predictability)e] & A|FC 2% 2 IHA ArtHKang

et al. 2004). 53] 1 FoA= G HELFY d&4o] 7 w0, o]t &g
ENSO #1540 34| 7|08k k= Aoz 4#A JtkSohn, 2016).

SHARE, A 7he dIS0lA 7 $83F 84 SA] AgalS AEC|EE, sjde
AlLlgt £4](in-land) A|9o1412] o] &/do] thAl B7F HJATHTH 4.11 F=F). A
AF Al24(0.15~0.18)7 &4 A YGRte] afl&4(0.10~0.12)S vl ¢ off, 84| XY
AfI5Ago] thar ol Aol o, 1 #e](0.05~0.06)7F 18] A ¢Fom, o]
o} & AEAGE WAER] =t A= 9 4,103 4.119] &4 9] Aol Erj EfF
FoA UEhs & 429 «3F ddS 7 &2 ASACIA HIESk=, ole
ENSO®} 22 F9 7|% Ko o 92 3= & & St "iHo| fx]o49]
gL & 129 +3 ' Holz] okl X9 ZHlocation-to-location) HA}
Thar AA HARo| A9t & HRlH o= ==rX] T 54 U =Y 03'5
g S QAL Q5] T AH2] A9 (locality)oll B 715k, whebA gt B
o A 8% G 7IZtoly Ao wet A HES & o Atk

T35 93 g9l 7 ]5—* & A HHA]] Zpol 5 Hol=t|, BEHto] oS4
AR T AS1} FAFSHY ofE BIR|A] Eohs ol ARt EHIE] S i os
=2 A4S Uﬂi‘ruﬂﬂr(la 4.12 #=x). 7/IE 29 7F 2Fo](inter-model spread)®
433 A YEtUH, ol AotrEo] 84 g iS40l AR A doldE &

AQ

0&0r+

k. Z, 78 71F 2EQ IFPo| A4 ¢ A9l B 2 A9, 2d 7 AAYY
BA7} 3 Wtk Dol RS, MMEE Q¥bHoR ngo) Jirt ke
$20] o5 5 HOlZORA, FF 7RE oI5 ALEOIA A8 2] v 3-8

Auz B89 4 Y AAki
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Figure 4.10. Global distribution of temporal correlation coefficient (TCC) between observations and the
MME prediction for (a) January, (b) April, (c) July, and (d) October. Values with absolute
magnitudes of 0.526, 0.413, 0.352, and 0.277 represent the 99%, 95%, 90%, and 80%
confidence levels, respectively. The area—averaged value over the globe are provided in
upper right of each panel.
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Figure 4.11. Same as Figure 4.10 but for global terrestrial region.
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Figure 4.12. Area—averaged values of TCC between observations and simulations, over the terrestrial
region of (a) globe, (b) northern hemisphere, and (c) southern hemisphere, from January
to December. Hatched bars in purple and plain bars in sky blue denote the MME and
model prediction, respectively. The numbers from 1 to 9 in the upper panel and legend
indicate the MME and its member models.
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Figure 4.13. Time-averaged values of pattern correlation coefficient (PCC) between observations and
simulations, during the period of 1983-2005 for (a) January, (b) April, (c) July, and (d)
October. Hatched bars in purple and plain bars in sky blue denote the MME and model
prediction, respectively. The numbers from 1 to 9 in the upper panel and legend indicate
the MME and its member models. The mean values of the MME and model prediction
are provided in upper right of each panel.
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40) https://en.wikipedia.org/wiki/1988%E2%80%9389_North_American_drought



4. TS OE7IE g | 97

(a) OBS (b) MMEp 0.69 (c) MMEs 0.71
TOM - oM - - TS 70N = - —
0N Bon e ? 'ﬂl 0N <
50N 50N < 2 =] s
40N 4o - \ il
20N T T T f T 20N 20N

TSOW  I3EW R2OW  10SW  GOW  TSW.  BOW  1S0W  135W  I20W  108W  OW  TEW  BOW  1SOW  135W 120W  10SW  COW  TEW  BOW

(d) APCC 0.56 (e) CMCC 0.54 (f) CANCM3 0.66
TON = 9 = TON = -
oM - Ean
50M 4 oM
40N 4 40N <
30M 1 30 -
20M - 208

1

T T
135W  120W  105W SOW = BOWN

CEP

SOW  IEEW  120W I0SW GOW TEW BOW 150w
(g) CANCM4

sow
()N

SRERE

SIW

2 =15 - 1 15 2

Figure 4.14. Spatial maps of SPI6 ending in October 1988 over the North American Continent based
on (a) observation and raw predictions without any calibration from (b) MMEp, (c) MMEs,
(d) APCC, (e) CMCC, (f) CANCM3, (g) CANCM4, (h) NASA, (i) NCEP, (j) PNU, and (k)
POAMA. The PCCs between observations and predictions are shown at the upper right
of the panels, from (b) to (k).
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Figure 4.15. Same as Figure 4.14 but for the bias—corrected predictions with observed climatological
mean.
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Figure 4.16. Same as Figure 4.14 but for the bias—corrected predictions with observed climatological
mean and variance.
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Figure 4.17. TCC (x-axis) and PCC (y-axis) skills between observations and various prediction for SPI6
for the domain of (a) globe and (b) North American continent. TCC skill denotes the
area—averaged over the domain and PCC skill denotes the time-averaged for the whole
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Figure 4.18. (a, ¢) TCC skill and (b, d) root mean square errors, between observations and the
mean-calibrated predictions, of SPI6 for (a, b) MMEp and (c, d) MMEs.
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Figure 4.19. Same as Figure 4.18 but for the mean and variance—calibrated predictions.
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Figure 4.20. (a) Area—averaged TCC (x-axis) and RMSE (y-axis) of the mean (mean and variance)~
calibrated prediction in blue sky—purple (in orange-red) with observations for global SPI6.
(b) The difference between mean—calibrated and mean and variance—calibrated TCC and
RMSE. Various marks in the legend denote two MME and their member models. High
TCC skill and low RMSE is denoted by the rectangle surrounded by red dotted lines in (b).
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Figure 4.21. (a, b) TCC skills of the mean calibrated predictions from (a) MMEp and (b) MMEs with
observations for global SPIB. (c, d) Improvement of TCC skills from (c) MMEp and (d)
MMEs, compared to baseline skill of persistent run. Shading denotes the value exceeding
the 95% significance level.
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Figure 4.23. (Left) PCC skills of the various predictions for the global SPI6 during the whole period
from 1983 to 2005, and the time-averaged value. The numbers from 1 to 11 in the right
panel and legend indicate the MME and its member models. The corresponding colors
between left and right panels denote the same model prediction
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Figure 4.24. Verification skills of categorical forecast of (a ¢, €) MMEp and (b, d, f) MMEs for drought
occurrence, based on (a, b) hit rate, (c, d) false alarm, and (e, f) threat score.
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Figure 4.25. Global mean of various verification skills of categorical forecast of individual models and
their MME for drought occurrence. The numbers from 1 to 11 in the figure and legend
indicate the MME and its member models.
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Figure 4.26. Verification skills of categorical forecast for (a ¢, e, g) severe and (b, d, f, h) extreme
drought, based on (a, b) hit rate, (c, d) false alarm, (e, f) threat score, and (g, h) bias.
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Figure 4.27. Global mean of various verification skills of categorical forecast of individual models and
their MME for (a) severe and (b) extreme drought. The numbers from 1 to 11 in the figure
and legend indicate the MME and its member models
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Figure 4.28. (Left) Time series and (right) time-averaged value of various verification skills of categorical
spatial forecast of individual models and their MME for drought occurrence over the globe,
based on (a) hit rate, (b) false alarm, (c) threat score, and (d) bias. The numbers from
1 to 11 in the upper panel and legend indicate the MME and its member models.
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Figure 4.29. Time-averaged value of various verification skills of categorical forecast of individual
models and their MME for (a) severe and (b) extreme drought. The numbers from 1 to
11 in the figure and legend indicate the MME and its member models.
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Figure 5.1. Spatial pattern and principal component (PC) of the first and second EOF modes for DJF
mean T2m in the entire EAWM domain [0°-60°N, 100°-140°E]. The numbers in
parentheses on the top of the panels denote the contribution of the total variances, whereas
the numbers on the top-right corners of the lower panels denote the correlation coefficient
between the PC of two major EOF modes and DJF-mean T2m averaged over Korea
[35°-40°N, 125°-130°E].
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5.2 Xz R ¢+ YH

5.2.1 A=

AREE HEE 3 5.10] HAISH R, I4717H1983-20109)9] HANEAEE 7t
A= 9719 wd 2709 two-tier EE(APCC, HMC)Z 7709] one-tier EF(MA,
CANCM3, CANCM4, NASA, NCEP, PNU, POAMA)o] g€t} A& g= 11
S 27| 27AC=E dEd ZAE, 1/4¥E 9= §HIAE 7= 37§¥(December,
January, February) B(DJF) o= Atzoltt. EAWM d=8 H71E Ysf 1983/844
FE 2010/11d(2849) &2t IANSARTT ARGE o™ AT A 54 242
flsll 2012/13 @58 2016/1797HA(58)9] 57t ARGEQUTE AREE HE HhT=
=] IMA g AA2] 27go] "ok, o= Appendix 40l AASIA. ESF F=
EfQlo] wE EAWME] dll&/dS H719)s 6714 A5 A=rt A= oH, 671 A5
Azoll= 6719 one-tier ZH(CANCM3, CANCM4, NASA, NCEP, PNU, POAMA)
o] AFZE Ut dl&8 AZS 98] ERA-Interim A&7} ARREQloH, 5719] tf7] ¥
ZSLP, T2m, T850, Z500, U200) 7} S5t 2F7t oS4 vl d FS5=S &olst
A 371 Y3, RE A= 8 HAE 2.5°x2.5°F YISt ARgdIgon, Hols
sl & AFoIME 1993/94 DJFE 93¢ AL=E H7| 31t

Table 5.1. Description of 9 APCC models used in this study.

No. of

Model Institution ensemble Reference
APCC APEC climate center Jeong et al. (2008)
HMC Hydrometeorological Center of Russia 2 Trosnikov et al. (2005)
JMA Japan Meteorological Agency 5 Takaya et al. (2010)
CANCM3 Meteorological Service of Canada 10 Merryfield et al. (2013)
CANCMA Meteorological Service of Canada 10 Merryfield et al. (2013)
NASA National Aeronautics and Space Administration [ Vernieres et al. (2012)
NCEP National Centers for Environmental Prediction 20 Saha et al. (2014)
PNU Pusan National University 10 Sun and Ahn (2011, 2015)

POAMA Bureau of Meteorology 33 Zhong et al. (2005)
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Figure 5.2. lllustration of the regions for defining the existing EAWM index, as listed in Table 5.2.
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Table 5.2. Description of 13 EAWM indices used in this study. Here, SLP: sea level pressure, U: zonal
wind, @: geopotential height. Superscript * denotes the normalized field.

Index Defining Variable, Level, and Region Reference
Chan_P SLP gradiant, (30-55°N,100-120°E)~(30-55°N,150-170°F) Chan and Li (2009)
Gong_P SLP, (40-60°N,70-120°E) Gong et al. (2001)
Guo_P SLP grediant, (10-60°N,110°E)-(10-60°N,160°E) Guo (1994)
Shi_P SLP* gradiant, (20-50°N,110°E)~(20-50°N,160°E) Shi (1996)
SLP* gradiant,
WangC_P {[(40-60°N,70-120°E)~(30-50°N,140°E-170°"W)] Wang and Chen (2014)
+(40-60°N,70-120°E)~(20°S-10°N,110-160°E)]}/2
Wang_P SLP* gradiant, (40-70°N,110°E)-(40-70°N,160°E) Wang et al. (2009b)
Wu_P SLP* gradiant, \Wu and Wang (2002)

(20-70°N,110°E)~(20-70°N,160°E)
Kim_P SLP* gradiant, (20-40°N,140°E-150"W)—(50-70°N,80~120°E) Kim et al. (2017b)

Cui_Z ®*, 500hPa, (35-40°N,110-130°E) Cui and Sun (1999)
Sun_Z ®, 500hPa, (30-40°N,125-145°E) Sun and Li (1997)
Wang_Z PC1 of @*, 500hPa, (25-50°N,100-180°E) Wang et al. (2009a)
U gradient, 200hPa
Li_u {I(30-35°N,90~160"E)-(50-60°N,70°E-170°W)] Li and Yang (2010)
+[(30-35°N,90-160°E)~(5"S-10°N,90-160°E)]}/2
Wang_T PC1/PC2 of T, T2m, (0-60°N,100-140°E) Wang et al. (2010)

5.2.3 Fet-&4 ol0|=2|E 0% 718 W

I:‘r(la‘ 5. 3) wsd 74% = ZH\‘ ﬂi HPo2HE d&H thiE HeyE 119
=24 AE 7Rt R AERIAE A7t oM, leave-one-out XA FAA
71H<& AEste] Wid tE o IJAASE AR EH eh-5A sto|B

< =K Wilks 2006; Kim et al. 2015). 2 7oAl f-2yet 712 ¥s
Z A9ste EAWM A5 S40= 7 2g3t MMES] gt 9st-57 stolH
o] FHEoH, /I HPERE ALk Jh-FA sto|BR|E &S E ] Bgk
T3S A Bl HS =AU

—_
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Figure 5.3. Schematic diagram illustrating the dynamic—statistical hybrid EAWM prediction system.
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Figure 5.4. Time series of the DJF-mean T2m averaged over Korea (gray bar) and EAWM indices (color
marker) obtained from the reanalysis data (observation) for 1983-2016. Black marked line
denotes the simple average over EAWM indices.
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Figure 5.5. (Upper) The correlation coefficients between EAWM indices and East Asia temperature
modes developed by Wang et al (2010). (Lower) The correlation coefficients between
DJF-mean temperature anomaly averaged over Korea (East Asia) and EAWM indices. The
last bar, MEAN represent the simple average over EAWM indices.
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Figure 5.6. Scatter plots of normalized EAWM index vs DJF-mean T2m anomalies averaged over Korea
during the period of hindcast (1983-2010). The abscissa (ordinate) of each dot in each
diagram represents the amplitude and sign of the EAWM index (temperature anomalies)
for an individual winter season.
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Figure 5.7. The correlation coefficients between the observed and simulated normalized DJF-mean
EAWM indices during the period of 1983-2010. Dashed lines denotes the threshold values
for the 95% and 99% significance levels.
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Figure 5.8. The correlation coefficients between observed and simulated EAWM indices by MME and
individual model forecasts with varying forecast lead time. Upper and lower panels represent
the EAWM prediction skill calculated by WangC_P and Li_U index, respectively. The dashed
lines denote the statistical significance at the 99% and 95% confidence level.
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Figure 5.9. Time series of the DJF-mean EAWM indices from the observation (gray bar) and the model
forecasts with 1 month lead time from MME and individual models.
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Figure 5.10. Scatter plots of simulated EAWM index from POAMA vs observed DJF-mean T2m
anomalies averaged over Korea based on the WangC_P and Li_U indices.
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Table 5.3. The correlation coefficients between observation and individual models for EAWM, Artic
Oscillation (AQ), Siberia High (SH), East Asian Trough (EAT), and East Asian Jet Stream
(EAJS). Values in Bold and *, ** fonts exceed the confidence levels of 90%, 95% and 99%.

EAWM AO SH EAT EAJS 2m

APCC 0.36 -0.16 0.16 -0.18 -0.21 0.22

HMC 0.13 -0.18 0.03 -0.01 -0.32 0.07
JMA 0.10 0.27 0.32 0.34 -0.05 0.60**
CANCM3 0.28 -0.05 0.09 0.17 -0.13 0.33
CANCM4 0.17 0.30 0.08 0.41* -0.16 0.47*
NASA -0.20 -0.10 0.09 0.24 -0.20 0.46*
NCEP 0.22 0.12 0.04 0.21 0.23 0.24

PNU 0.31 -0.19 0.12 0.04 0.00 0.1
POAMA 0.64** 0.12 0.41* 0.46* 0.41* 0.49**
MME 0.40* 0.07 0.44* -0.18 -0.13 0.63**

Table 5.4. The correlation coefficients of EAWM with Nino3.4, Artic Oscillation (AO), Siberia High (SH),
East Asian Trough (EAT), and East Asian Jet Stream (EAJS) in reanalysis and individual
forecast models and their MMIE. Values in Bold and *, ** fonts exceed the confidence levels
of 90%, 95% and 99%.

EAWM index Nino3.4 AO SH EAT EAJS
OBS —0.54** -0.48** 0.87** -0.81** 0.68**
MME -0.59** -0.13 0.72** 0.28 -0.14

CANCM3 -0.24 0.11 0.88** -0.07 0.04

CANCM4 0.15 -0.33 0.85** -0.39* 0.33
NASA -0.03 -0.53* 0.75** -0.58** 0.46*
NCEP -0.64** -0.30 0.84** -0.67** 0.71**
PNU -0.57** -0.13 0.90** -0.66** 0.55**
POAMA —0.74** -0.20 0.96** -0.62** 0.77*

5.3.3 Fal-&4 sl0|=2|= K=
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A stolBHE HPS TESHTE WA A AISQAREA it &8 HpSol tigh
APCC MME 9% 45 A#EIh o] uf, FA dl& A= JAGS7IT &
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Figure 5.11. Spatial distribution of correlation coefficients between the observed ad APCC MME
hindcast T2m, T850, SLP and 7500 with 1-moth lead time over the 28-years period
1983-2010. lack dots indicate correlations above the 95% confidence level. Boxes indicate
the region where the variables are used as predictors for the dynamic—statistical forecasts
of EAWM.
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Figure 5.12. Correlations of observed and APCC MME hindcast DJF SLP, T2m, T850 and Z500 with
the observed EAWM index.
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Figure 5.13. Correlations of predicted EAWM indices with 1-month lead time from MME and individual
models. Black dots denote the cross-validated correlation coefficients.
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Figure 5.14. Time series of the DJF-mean EAWM indices obtained from observation (gray bar), dynamic
(blue ling), and dynamic-statistical hybrid forecasts (red line) with 1-month lead time.
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Figure 5.15. Time series of the DJF-mean EAWM indices from the observation (gray bar) and the hybrid
model forecasts with 1 month lead time from MME and individual models (colored mark).
The red line denotes the DJF-mean T2m averaged over Korea and blue line denots the
ONI index.
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Figure 5.16. Prediction skill of dynamic and hybrid EAWM forecasts with varying forecast lead time
and their difference.
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Figure 5.17. Scatter plots of forecasted EAWM index vs observed DJF-mean T2m anomalies averaged
over Korea based on the WangC_P index. Left and right panels are from the results of
POAMA and mean index averaged over individual hybrid indices.
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7% Z0] thet = Barnston and Mason (2011)Z}+ Becker et al. (2013) 5 22
2Ath. Barnston and Mason (2011) IRI9] 778 tj7|& o] &3t

AdBH A 71 D Ao AR alE AR (1998~2009'd)0l tigt &4 B2
&M, 71523 A-5He 15% =3 715 High IRT MME SFEAISAIAH Y] A4 5
A A2 o] gt =3t 7]% oS 75/ AFSHITE Becker et al. (2013)2 NCEP
CFSv1¥} CFSv2 99| 1982~20109 AF&g ol-gsto] &Ful/dr] Ao it g
=% 712 1 A5 dS5gn AAdE s 2424 d57ds &85to] BrsHH
AR AEASH AN =3 7|FASAHEE AlFokl Sle 71T FES71HAE
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15%) T= £ GARC, 71 200)0 gt TE dSHYRE 2RIt
APCCi= oFAJo}- i3S A9 o475 A E XA 9] 7|% & 7
BAA 71319] g E BAA &40 Az, A8 QA HSE Flf
—‘%31 ofAJot- e F A2 A AA Q172 60%7F Al S #gt opy 3

5%, E9 59 F 71715 T Ado R oF 50007 9] AFgAF HAekar, A
4097K1971-2010¢) =gt 714715 @2 F3e 371 A Eola ot
(Thomas et al. 2013; UN ESCAP4D 2017). o]o]| w2t 7t 9] A5 & A2 A=
AR A A=, A W sAE YAk 24, A g g

ko

715 dEARE Al 935k Yt EA APCCOIA A

715 dE&Aig= A4 7K tiekst 713 dlE Bd JHE 28 3 Bt olug} A
0 715 A&7 H|Ws] tha 9919 7|9 o& AH dgEE 7L it v
1d RAE7|HS 0]835 AE 7|T = A ndo] JlXe AE 9 xKsystematic

error) @ 27] ZA0Z 0I5} & QA= Zo)7| Yslo] AR thE REE9 o= Ax}
£ BAHCE At YRR AFAE9] A58 A7l shte] Hijte = A

AlElo] I 94732 w2 AsofA ASEHATHWang et al. 2004: Yun et al. 2005;
Wang et al. 2008, 2009; Lee et al. 2010). A2 @A APCCAA ZHoJAE 53
ABokal Qe 71TAHIAE A 9 A FRo AFET 712, AS, HeH 2%

SOl Higt diSgEelH, S 7% Higtk dSgEE Alsstal A &

=, 22 I3 7|15EA) e o Qs Al HAA a7t S, ol
W2 39 715 oE9 a4 D o|Eguo] e 877t S7A, AdelE ol
g 7k 9 7 Aol T A A4 AR Agolch BAY 270

o AFAS BN FU % ASYRE AT QAL 712 4?1 SEER

THES &85 I3 7|90 digt MME ZEASHES %HWJQE %71 7ol s
St 2pEAo] ot & 4= it o]t o]l g2
Ae-S I3t Ad=g I3t 715451 15%9]

PA 2ozl A 7h
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41) United Nations Economic and Social Commission for Asia and the Pacific
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3% 71% oZo] oig @A 7| FAL ;
APCC @A ZHA F3t 717022 9% hELERAE BBZ7|E A2
7154e BISKIA ek,

6.2 g+ Xz 3 YH

6.2.1 = H A Xz

= Aol Al 351d(1982-2016)3F9] /d-319] ot 712/7d<2] A Wi 5l '
Ay B2 E4517] oAl NCEP-DOE(Department of Energy)oll A A== - H%
2.5°7HA9] AEA 2 AmE AREStHKanamitsu et al. 2002). E3H #= 7 Am=
CMAP(Climate Prediction Center Merged Analysis of Precipitation) AFaS ARE3}
AKXie and Arkin 1997). & 97-9] A& AR 7172 1982-201699] 3517teH, 7]
AL AEH(une-July-August, JJA)Z+ A&E(December-January- February, DJF)]l
disiA £4S ko, i 92 ATFAG(60°S-90°N) 2.2 A sHr.

TR oA ROjE= A5k St 712/l S U6, ol HIE e E
RAYE GEaS7E MY 7R B7167] s APCC Y A" A A
3ok AlddAEe] #HA A= (hindcast)E ©l&5tAth AR HEE2 A4 APCC 3
N MME dfl&of| Zofsh= 2719 7] ISR d(CWB42), IRDT} 7719] sig-th7]
g 2E(APCC, MSC43), NASA44, NCEP, PNU45), BOM40), CMCC47)o|m] A 4
He #6109 AeEo] it} 7l 2Eo] wet hindeast 717t0] ©h27] wiZof 24
7te] A= vluE s &2 AollAl= 1982dFE 20058 2] 357171l thsf =453t

42) Central Weather Bureau

43) Meteorological Service of Canada

44) National Aeronautics and Space Administration

45) Pusan National University

46) Australian Bureau of Meteorology

47) Centro Buro-Mediterraneo sui Cambiamenti Climatici
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Table 6.1. Overview of APCC models used in this study.

Organization Initialization Ens.Size SST Specification Reference

CWB Last 10 days (122) of previous

(Chinese month from NCEP Reanalysis 10 OPGSST 1.1 from CWB  Liou et al. 1997
Taipei) version2
IRI Restart files from long running 2 bEnsgm:IeCf?]retfasEs d Barnston et al.
(USA) ECHAM4.5 ased on LoNSTUCte 2010
Analogue SST
APCC Predicted Jeona et al
(Republic of GODAS ocean initialization 10 (APCC/CCSM3 SST 2%12 ‘
Korea) Nudging)
MSC - . Predicted Merryfield et al.
(Canada) The CMC Global 4D-var analysis 20 (OGCMA) 2013
NASA . Predicted Vintzileos et al.
(USA) MERRA reanalysis 9 (MOMA) 2003
NCEP CFS data assimilation system Predicted
(USA) each day at 00Z, 06Z, 12Z and 20 (GDFL MOM4 global  Saha et al. 2006
187 ocean model)
(Re Pu,\tljijc of NCEP/NCAR Reanalysis 2 in 5 Predicted Park et al. 2004
I?orea) AGCM, QISST data in OGCM ’
BOM Nudging to the analyses from the Predicted

Australian Community Climate 30

(Australia) and Earth System Simulator
CMCC Operational analysis ECMWF/ 9
(Italy) CIGODAS-CMCC analysis

(ACOM2 Ocean model
based on GFDL Mon2)

Operational analysis

ECMWF

Lim et al. 2012

Alessandri et al.
2010
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I 29 8 MMEE ©|-&3t S35t 7% al&o] w53 dufy FASH 2olsh=A]
ds= B fsl 2FE ;ﬁ' PH(E+= 7H L8] AS)olA+= SEDI48)(Ferro and
Stephenson 20112 HZsI¥ oM, FEEZ] =9 A3 A WMOIA d
15k= B AS 719l ROC49(Zhu et al. 2002)2} Reliability Diagram(Hsu and
Murphy 1986)2 4-&3IATHWMO 2002).

SEDIi= oF EEA 'A¥sks 714742 AS5sh7] Hs 19k Ao =, SEDI| #

o] 0Xtt ZH(F ) 729 S (random forecastEH Ao LHESHS
oJulgtcHMarshall et al. 2014). &, 0.19] SEDI= F2H] cll& Hot ol&5o] eF 10%

5= Yu|eitt. SEDI ALHARE oot o, 7} gfof digh AAlR A2 # 6.25
sk vl

logF—logH—log(1— F)+1og(1— H)

' DI=
o logF+ logH+ log(1— F)+1log(1— H)

(3 6.1)

ROC+ HR(Hit Rate)?} FAR(False Alarm Rate)Q] Ath#l9l H|&2 UElH o=
7} 7| e 2 Fupd Z Esk=Aof HiRt 5 BRIt ROC F4lo] tiziAdd]
Hsj| 25 4 E}—E 45 5ol 32 AUIstH(ROC score » 0.5), ROC FA4l0]
tiztAdo] Hs| £ stteE WaesE AdSEo] WaS utHROC score (
0.

5). %, ROC o] 2ol Sk 2 el SN2 RS FARVE Sk
o5 o] vt Wkl

FE9S A5olM= ASSES] A= ofye} AlF|® E]F HF FojofF sh=
94 % sfuoltt. Reliability Diagram= Z} 71| 12| H 2 A HS-ET AAZ oHIE
7} SRS Wi S =3slo] AFAHS &% 3]-% Aot} Reliability Diagram®] 712

[5SHE 7HE122(0.0~1.0)°1H, Al=S52 ZF 7HE| a2 AA] TS5 o[HES]
gEo|t}. tjZHlo] RS SRt IS0l 7P AL, A RS f1E0] YEle
BFole HAaro] 7 Aolal gz} ol ettt 9ol TR o] g A
olt}.

48) Symmetric Extremal Dependency Index
49) Relative Operating Characteristics
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Table 6.2. Relationship between counts of forecast and event pairs for the dichotomous categorical
verification situation as displayed in a 2x2 contingency table.

Event observed

Yes No
Event Yes a b ath
forecast No C d ot
atc b+d atbtctd

H = a/(a+c), hit rate
F = b/(b+d), false alarm rate

6.2.3 S¢t 7|2 g

o #oje] el AH8Ate] BAlat 1o So
mshE Aol itk IPCC 33 BaAo] Had 5571718 =
A S S AVANFR ORI MR, S50 B9 53t Zo] BFA Z1FA

oft AFHi9] 715 A4 2mlskar JILHIPCC 2001). E-5 715-8H4Q1 RxzojA=

2Tl A4S 27 7152 Holsiat

6.3 HEN B4 2 054 T}
6.3.1 L=tz 24
6.3.1.1 25t 7|5 HEA 2XM

]

| AolAds A 354(1982-2016)9) &5 Amg EA0t 7| 2 4ol digh
St 7]99] Al- 3R] EAE AmE A gt 9 6.12 o353 74 1 7%
FA BI(23, 1982-2005)0014 A9 15%S 2Iok= 23t 7] WAyo] 37H4 B
YRy Qo AR Bt 7122 188004 2012W7H4] <F 0.85%9] A52S

ol _Il_]

e
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7FA gkom, A4t 2SR Qlsf WAl 715 840] ¥E Bt ofyet I3t 71437
T @io] T7FE 2= IPCC A5A; BarAloA 13k vie} Zo](IPCC 2013), A+
25tz Q5] o5 E A9 15% =9t 712 ¥hAY o] EHEH FUleHE g Ho|
], 53] 20004 Hol] EoijAs FAolA 9] S5t 7129] F7Ft F3eHA UEl
ol EHL ALH AY 15% I3t 7|RME FUt AFE HPor, 519 15%
o] FA ETF o5/ALE BF FRHE BG5S BT 1 AA).

rl‘

P

o|F HIF o= A HA | tigt A-5F9] 15% =3t 7192 Al Hle= 59
2T 3549 Rt F3t 719 A WEde AHETA STHIE 6.2). 94 3%t 72
of tigt WEAE AHEH, A I9 6,17 B2 APAFoA B4 viel Fo
(Alexander et al. 2006; Donat et al. 2013) 243tz QI8 AX|F AP 7|20
S7FHAA ARIGH) 15% =5t 7129] RlE= At 359 53t ojF- A& Ho oF
750%(82%)2F 380%(47%) 247 S7HAA)SIA. 53] 49 15% =3 7129 5717t
SH] 15% =3 7122] 4of Hlsf ¥s/do] & A o= UEhtiKodra and Ganguly
2014). E3E, A9 15% =5 7129 PRl E= o 5/AZSE BT AT Agd 7=

9] Z7F FA|HEE 2 AL &1 & 4 JtHRobeson et al. 2014). =3t 7]2-9] HEA
= AFERE £ ¢ AuEH, A-5k9] 15% =3t 7] B o 520] A4 Hls) S7F
/340 sl ZA| YErEt ol QI Z2 QA HiETol gt A+
2R AR 7] 2H3}; FgFo] vt H 02 AFHEE 2 o953t Cohen (2012)

ABT 712 9 Aok 15% =3 7199 A Ws/d2 ENSO ¥ SHiEs 5t
o] 72 A& &1 4 THGhil and Vautard 1991; Jones 1994). £35], AH4-
71 9 A9 15% =3 7129] HJuvEs/dS tAIF SR ENSO W /AE Al7|9} vl

St FAFS Hola QUrHd], 1997/984, 2015/164 B). E3t, o+ 15% =3t 7|2
A FAol= Bkl o|H o2 MR WA 30% ol dollA A5t Aol A
gt 1992419] A9 1991 "W Pinatubo SHF E%59] ko g 213t cooling
a7tE AT QB 712 3 A=l YrHMcCormick et al. 1995; Robock
2000).
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A Jrgol WA FOIBHA EDH 15% F8 P47t BAGEIDIE BT 1
k. 531, F AW BE 5491 15% I3 45 4ark 9] 15% I8 359 7
1o 5H == A eton], Ah-Bkel 15% I 4% BE ALEY Fh/E1
¥Eo] g ujs) 2A Uehge.

jus

Figure 6.1. Spatial distribution of upper 15% extremes for JJA temperature during the period

a) Temperature, JJA b) Precipitation, JJA
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Figure 6.2. Interannual variability of the upper/lower 15% extremes fo
precipitation (b, d) over globe for the period 1982-2016.
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UK 6.29 BUTE A, AT 119 5% o BH A9 15% I 7122 Wl
Z5) 8 fEI7L, Wl BEAGA 80% ol WPMOm, 7B, Akt B
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Figure 6.3. Recent trend in the occurrence probability of the upper/lower 15% extremes for JJA/DJF
temperature (a, ¢) and precipitation (b, d) for the period 2006-2016.
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Figure 6.4. Interannual variability of the upper 156% extremes for JJA/DJF temperature (a, ¢) and
precipitation (b, d) during the period 1982-2005 from the individual models (circle) and their
simple averaged MME (solid ling), with the corresponding observation (dashed line).

Table 6.3. Temporal correlation coefficient (TCCs) for the probability of occurrence of upper 15%
extremes for JJA/DJF temperature and precipitation from individual models and observation
for the period 1982-2005.

Temperature Precipitation
JJA DJF JJA DJF
MME 0.82 0.90 0.24 0.22
CWB 0.54 0.6 0.57 0.20
IR 0.69 0.76 0.27 0.26
APCC 0.70 0.87 -0.09 0.1
MSC 0.76 0.88 0.17 0.38
NASA 0.86 0.84 -0.12 0.25
NCEP 0.76 0.75 0.31 0.11
PNU 0.66 0.52 0.16 0.12
BOM 0.78 0.87 0.08 0.28

CMCC 0.75 0.77 -0.09 0.35
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Figure 6.5. Symmetric Extremal Dependency Index (SEDI) of upper 15% extremes for JJA/DJF a)
temperature and b) precipitation from individual models and MME. Dashed (solid) line
indicates the average of the individual models” SEDI in JJA (DJF) for the period 1982-2005.
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Figure 6.6. Spatial distribution of SEDI of the upper 15% extremes for JJA/DJF temperature (a, ¢) and
precipitation (b, d) from MME prediction for the period 1982-2005.
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Figure 6.7. Anderson-Darling (A-D) and Kolmogorov-Smirnov (K-S) Tests for the normality of JJA/DJF
(a) temperature and (b) precipitation. Shaded areas (contours) are the regions where the
observed PDFs differ from the empirical normal PDFs at the 5% significance level from
the AD (KS) tests.

Figure 6.8. Same as Figure 6.7, except for only JJA precipitation from individual models.
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Figure 6.9. Probabilistic forecasts of upper 15% extremes for JJA 1998 temperature using empirical
ranking method (EMP), as an example.
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Figure 6.10. Same as Figure 6.9, except for using Gaussian fitting method (GAUS).

a) Temperature b) Precipitation

100 100

PO RN RS WS SN SR -

o]

MMEp
MMEi
cMee
POAMA
PNU
NCEP
NASA
MsC
APCC
IRI_CA
o cws

Max
Max

O 0O O0O0OO0OO o

O O C

Mean Mean

Figure 6.11. Difference in probability of upper 15% extremes for a) temperature and b) precipitation
from two different methods (EMP and GAUS) to estimate forecast probabilities.



| 7 IS0ISAtR 7|8 2R ZEIX MMS Q{5 HISAIAE! JHE!

6.4.2.2 0==! X0[of CH

ro
i
ME

X] ”’ﬁ%ljvj kel 14'741}55‘-0“ gt =22 ROC scores &-8-5to] v]u/H7Fotct
(I8 6.12-13). ROC scorex= ROC =4l of#jo] H&S Qu|stH, ROC score =
0.5 oJ¥ &0l glo, 19 7S A58 22 uitith. & 7] &5
g 71el mE HAF Bt =3 7120 digt /i Rdo] 5 Aol oE/A=E
L5 IR @A A9 BE HdoA FHERE &85 GAUSZE EMP sl o=
o] #A Ueh= S EAth GAUS &gt =37t 7]29] o459 §}/§J(Relative
Skill Difference50) AAE/AEE 97 2dl B 247 0.8%2F 1.0%= UERFES.
FroMe & Ad BF 5YsHA GAUSO| gt A58 o] vehdth I18a
GAUSOI| o3t Afl&8 A2 Aol Hsl 71204 va 2A Uedt). ol= A8+t
7|20] 7o vl AFERE & W27 gl Ko, Hot Hegh Al A
% FyEfolof & Aot

EMP&} GAUS 7|'HZ 359 7Hel|lare]o] tigt Aldg+ 7|20 A-&sto] & A%
(tercile EEAS5D)0 gt ASHE v/ B7HeE APA+7F 2™ (Tippett et al.
2007), GAUS 71%§o] EMPe] H]s BAlELHAHRMSES2)7t 2al, RPSS53) of| &8
ok ghgloh SEATE Tippett et al. (2007)°141 8131 RPSS &8 FAHGAUS-EMP)
< A9Ho2 HAPrF 370 shA|RE, A &R0 gk RPSS A58 9] B

002302 48] 23S & % Utk &, B} Y2 )% HEL FY5ky 12Us

d&eo] B WS A Aol B AToNE olSetE 24 M vagon,

AL AEELY A EE o]E7]4 A 53 2L BAHCE SOt HE| oS
2 XjolZ Sl A FETI B 4 Atk wep F /1Ee] A4 oY
Aol 214 A, Tl B8k thF-Ee] BolA GAUS 7ol EMPo] 13

50) RSD = ((GAUS-EMP)/EMP)*100

51) BUETE =5/8%/350l et dE52E
52) Root Mean Square Error

53) Ranked Probability Skill Score



6. 35t 71% OI=7ks e 169

oZo] A UEhiE Qe FES HolEths A A4 3% 7|5E ter o
g0l 27 ol B AT AT AN A oJulvh itk Belek. ke
A A BT AIES SUAEE, 49 15% Fe 71 9 Fgo] et o|S2kE
24 A A SRS BEI 240} o] A@sirky wekdr:

o

rol

a) Temperature, JJA Relative DF
4.0 -
] Individual Models " MME —

0.80 — ¢ 3.0
: +
] M ] ] +
£ 070 — M 2.0 - +
§ : .
@ 060 1.0 - g
0.50 ——: 0.0 = +
] +

0.40 T T T T T T T . -1.0 -

cwB IRl APCC MSC NASA NCEP PNU BOM CMCC MMEi MMEp
b) Temperature, DJF Relative DF

0.90 ‘ 4.0 -

i o : ¥
i Individual Models ; MME —

0.80 — ’ 3.0 -
§ 070 — [ _ _ B — 2091
S o -
i t
x© 060 7 1.0 - o
050 — 04 I

0.40 — ! i 1.0 -

cws IRI APCC MSC NASA  NCEP PNU BOM CMCC MMEi  MMEp

Figure 6.12. ROC score aggregated over globe of probabilistic forecast of upper 15% extremes for a)
JJA and b) DJF temperature.
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Figure 6.13. Same as Figure 6.12, except for precipitation.
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(Doblas-Reyes et al. 2005; Hagedorn et al. 2005; Alessandri et al. 2011; Yang
et al. 2016).

MO R, thEREAE W 2o 2 &g e AR, AvkE oz MMEpTH
MMEi°] H|s} d&2o] E52 & 4 At ol S 7159 44, ﬁg_& o 77e-
Jrnct YAl ExoA Blojd ARl

SIS RE oA BEele MMERE ERde] S8 4n }*BHHL -
olo] ¥Hs) MMEp= /i8R do] RE bis WIS 2837 uho] MMEiS] ¥/ 7}
gule] F3to] tiet Rt Yrjao 2 wol vhgslol J3t VTS & o At
wpgole} kg,

iu)
Sk
oX,
Ho
=
ofN
fo
>
_O|L
N,
=)
Hn
)
e
Hj
)
L

6.4.4 6= Tt

)

7] 24 AY SHMEH, At 2] A 15% =37t 71 9 A SE
== Bl 7ﬂtﬂljn—t”9] = = WHE 28519 519 super-ensemble
THE1(MMEp), B2KGAUSH = 2-8-5te] =3t 7150 et dl&ghes F4st=
HHo] 7Hg AlEAdo] A YElstt. olof & AtollA= GAUS?F MMEp W< 4§

3713 SES7I(PMME-E: Probabilistic Multi-Model Ensemble for
Extreme)& 7ldsto] BAdE 7171o] thgt @2l &8 B7FE &5 APCC A
SHoA SRS FEASHETL 7| FAu|ARS] WA THsAdo] JleA] W 5
1A} gict, o|uf) AREE AS7IHLS ROC FA13} Reliability Diagram(RD) 2.2 WMO

ol Ailsk= F- 47| eSS #E AS7IHCItHWMO 2002). 18 6.14%= 2449
(1982-2005)°1 thet AF/ALE &9 15% =3 712 9 5 58S ROC FA1L
2 Yehd Zo|th. PMME-ES] ROC 412 S 7|20 = 7HY &5 Aol $14]
Skl Qlom, ol= PMME-E7} i Hdof BIg] oS8lo] %32 JURITHHR ) FAR).

ot

A
A
|

r&“

Zlo
—

—_



6. =t 7IF U7 i

4R AmEH PMME-E= =3 7|2 9 7 5 of 5o vl AZE d&Eo|
oA = yebdth 9] 49, Erdy PMME-E 25 7]-20] 1|5 ROC Z410]
i zHAdofl 71 A YRSk A S5 7120 Hlsf| dl&2o] WA, & ofjSof H]|A]

= A& ST, S 719 Bl = ﬂh} e 5(: rehablhty) E3h 3Hg0]
A5l 3AoiA a9t FEolth. olF A5l AS/A=E A 15% =7t 712 | A=

o et RDE 13 6.150] UEet. e Bl I3t 7|2/ TRIEE i
Ssk= Bde H3or, BOMZ Aofst 29 B2 I3t 7|2 8l A= 959
QoM AF/AEE BF AN dFHo] gl ACE YT ol i,
PMME-ES] RD= H& Wpoh A-oA tizhadat 4ds] 717keH, ol #

Eid RISt fARE AERES ATHeEA 5ol Erhe A& ndth
NCEPS] ¢, S3t 7]-/735 SR tet AF=(RD)7F BOM 2.2 &2 ¥
o &shut, ROC SAlE AuEd g wddf vl S27]|% 7HEaels 85ks 54
-5, ol A371¥E E8sh=tfo] met dl5Y ks getd
Sl 3leA= ROC =4l RDE 34 24J5t0] SR 42
d Za7t oot o]Hd olFE WMOOIA: 7 e oA A& dalsta
CHWMO 2002). F 7HA 45714l dit cl&d B7te S$981d, PMME-E=
A 15% =9t 712 % A5 ofigo] oA o] vis) &2 oSS Holil 9ls

=

30 A
lo
_=)
ot
0
9
N\

o)

= T
rlo

#m

9

1P

o

oy

£

o ox ¢° tlo o>

ol
rO
i
4
)
i

TId, @A APCCollA EHo|AE Bl Aot = 389 FEEY 59
7} 8w 3jA PMME-EQ] dl&2]2 of 7}= g gty PMME-E7F
MR Hsf 2 &S Bt Az, S35t 790 gt S A7 3T
5] WrhH 7| SAH|IAR sk = 57| "olth. dA AlAlRS @h7IdolA Al
g ASEE HEo] 5y Hlﬂé}ﬂ 8l APCCOA

Ir
‘f
N
(-'O
N
2
=4
ok
o,

skl Qe 3EY &E S| of
Ao F ARSI Y= 3EQ] FEA=7H(Min et al. 20090 A3t o= H =
HEET F2(above-normal)ol tet &t 3 hLO}Od‘:} TS E Qo)A



| 7[R0EAE TIE M22 ZEIR S PR OIEAIAE Y

1
ok
N
Lo
oxt
1o
il

Qo ARERE A9 15% 71520l thgt B 3 FEoiet. wheba
7139 10, 15, 20%)% LAY LE EE 710 Higt A5

g RIGE HAES sk S3t9] 712 dSREGAE SE A5 7Hol gt

A¥S 7k MMEi_ G, MMEi_E, MMEp_G, MMEp_EZ HE3IAHE 6.4).

=

I9 6.16-175 Bl thaat 2ol 2 714 8% 42 WE 4 Aot AA, =%
712 4 5 FEAS00 SlojA F3H9] 71200 AdHglo]l GAUS7H EMPEE} o &80
¥£1, MMEp7} MMEiEt d&2o] =4 Uehgtt. 1 23}, RE 7|24 SUsHA
MMEp_G9] d&2o] 71 o, o]#|dt A3 BE Add d&=A Yetdrt &
A, 71 2 E5EE 22l MMEp_G¢} 71%0] F= 7IH(MMEi_E)7H9] o538 o]
£ 53(F, D-A), 7IF0] AZSE D-AE E05E A& & 5 9t o), =3t
A7t F5E(E, 20%—~10%) GAUSSF MMEpel| 9Jgt o8 gkifo] k= AL 9l
gt AR, AESEE 24714 3 59 FHC-A, D-B)°] MME 7ol <t
A& FB-A, D-OET tAH o2 FA Ueisdtt. 4 FA] 72004 Ueigd
&2 ol digt 5o FUsHA HolX gk, 1 HEi= APs] 22 Z 02 YEitt
upREto 2 38 9] SHEA|SY d&Yat vwsiE Y, 449 10% =3t 712 E 59
(MMEp_G)2 389 FEAZ9 &2 Hjg] W2 58S BoH, Y 15%<
20%°1 oAl 389 Sl Hlgf tha w2 ASES Bt okAR <o) B
£ 15% =7 E 389 d&2o| nxe Eoks 20E Yehton, 20% Frollie

iy
I

\l

‘T2 TSk 71/71% @ ol -E.Lﬁ&ﬂﬁﬂ golole #2 ﬂur, L=
< 9H K] Eoh, 2340 7|EE 20%= s HH 23t 7|5 =g gug
T oL, dutAos ARgE= St Aol 9A] g Aer H]lnh 1 A 2
AFolA =3 712 S 7le e fsiMe A-ohe 15%2] 539 7



Hit Rate

Hit Rate

0.8

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

a) Temperautre, JJA

T T 1 T
0.0 0.2 0.4 0.6 0.8 1.0
False Alarm Rate
¢) Temperature, DJF
I
0.0 0.2 0.4 0.6 0.8 1.0

False Alarm Rate

Hit Rate

Hit Rate

0.8

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

6. 35t 7

[

b) Precipitation, JJA

L L L L
0.0 0.2 0.4 0.6 0.8 1.0
False Alarm Rate
d) Precipitation, DJF
B
0.0 0.2 0.4 0.6 0.8 1.0

False Alarm Rate

s o5 e | 175

e CwB

® IRI_CA
® APCC
® MSC

® NASA
©® NCEP
® PNU

® POAMA
@ CMCC
® MMEp

Figure 6.14. ROC curves of MMEp predictions for JJA/DJF temperature (a, ¢) and precipitation (b, d)

based on GAUS method.
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Figure 6.15. Same as Figure 6.14, except for Reliability diagrams
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Table 6.4. List of probabilistic multi-model ensemble approaches considered for this study.

Experiment Description
: Probabilistic multi-model ensemble with average of individual models, with an
MMEi_E . . N .
empirical ranking method for estimation of forecast probability
VME G Probabilistic multi-model ensemble with average of individual models, with an
- Gaussian fitting method for estimation of forecast probability
Probabilistic multi-model ensemble forecast based on an empirical ranking method
MMEp_E . o
by pooling together the individual models
MMEp_G Probabilistic multi-model ensemble forecast based on a Gaussian fitting method

by pooling together the individual models
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Figure 6.16. The aggregated ROC score over globe for different threshold of extreme temperature.
Threshold is upper a) 10%, b) 15% and ¢) 20% from climatological distribution. Dashed
line indicates the aggregated ROC score of tercile forecast (above normal).
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Figure 6.17. Same as Figure 6.16, except for precipitation.
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JMA forecast iz 2| 4

APCC MMEQ] AR&%= JMA d&At&+= Tokyo Climate Center(TCC)2] &H|0]
A6DE B4 tfHty QJOom(EA ARRESAY I7lE), forecast, forecast
anomaly, hindcast AF&& A% o] Ut} o] 5 forecast A= A= P9
AA] AAB(f, )94 A2 @ XK systematic error, €)7F AAE 0] Q17| W] APCC

oA =ste] AA Tt IMAL] forecast AH=OE GA] 227 B = OUATH/ )-

o] i AAHE+= AFHEAD7F APCCE B3l AlS== JMAY] forecast AA=E ©]-&-5}0]
forecast anomalyE AKX W Qxp7} FES|A A|AE 5= USS Felgfof gt} o]y
3t 229 157 9siA JMA Zdo] U4 forecasts: 78 a7t 9k

201549 6EFH AAZIA] JMACIA ARESEAL Sl AEASEER] JMA/MRI-CPS2
= 19 A4.13}F 20| forecast At AL ZHE] AL 77k IHA 4719] initial date
oA 7+ 13704, & 51719 FFE AHCPE LA E initial dateol= 127 &
) E AJAFSELL, o] forecast A== initial date®@ 2 QX} EAJo] Fo]Qirt. whahx
initial date ¥ A%54 e} A7S 78 QobH 22 BAH forecast(f,,,,)°l initial
dateo]] Gtz ATH LA )E HHFOEHA YA forecast Aw(f,,, )5 T+ 5
UTHEq. A3.1).

fru,w = f(tu,l'f,b +e (A4 1)

CHY3] = JMACIAE ol=9] initial date B AEZ 22 A7E AF3IFIL AUrte2).
JMA d|&At70f| AREE= initial date® Table A4.10] 25ttt AAZ o ¥ 374
4 ASARE W= AlFA ARSEE initial date= JMASIA Al&35= GRIB2 At

Heldo]g] FF=oA EQlek 4= Qltk. GRIB2 AF&ol| werib2 HHolE AFs=d
Table A4. 29} 2 Y=t 15370 FE F617N) xASAZK3/HY) Yo, dE
=0°] o] & ‘d=2017092800 7} intial date?l 2017¢ 9¥ 28Y-E QJu|sit}. o|st
HHO= initial dates FRIGNEH S0 AHEH 99 28Y, 10€ 3¢, 10¥ 8¢,
109 13994 & 4= Stk 97104 9% 28] AR FAFE: W 137]0] HisiAl=

61) http://ds.data.jma.go.jp/tcc/tec/index. html
62) http://ds.data.jma.go.jp/tcc/tcc/gpv/model/CPS2/CPS2_syserr.html
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Figure A4.1. Schematic digram of ensemble configurations of operational suite (source: http://ds.dat
a.jma.go.jp/tec/tee/products/model/outline/cps2_description.html).



212 7I30IEXR 715t M22 ZIHX MAS ISt OISAAR JH

Table A4.1. Initial date of TCC forecast data.

Month Date
January 01,06,11,16,21,26,31
February 05,10,15,20,25

March 02,07,12,17,22,27

April 01,06,11,16,21,26
May 01,06,11,16,21,26,31
June 05,10,15,20,25,30
July 05,10,15,20,25,30

August 04,09,14,19,24,29

September 03,08,13,18,23,28

October 03,08,13,18,23,28
November 02,07,12,17,22,27
December 02,07,12,17,22,27

Table A4.2. How to find the initial date from the 3-month forecast data file using wgrib2 command.

> wgrib2 h2_Ptt_mb.201710

4.1:2471028:d=2017092800:var discipline=0 master_table=4 parmcat=0 parm=0:2 m above
ground:34 day- (34 day+720 hour ave@6 hour fcst,missing=0:ENS=low-res ctl

Table A4.3. 11 calibrated variables by subtracting systematic error from direct model output.

Variable Vertical Level
Geopotential height 850hPa, 500hPa, 300hPa, 200hPa, 100hPa
Sea level pressure Surface
Temperature 2m, 860hPa, 500hPa, 200hPa

Sea Surface Temperature Surface
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(a) Forecast anomaly (before) deg K
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Figure A4.2. (a) Anomaly derived from calibrated forecast, (b) anomaly derived from raw forecast and
(c) systematic error of 2m temperature for DJF 2016/17.
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(a) Forecast anomaly (before) mb
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Figure A4.3. (a) Anomaly derived from calibrated forecast, (b) anomaly derived from raw forecast and
(c) systematic error of sea level pressure for DJF 2016/17.
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(a) Forecast anomaly (before) deg K
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Figure A4.4. (a) Anomaly derived from calibrated forecast, (b) anomaly derived from raw forecast and
(c) systematic error of 850 hPa temperature for DJF 2016/17.
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(a) Forecast anomaly (before) m
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Figure A4.5. (a) Anomaly derived from calibrated forecast, (b) anomaly derived from raw forecast and
(c) systematic error of 500 hPa GPH for DJF 2016/17.
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(a) Forecast anomaly (before) deg K
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Figure A4.6. (a) Anomaly derived from calibrated forecast, (b) anomaly derived from raw forecast and
(c) systematic error of sea surface temperature for DJF 2016/17.
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