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Executive Summary

It is quite essential for valuable and reliable climate outlook at a regional scale based on
similar climate variability and characteristics to develop regional-specific climate prediction
techniques. Therefore, this research project is set to be carried out for three years from
2019 to 2021 to develop regional-specific leading climate prediction technology. In the first
year, regional-specific seasonal multimodel ensemble (MME) climate prediction technology
development systems were established. Based on this, regionally customized seasonal and
sub-seasonal MME climate prediction technology were developed in 2020. Finally, it has been
constructed and operationalized to produce the multi-model-based seasonal climate prediction
customized at Korean peninsula and East Asian region as well as it has been further
developed to advance the multi-model-based sub-seasonal climate prediction.

First, the Expert Seasonal Prediction System for operational Seasonal Outlook, ESPreSSO, is
upgraded to be more agile, accurate, and accessible; and internally operationalized. The
updated expert guide is now based on the new APCC multi-model ensemble configuration,
which is fed into the artificial intelligence predictor selection system to enhance agility and
accuracy. The revised natural language outlook report as well as the conceptual diagram
greatly improves the accessibility to the climate outlook data. The new ESPreSSOv3.2 has
already passed the internal operationalization screening and waiting to be officially internally
operational.

Second, the physical phenomena-based ensemble model reconstruction and probabilistic
prediction were performed for the development of multi-model-based seasonal prediction
technology for the East Asian region. In the first year, in order to prepare a system for the
development of climate prediction technology for regionally tailored seasonal MMESs, the
predictive performance of the complexity of El Nifio-Southern Oscillation (ENSO) and its
climate impacts were diagnosed, and this was used as a factor to improve local climate
prediction. In the 2020 year, the variation of precipitation in the western Pacific was
discovered as an additional climate factor and applied together with ENSO to develop and
evaluate probabilistic MME prediction technology. The probabilistic MME prediction constructed
in this way showed more improved predictability in terms of category verification compared
to the existing MME based on all available models. In the final year, it has improved through
the optimal sampling among all available models and appropriate probabilistic MME methods
of calibration and empirical ranking and pooling for the probability density estimation. Finally,
the step-wise prediction and visualization systems based on the results has been constructed
and experimented for the operationalization.

Third, a SOTA artificial intelligence (AD techniques are introduced to overcome the
limitations of the grid-to-grid post-processing through regularized linear Bayesian approach.



The SOTA U-Net architecture is heavily modified to optimally process climate data, which as
spatial characteristics as well as seasonal dependency; it includes the use of variable-specific
kernels for convolution, multi-level bypasses, channel and spatial attentions, and dynamic
conditional dropouts. The customized Al neural network enhanced the predictability of the
East Asian climate outlook as much as 9.5% for precipitation, compared to the current
probabilistic multi-model ensemble prediction results.

On the other hand, we developed post correction technique suited to Korean peninsula, by
LSTM model based on seasonal prediction data of the Glosseab and ECMWF models, in the
2019 project. We provided accuracy of highly predictable information of the performance of
sub-seasonal data by ConvLSTM method in the 2020 project. We developed ConvLSTM deep
learning technology for subseasonal climate model by sensitivity analysis to improve S2S
prediction performance on the East Asian region. ConvLSTM model was optimized the
parameters and main variables by machine learning and composition of input data. The
results were verified with reanalysis data. As a result of the analysis, the accuracy of PCC
was low but we confirmed the performance improvement in the RMSE of statistical analysis.

Finally, this study was conducted to develop a deep learning ensemble learning technique
to improve the computation speed and reduce the variance of the neural network model as
the range of training data input to the deep learning model was expanded to the East Asia
region. For the MME-based S2S prediction climate input data for building a learning model,
five individual climate models(ECMWF, NCEP, KMA, UKMO, CMA) were combined from the
reference forecast frequency(4 times a month on the 1st, 9th, 17th, and 25th) and time
range(30 days) during the period of hindcast (1994-2014). As common input variables, climatic
variables such as surface average air-temperature, maximum and minimum air-temperature,
precipitation, sea level pressure, winds in the east, west, north and south directions at 850hPa
pressure surface, and geographic altitude were used. As observation, it was constructed with
ERA-Interim data, which are reanalyzed data. The training model based ensemble deep
learning(after here, hybrid training model), first, it was trained from a convolutional neural
network while maintaining spatial information, and automatically learned this information was
constructed as a process of feeding into a new training set of machine learning, for example,
random forest. As a result of weekly prediction accuracy analysis of hybrid training model,
the improvement of predictability of the hybrid model was still lower than before applying
the model to the MME-based S2S, although it slightly improved the uncorrected effect of
week 1 that appeared in single machine learning, that is random forest, or single
convolutional neural network learning. However, in week 3-4, the predictability of MME based
S2S was improved by frequency, indicating that the hybrid training model is contributing to
the improvement of S2S prediction than the single model. In next study, improvement of the
deep learning ensemble model through continuous deep learning algorithm improvement, such
as augmentation or transformation of sample data, optimization of hyperparameter and
architecture will contribute to the improvement of MME-based S2S prediction.
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Climate Qutlook Summary

(left) Pie chart, (bottom) history, and (right) natural
language outlook on prediction
(probabilistic/deterministic), predictor activity and

Conceptual Diagram
Currently active predictors and their
impact on Korean climate
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Figure 3 An example integrated climate outlook report of ESPreSSOY?,
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Figure 4 Examples of operational reports of ESPreSSO*? in 2021.
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Figure 6. (a) First and (b) second EOF patterns of a monthly rolling 3-month mean
SSTAs computed for 25° S-25° N and 140° E-80° W during 1983-2005, based on OISST.
The fractional variance explained by each mode and season are provided in the upper
right of each panel. The horizontal and vertical black dashed lines denote the equator
and International Date Line.
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Figure 7. Time series of the combined PCs of (a) the first mode (red solid line for left
y-axis) and (b) the second mode (blue dashed line for right y-axis) associated with
Figure 2 with all months during January 1982 to December 2005.

Figure 8. Climatological seasonal mean of East Asian and
tropical west Pacific rainfall.
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Figure 9. Relative signs and distance magnitudes (see the relevant coordinate and scale
at bottom, respectively) on a 2-dimensional plane depicting regression coefficients of the
seasonal mean anomalous precipitation onto the first two PCs for (a-1) JFM to DJF.
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Figure 10. Regression of seasonal mean anomalous East Asian rainfall on tropical Western
Pacific rainfall.
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Figure 11. Time series (left panels) and their statistical distribution (right panels) of
interannual variation of ACC skills averaged during corresponding AMJ-OND and
FMA-MIJJ seasons to (a) Australasian and East Asian precipitation predictions, based on
training (1982-1993) and test (1994-2005) periods. Blue and red circles denote the raw
MME based on all-inclusive models and new MME based on best performing models,
respectively. Augmented Dickey-Fuller (ADF) tests are applied to test the stationarity of
whole time series, and the relevant ADF statistics are provided in parentheses following
the labelled targeted data sets of upper left of each panel. The statistical distribution of
these time series for the raw and new MMEs are illustrated by box plots and mean
values (circles), based on training and test periods.
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Table 2. Three versions of hindcast data sets and experimental design.
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Figure 16. Skill variation in response to ENSO.
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Time series of the proportion of grid points in the above normal category
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Figure 17. Temporal variations of the proportion of grid points in the above
normal category (upper panel) and below normal category (bottom panel).
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Table 3. Several factors for the probability forecast of APCC, NMME, and C3S.
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Figure 18. Aggregated accuracy, resolution, and sharpness in time and space for
the raw and debiased probability forecasts of precipitation and temperature.

Osoz FA3 Gl At el thsiA Briskdth Figure 19914 <& 4 31%ol,
Baste VA, e 29 Wl 12 A4S B dvrdow AHRY, AFHE, &)
T SHoAE & Wl =2 A3 B =T Aot Ve BFlA %‘%] WHlol =
< d3Sde veid= Ae & AU F83% Y mes A UHE e 2d A
EAE e WA AR, e Ed AE e F Ag8E, AHE, E8ieelA
Aol i, 7122 Bl A GFE F A ZA AFAFo] AdHNT. 2l A
EolMs 9 Wl el Wl s w2 gF4e B

_24_



Accuracy

10 I T
S 8- | |
2 g3 I |
x 1 93 a0z | 3: 362 3% | 886 868 | B Im 9B
£ .3 I |
o = | |
T T T T T T T T T T
Poaw Pam Pauat Pr.p Pepn  Tawmr Taum Tauwr Tam Troum
Reliability
g 1.0 = - -
E o8 ,_: 4 (1 | Q16 022 022 235 035 | 13 .20 Q.20
LT I |
£ 04 S | |
B oz S | I
= 3 \ |
E 0.0 1] ] 1 1] ] 1 1] ] 1 ]
FD—-I\"I FE-H. p“-ﬁ' qun. pfﬂrpi. T'.‘I-n'l Tﬂ—P‘. TR-\‘:'T Tq-ﬂ. TF--Pl
Resolution

1.87 2.08 2407

resolution {x 100.)
s
1

00 = T T T T T T T T T T
Powr Pom  Pawe Parn Pan Towr  Tam  Tewr  Tas Tous

Figure 19. Aggregated accuracy, reliability, and resolution, in
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temperature, based on various combination of PDF estimation
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Figure 21. Schematic diagram of the probability prediction display system.
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Figure 22. Overall PMME precipitation forecast in East Asia.
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Figure 23. Overall PMME Temperature forecast in East Asia.
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Figure 24. Grid PMME Precipitation forecast.
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Figure 25. Grid PMME Temperature forecast.
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Figure 26. Forecast of predictors (SST + PC).
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Figure 27. Forecast of predictors (TWP Precipitation, left contour; right mesh).
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Figure 28. Trends of past forecasts and observations during the recent period.
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Figure 29. Relative signs and distance magnitudes (see the relevant coordinate and scale at
bottom, respectively) on a 2-dimensional plane depicting regression coefficients of the
seasonal mean anomalous precipitation onto the first to PCs for FMA to NDJ.
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Figure 30. Regression of seasonal mean anomalous East Asian rainfall on tropical Western
Pacific rainfall.
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Table 5. Verification of past forecasts (HSS).

TFM FMA MAM AM] M]] JA JAS ASO SON OND NDJ DJF
[2021 24.1 45.2 9.8 17.2 25.4 11.4 21.6
[2020 33.8 19.5 15.% 0.2 22.8 22.1 25:9 41.4 27.4 31.2 9.3 13.2
Precipitation
TFM FMA MAM AM] M]] JA JAS ASO SON OND NDJ DJF
[2021 36.1 37.4 17.2 -2.4 13.4 9.3 35i8
[2020 67.1 45.0 33.0 1.7 5.5 Tl 26.9 23.3 40.4 22.8 87.5 86.8
Temperature
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Table 6. Verification of past forecasts (category matching).

JFM FMA MAM AM] M]] JA JAS ASO SON OND NDJ DJF
[2021 E EE e E E+ +/+ +/+
[2020 +/+ +/+ ++ ++ ++ ++ +/+ +/+ ++ ++ ++ +/+
Precipitation
TFM FMA MAM AM] M]] JA JAS ASO SON OND NDJ DJF
[2021 ++ ++ i+ I+ £+ +/+ +/+
[2020 +/+ +/+ +/+ +/+ +I+ +I+ +/+ +/+ +/+ +/+ +/+ +/+
Temperature
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Figure 31. Heidke skill score for East Asia (precipitation).

_45_



60°N

50°N

40°N

30°N

20°N

60°N

50°N

40°N

30°N

20°N

60°N

50°N

40°N

30°N

20°N

80°E  90°E

100°E 110°E 120°E 130°E 140°E

FMA

60

80

80°E  90°E

100°E 110°E 120°E 130°E 140°E

S
80

90°E

100°E 110°E 120°E 130°E 140°E

0 20 40

JJA

60

60

80

60°N

50°N

40°N

30°N

20°N

80°E  90°E 100°E 110°E 120°E 130°E 140°E

0 20 40 60 80
MAM
60°N |
n __ 1 <
>0°N f -
g (-
40°N
30°N
20°N
80°E  90°E 100°E 110°E 120°E 130°E 140°E
o e—
0 20 40 60 80
MJJ
60°N
50°N

.

30°N

20°N

5

80°E  90°E 100°E 110°E 120°E 130°E 140°E

- ——
0 20 40 60 80
JAS

_46_



0 20 40 60 80 0 20 40 60 80

ASO SON

60°N

50°N

40°N

30°N

- -
1
gl |

W [ b L] _N
80°E  90°E 100°E 110°E 120°E 130°E 140°E 80°E  90°E 100°E 110°E 120°E 130°E 140°E
| I
0 20 40 60 80 0 20 40 60 80

Figure 32. Heidke skill score for East Asia (temperature).
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Figure 33. Forecasted precipitation versus actual (Ieft), forecasted temperature versus actual
(right).
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Figure 34. Schematics of Bayesian regression.
http://www.indiana.edu/~kruschke/BMLR.
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Table 7. Strategies of Bayesian post-processing with regularization applied in this study.

7
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dynamic conditional dropout
layer. Auxiliary month
information is fed into the
network to conditionally
control  neurons at  the
bottleneck in a way that each
month share significant
amount of network, while
having limited portion of
month-specific pathways.
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Figure 40. The overview of the customized artificial neural network developed for
the post-processing of MME seasonal climate prediction.
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2h dFAde Fe AT LEF ATAEEY Ho| s A

APCCO| HardddE Ad 715 A= As= 7He 7Ikbe]l 2A ok el wet 20-30
3 ), B2 o EFE FAMNokle JAAAY SFole AEA &vh webA, Hoid
7He 715 AEE R 9 @ R¥e T EE de AU ¢ e w4 24F =F
ol 7l& ol MA/AEHAT =3, vz 21 7ke EFehs #S ALY A5 TE

S AE3AUTE o] AFoA = 1948 WHE 2020 W7hx]e] NCEP/NCAR Reanalysis 1 (] %
NCEPD) #A&E o]&ste 7] 9Ed UASAEE BE S A FFAA dF HAss FHe)
ATt AHA TS A% 48 Has OFEEYSE AE JIE dF A5 | 94X
A== 850 hPa 7](air), vF&(uwnd, vwnd), 12]3. 500 hPa A Y1 =(hgt)ES o]&3Fon,
£ Haes Y93 ARY AJ7o Fo&prate) FAHARS AHESAT AMA sk HAES 9
A Qolel 5 A AHE wao] staS s 1982, 1992, 2002, 2012, 2019 Y& AME-EH)
HEs AEZ AHEsion, o|52 EF Y stgole AREEHA vtk ol & A9 st Al
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A e o g sy
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€ 3F ESE TA3M0 APCCY s REYPE 2AEH dedAd A4 7% 95 AsE
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AT ARE SYHOE ARSI HA 24 @%5’* TR vA 24 SFdies 4R
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=9 A5+ CMAPY| precipe]l |t wAl 24-& S st& AR+ 1991 dHEH A &8,
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Figure 41. Examples of prediction (left), true observed true category (middle), and
observed raw values (right) for selected months (1982-11, 2019-03, 2019-08).
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(7b 71¥& APCC-PMMEV1¢] 4 A%

APCC-PMMEV1e] W A FEo] Hit 38.7% AEZE YEg o, dykne &Fo] 73k 3f
(1997, 1998, 2010 3)9] o= He H]_”ﬁ. 453 3 A, v-dUxdY 9= A5
= 2GS By AFFoZE o &4 AY(predictability barrien 2 &# A U=

A zgo] okt dletel= A ko) Ho 2 A HAFE 40%s 9A Xy, A

g Ay B/ A7l E 50%E e HAFES HoV|E g

Eul

D

ave(HR) JFM  FMA MAM AMJ M) A JAS  ASO _SON _ OND  NDJ DJF  Annual
1991 4177% 39.73% 37.69% 3633% 36.33% 3599% 43.12%/3175% 3531% 37.01% 41.09% 37.83%

1992 37.18% 4312% 4431% 4109% 3294% 3684% 3311% 3820% 4194% 3345% 36.02%

1993 37.18% 4024% 44.14% 4550% 4194% 38:88% 3531% 3824%
1994 3311% 33 3320% 4160% 4058%| 48.22% 4941% 4363% 3684% 37.82%
1995 | 3362%. 5195% 4380% 39.90% 31 35, . 3565% 43.97%/15025% 1 5756% 40.86%
1996 43.29% 4363% 36.50% 39.39% 3633% 4346% 37.01% 3497% 43, 3846%
1997 4431% 4601% 30.73% 206% 4024% 3752% 4397% 3837% 37.86% 48.73% 41.10%
1998 42.95% AT54%  46.52% I 39.73%4873% 3752% 41 4172%
1909 [14822% 4601% 4024% 4194% 4007%MIB0NBH 3463% 3616% A i ¥ 3977%
2000  3633% 4109% 4567% 3667% 3888% 35.99% 33.79%I2761%M28.35% W23/60% L 34.69%

2001 37.18%| 3345% 39.39% 4007% 44.14% 42.28% _40.07% . 14%  39.98%
2002 42.44% 3328% 40.92% : 3858%
2003 % 33.28% 2 £ 3397%
2004 4465% 3633% 3939% 43.12%|113158 3826%
2005 _4041% 3871% 43.97% 3735%M032 192% 3158% 3124% 35 L 3490%
2006 [W3156% 32.77% 3548% 3905% _40.24% 3548% 58% 3442%
2007 3548% 3141% 3243% 3939% 3565%132.00%M03080% 4329% 45. 4686% 4261% 37.95%
2008 [13192% 4873% 4295% 3616% 4397% 43.12% 37.52% 3413% 3888% _41.94% 39.70%
2009 _39.2%. 3328% 41.60% 3616% 3463% 3922% 4380% 3990% 4126%MIB12IH 4194% 3932%
2010 [W5365% 30.05%MB314% 4397% 3514% 4397%W5314% 4. 4669% 4431% 4211% 4419%

Seasonal 3825% 39.14% 41.08% 3801% 3613% 37.88% 37.14% 3820% 3947% 3939% 3927% 4032% 3869%

Figure 42. The seasonal and annual hit
rates (in %) of APCC-PMMEV].

ave(HR) JFM FMA MAM AMJ ML JA JAS ASO SON OND NDJ DJF Annual
1991 3990% 4194% 3803% 3956% 37.52% 4431% 4228% 41.26% 3973% 39.90% 4041% 4044%
1992 4882% 4397% 4635% 4244% 4567% 40.07% 4329% 39.22% 46.69% 4397% 37.86% 42.88% 4344%
1993 4363% 41.77% 4907% 4652% 4584% 41.60% 4244% 3871% 37.86% 37.01% 39.22% 39.90% 41.96%
1994 4380% 3888% 39.56% 39.39% 4686% 4244% 4533% 4329% 4295% 4075% 4567% 39.05% 4233%
1995 4244% 4211% 4109%) 4820% 4346% 4261% 41.43% 3939% 4075% 39.90% 45.50%IISB74% 43.80%
1996 3854% 4346% 4160% 4465% 37.69% 40.07% 36.84% 39.73% 38.54% 37.86% 4346% 4635% 40.73%
1997 39.73% 4669% 44.31% 3735% 4346% 43.12% 4041 %Zf‘m 47.88% 36.16% 44.99% 4635% 43.39%
1998 4295%|/5093% 47.20% 4805% 4499% 44.82% 4160% 4499% 4211% 4194% 4516% 4533% 4501%
1999 4533% 4635% 41.09% 3684% 41.26% 4007% 3888% 40.07% 4329% 37.01% 4211% 4194% 41.19%
2000 41.94% 49.58% 41.43% 45.16% 4211% 39.90% 39.05% 4397% 3531% 4041% 43.46% 4839% 42.56%
2001 46.18%  SO075% 40.58% 4312% 4261% 4397% 4448% 4143% 40.41% 4228% 4211% 4177% 4331%
2002 45.50% 46.69% 45.16% 4533% 39.73% 37.86% 39.39% 41.94% 39.05% 4397% 46.01% 37.86% 4237%
2003 4533% 4363% 41.77% 4363% 4601% 43.63% 3990% 4533% 4346% 4007% 37.18% 3973% 4247%
2004 4465% 4346% 43.29% 4007% 4295% 39.22% 37.35% 39.73% 40.41% 37.18% 39.90% 4278% 40.92%
2005 4075% 37.86% 4431% 4075% 4448% 44.99% 3854% 37.01% 40.07% 3939% 37.69% 4092% 40.56%
2006 41.94% 41.60% 37.01% 3565% 3803% 41.09% 3497% 4516% 35.82% 47.88% 4041% 4448% 40.34%
2007 | 4431% 4584% 4278% 4346% 4041% 3854%[NS110% 4228% 4228% ﬁ% 4397% 4720% 4468%
2008 40.07% 44.14% 41.09% 41.77% 4329% 3803% 39.73% 4499% 46.52% 49, 42.95% 4211% 42.87%
2009 3837% 39.22% 41.77% 4126% 39.39% 4584% 3871% 37.35% 39.39% 3684% 4822% 4838% 41.23%
2010 4143% 45.16% 4533% 4007% 4261% 3922% 41.09% 4414% 4211%0057.39% 47.37% 4007% 4383%
Seasonal 4293% 4410% 4284% 4209% 4252% 41.23% 4094% 4206% 41.31% 4217% 42.66% 4373% 42.38%

Figure 43. The seasonal and annual hit
rates of the custom network.
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Figure 44. Annual  hit  rates  for
APCC-PMMEv1 (red) and the custom
network (blue).

Hit Rate (East Asia) - Annual
48% : ——PMME
' —DL

45%

42%

39%

36%

33% Year
1990 1993 1996 1999 2002 2005 2008 2011

Figure 45. Annual  hit  rates  for
APCC-PMMEv1 (red) and the custom
network (blue).
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FotAlel BtEd FECS HF A2we APCCO PMMEST 2814 7]whe] SdERd A
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Figure 46. East Asia probabilistic prediction intercomparison verification results (HSS:upper,
RPCC:lower).
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6. Cl=2d AHAEUZ= 7|HI7|= ek HAzyY 2 gy
= 235t &= 7||:||=-l| 7l gt

= O
7}.

=

A- LAY 95 AdE 9 Hed 7IH EY 2 A7 Ad 2 dx Sz ow
Z7}el gktH(Chattopadhyay et al., 2020; Hernandez et al., 2016; LeCun et al, 2015; Miao et
al., 2019; Rasp et al, 2018; Reichstein et al, 2019). o]o] ¥ A= 20193 %REH AZY o=
N o1 719 71e IR 489 7e A8 A5 T AT 1A SNE A
Ao sl 271 ME 71EEAECMWE 2 GloSeab)e] Al u(Sub-seasonal to seasonal, ©]3}
S25) d= AALE Ao A7) EAH(Long-Short Term Memory, ©]3} LSTM)S 2] &3},
23X AdPd573Hweek3-D) W AR dFAES FHANZE F AS FAEAT = A
713 RS shHo n¥sleE vasEE Y E(multi-model ensemble, ©]d MME) 7|H& 7%
2o AFHAHLE ZVANTg delx YrkPark et al, 2018; Vitart and Robertson, 2018;
Wang et al., 2020). metA, o 718 7|29 Fj(UKMO, CMA, MSC, NCEP F7hE &3l
MME 718k S2S o= AR E F33ta, LSTM F 88 53 3-45F W MME S2S o= 7139 9
=S A5 MAdskAT = LSTM A A Yo" Aizte BAS F8 828 A59 4= A
S5 MAsta, Ax 7bke g dagE e s dAEs AlE™ =2 (Convolutional
Long-Short Term Memory, ©]3&} ConvLSTM) Z#| Y-S =<3t

o] /Mde] Hastu. =5 A 7]wke] ConvLSTM X&) 1 2 dlof <l
Gy s &9 A5 HAAVE FoMAotR gE TE AAW mdo 22 EANS E0la 9=
Aes A3AEd & de A% 2do /id 9 Jide] ST AW 2de & F4t
< Eole WHoE Y AAY 2 g4l o8 AW RA2RE SFAA O A9F s
Adsl=E GHE g5 7IHol €853 9 tiThongsuwan et al., 2021, Wang et al., 2019)

uhA], B A= 4HAE NS A8 s 2383 FolAol XY Zidke] ¥ 7%
22 9 MME 7|9k S25 o5& A5 & A4ketal, Held 229 74 dF &9 248 E =
ol7] &l Z1ATE E AAW dugE: 2 S5 9 Bd HEA YEE F Ade B
b2 B S 29 T UES SpolEg s dugEs TFEOIAT X3 sfolEgs &
g EW sotrlel E 7 Ed 9 MME AdY 43 dEA5Y A EE E48ta, 4AA
W daEgEe 8 stelH e AAHS T3 stolBygE RAE HAHI ST A4tE 5
ofAlo} 2| MME 7]8F S2S o & A5 stolBgt RAS HE3le I dF d%s Hrtst
AT
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. Solalo} A A-W MME 6& A8 73

FolAlol A9 AU (Sub-seasonal to seasonal, ©]3d} S2S5) MME(multi-model ensemble, ©]
3t MME) d& A8Z %317 93 7 713 2de Table 83 Zt}h =wQlS AE 600) A
150, 1% -210A 519 155 y=HAS)CE 6171, xZ=(E)E 499 AAS 717 dHAAE 2
G = A tkFigure 49). webA 7SR F O GAE W7 5435 FVHESEN A EE AT
g ALk 2AE siEskr] {8, A AT 2ol r|Frde] ¢ dE(control# peterbation)}
FEglo]l 713 HeEe] HAHEE XAt dE W, ECMWF 71$&=2d 9] 7% control
gk 177 715 W49} perterbedol] thsk 177] 713 Ha4sE A A o 1) $3E
et & 187TNE FA4E BRF ofye}, o|Ao] HA =wQl AA87Tx4x6DE T =] o
of, read/open =4l ojE o] FASALE wetd dEH EA A4S Y& 11719 IFE
Faglel 1771 713 JAAPEE P8ttt vizb7EA| 2 NCEP, UKMO, CMA 7% 2d % 3
A gl 22 4, 7, ANE Bl el 7T JAAEE HAHES APt
, KMA(e]&} GloSead) 7| +EH L dEC] ol el d7te dAHo = HtshR
, GRE wet vt 44 SHEESE AYstdh

g

o

LN 2 i 2 2

O
~
SIR-)

AN

N

B 7| Rdef 525 dH 7|2 dF ARZRE FotAor A9 MME 7]y S25 &
Ayarstgit 570 A8 7] 3= A(ECMWE, NCEP, GloSeas, UKMO, CMA)9] 37 A&
H= 1= 199904 2010 F o2 120 B3slr] wj&Eo o] 7|17k MME
o st 4 gt Ael dFelA ZIAStE 2 ASEEs A E4d 2 A5 7kt
£ X¥ste 713t WSl 2098 AR ZIFeE A Ed virt Qlo], B AT
o HA AR 7 20902 HAsA, 57 ¥ rFEEPo] A AA
Z1ZFo. &2 1994 o A 2014 AASAT. =3 57 A s ERAY FF 7F
I (TMAX, TMIN, T2M, PREC, U50, U200, U850, V200, V850, W200, Z200, Z500)=
o, % o= APA7Htime range)S 0L = AASPE EI 57 AE T rde
Wl = (hindcast frequency)e] 7]+ ¥ 432 1¢, 9¢, 17¢ 25¢ = AAsGT &
= StgollA #HolE R g EE AYsfof st AE = AEA(Era-Interim) AE=
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Table 8. Information of sub-seasonal to seasonal climate models: used to produce
multi-model ensemble sub-seasonal to seasonal prediction data in this study.

Hindcast Hindcast Hindcast Time
Center ) Ensemble
Ens. size length frequency range
4/month
KMA Seoul 3 1991-2010 60
(1,9,17.25)
4/month
UKMO Exeter 7 1993-2015 (1.9.17.95) 60
e MME
CMA Beijing 4 1994-2014 daily 60 (1994-2014)
2/week
ECMWF ECMWF 11 past 20 years 46
(Mon, Thu)
NCEP Washington 4 1999-2010 daily 44

70 20

Figure 49. The geographic information of the input area in the study.
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Hazd 2 A7% 2d ARE A Qe solnels e
7%

g

Figure 50> 7|AIsts 3 AFstEolA BWol 485+ tix &4 7[HES =433 Aot
(https://www.weareworldquant.com/en/thought-leadership/welcome-to-the-machine/). £ <159
A= 71AIkEe] gzl £d rIWow dAYgEg 2~E(random forest)ES A3}t Table 9
+ ASTFAA A5 FH wWE YA A8EH+s Hed dadEEs Hlud Aot
(Wang et al.,, 2019). & AFoAE & A5 FEh7} EQAE 7]89k(point based)e] AlA A(time
series) ALz oA AR} 7|Hk(spatial based)e] AAEE FAstHA ATr]7]<(ong-short term
memory, ©|3} LSTM) &% Z|™HelA I 41744 =2D(Convolutional Neural Network 92
ConvLSTM )2 ¢aglE& AAsAT

METHOD ACTING

Unsupervised Supervised
Methods Methods

Cluterization Support Vector Ensemble Statistical

Algorithms Machine S Methods

Figure 50. Machine learning typically follows one of two paths: the most popular methods
are in orange color box.
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Table 9. Different deep learning models for processing four types of spatial-temporal data: it
shows which is learning technique of deep learning adopted in this study (modified from
Source: Wang et al. (2019) Deep Learning for Spatio-Temporal Data Mining: A Survey).

. Data type
Deep Learning Model ) ) )
Time series Spatial maps

RNN (LSTM, GRU)

Seq2Seq (Sequence to Sequence) o
AE (autoencoder/decoder) o
CNN o
ConvLSTM o
Hybrid [ ] [ ]

1) AG=ZY2E & 2d

H2E 7 Ags 7[Hoe R Uxdd G448 =doly, Gradient Boosting 71*H 3 2ol

A
7182 a4+ A YF(o]3) decision tree)o] tHhttps://www.datasource.ai/en/data-science-article
s/random-forests-for-complete-beginners). &3t & 5= = trees ZolrldA A3 (o] 5t

overfitting)d ¥& =7l= 7I'HeE wWo| el A UthFigure 51 & 52).

=3

B

k

Figure 51. A commonly used class of ensemble
algorithms are forests of randomized trees.

=% ©& o2 decision tree]
AR, 4™ dolEd wet
rees< WSIHEA
Figure 4o

s aati

+ decision tree=Z#4, o]
P X

B>

FEES OFE d5&

overfittinga}= Eo] EAE & e,
overfitting® %< &oZ 4 AA ScHBreiman et al,1984; Misra and Wu, 2020).
A FHA EAS Abold lines)Eo] o|&S ZsHA overfittings 47l WEks

e

o]

—
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Figure 52. The process of the operation in the decision trees of
random forest: Each tree in the random forest is built from a
sample drawn with replacement from the training set.

b

[>

NG LY 2ENA 2 AAS Hok 3= F2 v/l 24(0]3}, hyperparameten = treeZ
2 ) AAHEAE ZAAHSE n_estimators, treee] Hol Zo](max_depth), tree] splitz}
leaf(min_sample_split &  min_sample_leaf) So% &#x  UtHTable 10). ©]Z3+
hyperparametersi= o] oA A g3k W7d3<(built-in function)ql GridSearch ¥& °©]&
st 242 4 o} Hyperparameterse] WHelE AAS & A3 GridSearch 3+E &3
A XY 2~E9 hyperparametersE =3l T min_sample_split3} min_sample_leaf= tree”}
A Yrtes WekS AASs=d, £3] min_sample_leaf¢] node: o= Ao /A FES
AR E 23 9L I

Table 10. Key hyperparameters of random forest training model.

Parameter Description
n_estimator TE3HH = treed]
max_depth treed] Ho Zol& 27
max_features 4o E&S S uf ndof & EAHY &
min_sample_split YeolZ B FojoF & »t(leal)?] HA
min_sample_leaf  ©v}A]9} =E=(leah)ol A Q] HA AWE 5
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AFZH2EVF B2 S 71k 7IASE Y s ETsta EFdts myolr] wZo, 2
B el vk W] AWe S gHsy] ofyue dio] Atk A, o]F o= AR 3
A3st7] &l M FQE(feature importance)ehs HAEE B3l ol W7l oF Aol T8
g J&E steAE AT Tree7t o9 A Zsst=AE Q%str] A M FLEE A
A= W= 3717F de=dl, A HA= MDI(mean decrease in impurity) importance, & ¥
A ermutation importance, 3¥&j+= drop column importance’} 1 tHLouppe et al., 2013). £

= P
T A= MDI importanceE Al4FF A THEqQ. [4]). MDI importance= 7Hg A<l W4 F4&
24, 9A] glo] oA scikit-learn®] defaultZ WA= A= gFo|t}.

e

N, N,
Az’(z‘)Zi(z‘)*WtZi(Q)* ]\Zz<t,> [4]

Eq. [4]12 Z+ W7} split® w) impurity AR HHS T2 Atk Eq. [4]00A]
iH= tx==2o] impurity(entropy, gini index, variance) ¢©]il, Nt= t==9] #=Xx] /f4E veRA
t}. Importance score(dimensionless)®] 0> A& ARREHA| FdaS, 12 A A Fo AHE
9SS YR 18y o] feature importance scoreZ} Rthal A o] EAo] F831A %

7F e AR olojR

Data ) Monitored Daily PMss Predicted Daily PM; s
- at 1 km = 1 km grid cells
) ] [ MNeural 1
l SVM ‘ l Dec. Tree l Network ¢ Metwork
{Random - el T B
I Forest) I — Training 25 s ’-'":}
Training N | Randam Generalized
S MODEL MODEL MODEL g 9 | Forest | Additive Model | — 5 |
B0 % X1 - g
- : t, \‘"..
Predictor (variables) - (' "
Boosting ¥
Test dat
o An Ensemble Mode! Integrating
Multiple Machine Leaming Algorithms

Figure 53. The concept of ensemble learning algorithms: A) is describes the process of
combining learning and prediction results respectively by multiple learning algorithms. B)
describes a model in which multiple learning algorithms are combined to learn and
predict(modified from source: Di et al. (20190 An ensemble-based model of PM2.5
concentration across the contiguous United States with high spatiotemporal resolution).
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Random Forest

Class prediction layer
Convolutional layer P

(A) (B)

Vector | 1 [ :
o™ 1
W i X R
1. | 6000 | - -
N -l [y Convolutional Convolutional |
| | ! Y 1 P Layer Layer
1 B ! ! Output
- .___2.: g o | . 2
15 B 1 layer
1 ! N ITIN v l
1K D 1
. z
: 1 : Convolutional Pooling
N E = Layer Layer
EEEN ' el M d y
Tensor N Relsshape — & ® —
d ayer Yy l
1
\—- WN,JN,2) (VNx|Nxz) |__9_ _‘_J
Convolutional Pooling
— —
Layer Layer
3x3 convolutional kernel Full Connection

Random
Forest l

Fully connected
Layer

‘, 'EDD:E“:D: Class predictlon Layer

Outputs
Input Layer 1" Feature Map 5" Feature Map 6" Feature Map | Hidden Output
NE L:S,xS, Ly :SgxS, L :S, xS, Units L, Units Lg
g F

Figure 54. Diagram of hybrid architecture of this study: (A) work flow for integrating
machine learning and deep learning algorithms and (B) simple architecture of convolutional
neural network with ensemble classifier.
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2 o]t Figure 549] AoA S HAAML
F AR717199 oHAE AW

8 EANE F= 6‘]’.31 o] A
dddd dolole] ARE
= oHEHE ARty

) mlo
o v
5=
&

i)
ul |\
=2

Figure 54¢] B Thongsuwan et al.(2021)3} Weldegebriel et al.(2020)¢] CNNXGBoost ==
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& $AF B ATolA StolnYs ol g HE s AR Aelth. FAF WAL ®
Wol @ AR ANE FE37] A3 oluA Y Jstare PSS HAE SHF FFo
FAAROE, GHF AW o)A dolE AEANA B B J%5E sk s iy

o]
B ASA o7IgAE FEHET. & H2D(ConveD) #olo] 3719k 22 x(2D)e] maxpooling
gojo] = A A(fully-connected, dense) d@lo]ol&Z AAsIH o, Zol(depth) & S=H=E ©

£ kernel size(2, 3, 5 §)& T3l d4F FHo] 7153 ES depthwise convolutional W E S =
2 FAsAT Feature & 194 dololo ARV Y Zy 2E(regression) FEE ¢ H 5
55 FAHAT

Q) d548 A5 2 ¥

D BEIAET2LA 2 #AEERA T

Fd 7o w2 A=A 7Hlead time range) HA A= 73T HFo AESunwd
(frequency), APF+E 2 A5 A Hrles HYIAFZ 23 Root Mean Square Error,
o]3} RMSE)$} #2337+ Al 4=(anomaly spatial Pattern Correlation Coefficient, ©]&F PCC)Z
Askete] ALEE Held Ed 71 2 FH 7| gk A5 AgAd 2 WA A
< B7HFATHEG. 5 & 6).

RMSE =J 2T X)) [5]

714 x1, iE 9o §&ER ¢ Y yjErd Zo MME 7]H S2S o =7])&E A go|H,
X2, iE iAol FeEdol & stsd MY 713 rd 52 MME 7|4k S259] o =73 2%

ol t}.

PCC. = =1 / — ’ (6]

A7 xie gF A FL g5 F 4749 MY J|FEd 9 MME 7|dke] S2S o E7)% A
o A= @x iAo Folx, xe= Fd 7t B¢ AE 1FEd T2 MME 7 Ay o
271 Axne] He, & 2] V|E Hghs YR yie i9AdA Y #S AE, se F
H 7]7F ¢ S A5 B, F UIFHS UEAT j& AP FATHead time range), N
2 AgF AMsE 247 JEpdt
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b AL HlE

ME 71E5de] g% 2d AHE A S2S 9 =<2 RMSE ¥ PCCrF st =g A& $of
ofsf drirtE JHA B WMEE A=A Blaskr] fs) 7l ¥lE(@mportance ratio)S Al4FsFATH
(Lang et al., 2020). Y52 Eq. [7]o2 5 A4td /I 732499 RMSEClE £, XS &
Eq. BIZR¥ A4td PCCE #ZAZIT Eq. [7T]91A4 09 ojnl& 7l& Edo| hdsittal 7H4
< o &9 wdo] RMSEx= 00t Eq. [8] oA 12 HAl 7I& Edo] ¢h¥sittal 7hgstd
o mdle] Hap FPERATE 1olvets 7HH oz JiA vlEo] Hrhdnh

N

e,

MSE  —MSE,,,

RMSEimprov.= —= SEL,. (7]

Oﬂ & RMSE %k
o] 4§57 e

A7V RMSEp, or A DL or ML} Wl= MLE AR EHE S
°lal, DL stolB | St mdo] wE RMSE gholvh. RMSEz+= St
ME 1Fed 5o MME 7]9F S25¢] RMSE #holth.

kg Hﬂ
g, s
(o]

PCCDLor ML~ PCCYsZs

PCCimprov.= - PCC,. (8]
AN PCCpr or mNA = AA DL or MLY &vls ML2 WHHEZHZE st Zdo] wE
+ S Edo] AH&HA

PCC #eli, DLE 3folBel= st mdo] & PCC Zholth. PClu
wre. oAl welA wAHA e 5256 PCC gholeh

s & g He= :'/‘}01 FTAIEE A4FstATHEqg. [9] & Figure 78).
FARRD frAME=+E Data Scienceoll Al f+AHE AS5<S el 7HE gel 285 A== F HWEHIt
ol =& A Jf&ﬁr(https://towardsdatasc1ence.com/cosine—simﬂarity—how—does—1t—measu
re-the-similarity-maths-behind-and-usage-in-python-50ad30aad7db). Z AR FAIZE7 =S5
A2 FAME ol == on 2 ZFEdtiHan et al, 2012; He et al., 2020). whebA, £ o) A
= S5 7IWol ALHA & S259 ASAUY FAR] FAESE S5 7|Wo] A 8H 5259
BESHY] FARR] FAIEE Hlwste g5 3o WHilE EA A

e
re
-
=2
X
rlr
o

Gy

CoS(©) = AR [9]

Eq. [9]ollA, y*& d&gela, yrole Fg =2 labelo] dgHedH, A7AEs vyl



observation, < FEra-Interim Zto] =t}

(a) (b) (c) (d)

cos(8) =-1, opposite
vectors

cos(6) =1, cos(6) =0.86
most similar vectors

cosine similarity: 1 cosine similarity: 0 cosine similarity: -1

Figure 55. Cosine similarity measures the similarity between two vectors by calculating the
cosine of the angle between the two vectors. Cosine similarity is 1 at theta = 0 and -1 at
theta = 180, that means for two overlapping vectors cosine will be the highest (a) and lowest
for two exactly opposite vectors (d).
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20

AHXY2E dygFS /ME 71End 9 gFrddiE(multi-model ensemble, ©] 3}
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f

MME) 714F AW (Sub-seasonal to seasonal, ©]3} S2S) o= A 7ol L3l AFEZHAE &
1P EFE HA 5] Y= 9A Zul s Z4(0]3} hyperparameter)®] #ZA3s}7} 2 Q3
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Figure 56. The decision tree structure by the n_estimator(i.e. 5) of the random forest
developed in this study.
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Figure 562 hyperparameter n_estimator’¥ tree 7+%& H2EZ3F A o|t}. E3F Figure 57=
GridSearch &+& &3l £ AFolA ECMWFe S2S o Az tigh AHZHYXE g5 =
d o] A A 3} (optimization)® hyperparameters Aol QUM F¥ e
A% AsolA 247 hyperparameterol] 23] =2 4+ U= AL=e AL g oA
719E=E YeRH o] A2l M= 004 10|t} n_estimatore} max_feature= Z+Zb 103} 3
ol A score7} 713+ % estimator % max_feature’t Z7lsl= W37 UERUA] &ttt
max_depthe] A%, 6 o] FHE A:A A3} dghiddo] MojxA & 3H]3} overfitting)o] 2 &
UA+<S AAA T min_sample_leaf o] 7Z-¢-, 6 o]FHEH #:lAA M3 gk Mol Fopxl =
O o]4e] Wslhyl UehA] ettt o]9f o] hyperparameter®] score kol 03 19] 9ol A

HIes HHUA HG e =3

. C
Validation Curve with RFRegressor Validation Curve with RFRegressor ( ) Validation Curve with RFRegressor

Training score Training score
—— Cross-validation score = Cross-validation score

0 20 a0 60 80 100 2 3 a 5 6 7 8 9 10 2 4 6 8 10
N estimator min sample split max depth

e)

Validation Curve with RFRegressor ( Validation Curve with RFRegressor (f) Learning Curve with RFRegressor

Training score Training score —e— Training score
—— Cross-validation score —— Cross-validation score —e— Test score

0.
2 4 6 8 10 12 2 a 6 8 10 500 1000 1500 2000 2500 3000 3500 4000 4500
max features min samples leaf Training samples

Figure 57. Optimization of random forest hyperparameters: The result of optimizing the
hyperparameters(a: n_estimator, b: min_sample split, ¢: max depth, d: max_feature, e:
min_sample leaf, f: learning curve) of the random forest algorithm developed for the
predicted subseasonal daily maximum air-temperature of ECMWF in this study.

=3, AY H@bs W)t dS MR Mty Adzdg2E dadEed dig 49
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Figure 58. Feature Importance of random forest: Feature importance results of random
forest calculated by applying the random forest algorithm developed in this study to 5
individual climate models(a: ECMWF, b: GloSea5, c¢: UKMO, d: CMA, e: NCEP) and
MME-based subseasonal daily maximum air-temperature(f).
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Q) FFZD7171Y dxn=FE HH3

FAAHF A1 719(Convolutional Long-Short Term Memory, ©]3} ConvLSTM) AP EFS
N8 71529 9 MME 7|9k S2S o= x 3ol Z83la] ConvLSTM &18l&S HA3tst7] 9
AMAe A 7=, 48 A5 ¥W¥ 9 hyperparametere] ZAA 3} = 2 3lr} -éB_o]—TZ]- A,
71 ConvLSTMe] AlA®W mds HAAsry] 3] = #4& 39t WA, 7]¥ ConvLSTM
o] NAW MAE7] 98, base AAW o]9] T2 Holo] TxE 717 34 AAWLS TS

A R WAL base AW 1) FAF Aol E Fske A AAGoR THYT.

T HAE A WA Tz A batch normalization #o]olS &£&3 Fxolth A WA= F W
Aol 1] FA4F @elolE F71stal dropoute] E3tE AW oz FA35 ) Base A7
3= 4719 Al7dwhel disl Randomsearche] W7 gH4~(tuner.get_best_models)E &3l 71+
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Figure 59. Comparison of spatial anomaly pattern correlation coefficients of predicted
daily maximum air-temperature within 5 individual climate models for sub-seasonal and
MME before applying training models.
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Table 11. Four scalers information for data transformation in deep learning.

Scaler Description

MinMax A 2 HAizko] 27 13 00 HEE ~A4YY

Robust  FY#k(median)a} IQR(interquartile range)= AF-&. ofxgtelojo] FFS 43
Standard R 2AY. AE R BEAA AL

MaxAbs A A gk 00] 247t 13 00] HEF 2ALH

Figure 60+= 47012 W& 7)o 2ls] HEH Era-Interime] ¥ H7|2 A= MME S2S o=
d Hr|e A5 s2EIY 3o 2xd Fxolt. a9t ew MinMax Scaler, be} f+
Robust Scaler, c2} g Standard Scaler, d¢} hi: MaxAbs Scalerol] 23t Aot} zhzto] WHE
710 W& 7]F ConvLSTMe] 417" mdeol Agw BA Azl MaxAbs Scalero] ¢33 A=
7} 71 =& Ao =2 YElgt Figure 612 ECMWE S2S o= o Har]e x50 Uigh 47
3L Aato|t), )& slolBEls oA 47] H3r|e] THEAR HIlY wE 4=
7}, ECMWFe] 4% 7]+ stolBg]l= wdo] Y EL FoA] Robust Scaler2 AA3tH 3, MME
o] 73§ MaxAbs Scaler’} X175 At}
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Figure 60. Histograms and two-dimensional distributions of input data transformed by four
transformers for sub-seasonal MME predicted daily maximum air-temperature: The four
transformers are (a) minMax scaler, (b) Robust scaler, (c) Standard scaler, (d) maxAbs scaler,
respectively. Two-dimensional distribution between the Era-Interim daily maximum
air-temperature matched with the input data transformed by the four transformers.
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Figure 61. Histograms and two-dimensional distributions of input data transformed by four
transformers for ECMWF sub-seasonal predicted daily maximum air-temperature: The four
transformers are (a) minMax scaler, (b) Robust scaler, (c) Standard scaler, (d) maxAbs
scaler, respectively. Two-dimensional distribution between the Era-Interim daily maximum
air-temperature matched with the input data transformed by the four transformers.
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D ME 713249 LSIM F &l & 9= 4% B7t

AHzH2E dag|Fe HASA AFg vkel o], FAu dagFo #Asie=
hyperparametere] 2% % HzZ3} HA Fesity 247 =do] hyperparametero]:= batch
size, epoch, learning rate, activation function, kernel size, dense units 5 ©] AtHTable 12). ©]
23t hyperparametero] g &= A& $13] tensorflowe] gle]H 2] keras Tuner 5
Z4ske], B A9 71F ConvLSTME] A7 = o] hyperparametere] #HZAstrl & Q3o

Hyperparameter& @& o2 HA3t7] 918 =75 AlFgch(Table 13).

Table 12. Key hyperparameters of convolutional neural network algorithm in the hybrid
model of this study.

Hyperparameter Description
batch size Sk o] wkE(e. epoch)oll A AbE&H T™ Ao <
epoch AA g5 Holg AES A
learning rate EAR Fdo 3 HAH3 ) ALHE oF Vx99 H S
YEL A7} dleolg o 33 e & @%Q T IEE AFAA

activation function
Wl Frlste @4

kernel size e vpA39 YH] x Zo]E 21

Table 13. Information of four representative tuners for hyperparameter optimization of
deep learning algorithms.

Tuner Description
T Edux /52 AASete U= AA5E 99 Bayes A
BaysianOptimization o
= A&
RandomSearch Fol 1] yelAd Ad(dePhez g AMste] A9
T4 AIZbs Eo17] 98 A2 epochZ B2 BHol THS A
Hyperband T3t TH AUt M 2L ZddA AAS AR Wi
o] A7to] @o] A ©hA
Sklearn w2t AFE stol v utebu B A S AL

t3EAH Q0 Keras FUol+= BaysianOptimization Tuner, RandomSearch Tuner, Hyperband
Tuner 5] =M, Tuner ME2 thA & hyperparameter’} =&%H+= =A7F AT 18
A 7] ConvLSTM®] 417w md o] hyperparameterE ©®H TunerZ ZZ st&=|of tg 24
o] sttt wetA AR FU AABE s WA Ad 2 AL £ FHoA max trials
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AR = AT
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1
[e X |

ECWMF, UKMO, GloSead Aoty mgalo] FH Az BHrie 3 AlF 2 xHMean
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Zpolo) At o #Y% o= slolBEE Edof 4% 7]F ConvLSTME] AA® =do| 3

ZR27) o) Fo7l AL & 4 At
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Training & Validation loss: ConvLSTM

(b)

Training & Validation loss: ConvLSTM
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Training & Validation loss: ConvLSTM
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Training & Validation loss: ConvLSTM
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Figure 62. Convolutional short-term memory (ConvLSTM) training results: (a) Loss after
training ConvLSTM to sub-seasonal MME predicted daily maximum air-temperature. Losses

after learning ConvLSTM of daily maximum air-temperature of ECMWF (b), GloSea5 (c), and
UKMO (d), respectively.
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Figure 63. Comparison of training and test scores of
a random forest connected to a hybrid model and a

single random forest for the sub-seasonal MME
predicted daily maximum air-temperature.
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Figure 64. Comparison of spatial anomaly pattern correlation coefficients (after here, PCC)
by prediction frequency: PCC of predicted daily maximum air-temperature of sub-seasonal
MME before applying training models (left). PCC of predicted daily maximum air-temperature
of sub-seasonal MME after applying Random Forest model (middle) and the Hybrid model
(right).
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Figure 65. Comparison of the deviation of the spatial anomaly pattern correlation
coefficient (after here, PCC) by prediction frequency of predicted daily maximum
air-temperature of sub-seasonal MME: The PCC after application by each model
(left: Random Forest, right: Hybrid model) is subtracted from the PCC before
applying by each model.
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Figure 66. Comparison of mean,
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deviations of spatial anomaly
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Figure 67. Comparison of spatial anomaly pattern correlation coefficients by prediction
frequency of predicted daily maximum air-temperature of five individual climate models
(from left, ECMWEF, NCEP, GloSeab, UKMO, CMA): Spatial correlation coefficients for each
prediction frequency before applying models (upper panel), after applying by the hybrid
model (center panel) and random forest (lower panel).
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Figure 68. Comparison of the deviation of the spatial anomaly correlation coefficient by
prediction frequency of predicted sub-seasonal daily maximum air-temperature of five
individual climate models: Subtracted after application by each each training model (top:
Hybrid model, bottom: Random Forest) from before applying by the models.
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Table 14. Spatial anomaly pattern correlation coefficients (right) and root mean square
error (left) of predicted daily maximum air-temperature within 5 individual climate
models for sub-seasonal and MME before applying training models.

Pattern Correlation Coefficient Root Mean Square Error
5% MME ECMWF NCEP GloSea5 UKMO CMA i MME ECMWF NCEP GloSea5 UKMO CMA
W1l 0.65 0.74 0.54 0.55 0.54 0.44 1.53 0.86 1.88 1.16 1.39 2.15
w2  0.35 0.49 0.4 0.41 0.4 0.17 { 1.88 1.1 2.1 1.37 1.32 2.89
w3 0.17 0.23 0.2 0.19 0.2 0.05 2.0 1.23 2.31 1.47 1.42 2.98
w4 0.1 0.12 0.13 0.11 0.13 0.06 2.04 1.26 2.36 1.5 1.44 3.02

Table 15. Spatial anomaly pattern correlation coefficients (right) and root mean square
error (left) of predicted daily maximum air-temperature within 5 individual climate
models for sub-seasonal and MME after applying hybrid training model.

' Pattern Correlation Coefficient Root Mean Square Error
fivorid ECMWE NCEP GloSea5 UKMO CMA | MME ECMWF NCEP GloSea5 UKMO CMA
Wl 063 0.74 0.56 0.58 057 045 | 18 118 2.0 1.29 128 1.9
w2 034 0.49 0.36 0.33 037 012 | 184 1.2 2.04 131 1.27 2
w3 017 0.23 0.16 0.12 017 006 | 187 1.22 2.06 1.32 129 201
w4 0.09 0.12 0.09 0.05 013 002 | 187 1.22 2.07 1.32 129 202
Table 16. Spatial anomaly pattern correlation coefficients (right) and root mean

square error (left) of predicted daily maximum air-temperature within 5 individual
climate models for sub-seasonal and MME after applying random forest (after here,
RF in this table) model.

Pattern Correlation Coefficient Root Mean Square Error
i MME ECMWF NCEP GloSea5 UKMO CMA { MME ECMWF NCEP GloSea5 UKMO CMA
W1l 0.52 0.62 0.41 0.48 0.42 0.26 i 1.85 1.11 1.86 1.27 1.49 2.2
w2  0.28 0.39 041 0.36 0.31 0.15 { 1.98 1.22 2.01 14 1.42 243
w3  0.14 0.18 0.14 0.17 0.14 0.1 2.06 1.3 2.18 1.48 1.51 243
w4 0.08 0.09 0.09 0.1 0.08 0.1 2.08 1.33 2.22 15 1.53 247
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Table 17. The values of the X-axis and Y-axis of Figure 20, which plot the
improvement rates by the hybrid model (.e. one of post-calibration methods of this
study) of the individual climate models and the MME-based subseasonal predicted daily
maximum air-temperature: The right of table is the improvement rates of the spatial
anomaly pattern correlation coefficient (PCC) calculated by Eq. [1]. The left of table is
the improvement rates of the root mean square error (RMSE) calculated by Eq. [2]. A
rate with a positive value means ‘improvement by the post-calibration technique’
and is marked in bold.

Pattern Correlation Coefficient Improvement Ratio Root Mean Square Error Improvement Ratio

MME ECMWF NCEP GloSea5 UKMO CMA : MME ECMWF NCEP GloSea5 UKMO CMA

Hybrid

W1 -0.06 -0.02 0.05 0.06 0.07 0.02 : -0.18 -0.37 -0.07 -0.11 0.08 0.09

w2 -0.02 0 -0.07 -0.14 -0.06  -0.06 i 0.02 -0.09 0.03 0.04 0.04 0.31
W3 0 -0.01 -0.05 -0.09 -0.03 0.01 : 007 0.01 0.11 0.1 0.09 0.33
W4 -0.01 0 -0.05 -0.06 0 -0.04 : 0.08 0.03 0.12 0.12 0.1 0.33

Table 18. The values of the X-axis and Y-axis of Figure 20, which plot the
improvement rates by the random forest model (i.e. one of post-correction method of
this study) of the individual climate models and the MME-based subseasonal predicted
daily maximum air-temperature: The right of table is the improvement ratio of the
spatial anomaly pattern correlation coefficient (PCC) calculated by Eq. [1]. The left of
table is the improvement ratio of the root mean square error (RMSE) calculated by
Eq. [2]. A rate with a positive value means ‘improvement by the post-calibration
technique’ and is marked in bold.

Pattern Correlation Coefficient Improvement Ratio Root Mean Square Error Improvement Ratio

RF
MME ECMWF NCEP GloSea5 UKMO CMA { MME ECMWF NCEP GloSea5 UKMO CMA

w1  -0.35 -0.47 -0.27 -0.14 -0.26  -0.32 ¢ -0.21 -0.29 0.01 -0.09 -0.07  -0.02
w2  -0.12 -0.19 0.01 -0.09 -0.16  -0.02 ;: -0.05 -0.11 0.04 -0.03 -0.08 0.16
w3 -0.04 -0.07 -0.07 -0.03 -0.08 0.05 : -0.03 -0.06 0.06 -0.01 -0.06 0.18
w4 -0.02 -0.04 -0.04 -0.01 -0.05 0.05 { -0.02 -0.05 0.06 0 -0.06 0.18
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Figure 69. Comparison of improvement rates of post-calibration techniques for the
sub-seasonal daily maximum air-temperature of individual climate models and MME,
respectively: The x-axis is the ratio between the spatial anomaly pattern correlation
coefficient (after here, PCC) after applying by the training models, for example Random
Forest and the Hybrid model and the PCC before applying the models. The y-axis is the
ratio between the root mean square error (after here, RMSE) after applying by the
training models and the RMSE before applying the models.
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Figure 70. Comparison of cosine similarity between spatial anomaly pattern correlation
coefficients (after here, PCC): Era-Interim’ s predicted daily maximum air-temperature is
defined as observation, that is, true value. Calculation of cosine similarity between the
PCC of the Era-Interim’s daily maximum air-temperature and the PCC before applying
the training models to the daily maximum air-temperature on the sub-seasonal MME
(from (a) to (d)).
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Figure 71. The density of cosine similarity by week in Figure 21 is from a to d.
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Figure 72. Comparison of cosine similarity between spatial anomaly pattern correlation
coefficients (after here, PCC): Calculation of cosine similarity between the PCC of the
Era-Interim’s daily maximum air-temperature and the PCC before applying the training
models to the sub-seasonal daily maximum air-temperature of five individual climate models.
Calculation of cosine similarity between the PCC of the daily maximum air-temperature of
Era-Interim and the PCC of the sub-seasonal daily maximum air-temperature of five
individual climate models applied by the hybrid model and Random Forest. From left, (a) is
ECMWF, (b) is NCEP, (c) is Glosseab, (d) is UKMO, (e) is CMA.
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St 7)Ao A 8331 A= Gloseab(Global Seansonal Forecasting System  version5;
MacLachlan et al 2015, Scaife et al 2014)= Met Office 7] $ =2l HadGEM3<] zde] FE)
o RAE VT YEE EDEA O7|-A x| A¢dEdE thr]2E¥-2 Unified
Model(UM)& 7|Erdg xw|wdo UK Land Environment SimulatorJULES; Best et al.,
2011), s F2 Nucleus for European Modeling of the Ocean(NEMO; Madec, 2008), 3" =2
The Los Alamos Sea Ice Mode(CICE; Hunke and Lipscomb, 2010)& =22 FAF o] 3t}
Gloseab= N21637Hl4 =2 s 9% 0.8°, A= 0.5° 9 sEE=E 7IA L o, 1991 F
B 2010@7H#] AI5E AA T stAT. (Figure 73). NCEP AldY d=A5E 19913 FE 2010
A7kA 12133t o] o] B ol A A5E % 5}
MSLP-OLR-PREC-Q700-Q850-SIC-SST-T2M-TMAX-TMIN-U50-U200-U850-V200-V850-W500-Z20
0-Z2500-Z1009] W5 ¥i<E(12,43,61,49,19)¢] AdExA5=E WHEste DB F+H¢4Esd o UKMO
= 19933 #-H 20153 7}A] 2319 A5E = % 5}
OLR-PREC-Q700-Q850-SST-T2M-TMAX-TMIN- U50-U200-U850-V200-V850-W500-Z200-Z5002]
HE 2855 o]g3te FZEY] 60¥3 A= -21~50, A= 60-1509] oigk w) & (23,60,61,49,16)
o2 JAYAFE FAslY DBFEEsIY dHEAES &85t CMAAREE 20013 FE 20143
7HA 143712 tlol 8 & S A e
MSLP-OLR-PREC-Q700-Q850-SST-T2M-TMAX-TMIN-U50-U200-U850-V200-V850-W500-Z200-Z
5009] WSS Wl A(14,59,61,49,17)¢] YA B2 HEsla] Attt CMARZE Daily A8
2 Glsoeads} #Z2 EEtddol 9o A5 E DBt MSCAE+ 1995W 78 20173 9
23 X9 A8 E Rk oL 1995-1997, 2015-201719] A7) Qe A¥oE HEAE=

19943 H-¥] 20143 712 DB=3} 34 o} H =
MSLP-OLR-PREC-Q700-Q850-SST-T2M-TMAX-TMIN-U50-U200-U850-V200-V850-W500-Z200-7Z
5000] c}. ECMWFAl2 = 1998 F-E 201737} A PAS=R= TE3H o,

MSLP-OLR-PREC-Q700-Q850-SST-T2M-TMAX-TMIN-U50 -U200-U850-V200-W850-Z200-25002]

HeE dAY s
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Figure 73. Gloseab daily maximum temperature data.

(1} ERA-Interim

ERA-Interime= 7] 22 ERA-400A H=o] AFste AEAAEE 19799 FE 2018
A A8E AFsta Jdor. ERA-InterimAl5 & Ohe HEel Axsd AlF3t sdEe
A5E AFsa Jon, 2dd AZASE AP AFAARCT AFHE A5 19794
1938 20199 12€71A A 85E FH3HL, A5 XL netCDF, GRIBEEHIZ A 3%
A7 S8 =+ sub-daily, daily, monthly#5 5 A|&sly 374 d=+= 0.75° X0.75° 02
ok L ARE A=SAEE AAAZSAE, JAAR, YA radiance © 7Y AFE o] FoX]
A tHFigure 74). AE AT ERA-Interme= 1° 9] S| =2 HAA]E AT
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Figure 74. ERA-Interim daily maximum temperature data.

A &2 51 ERA-InterimA 5+ ECMWF, Glosead, NCEP, MSC, CMA, UKMO<¢| 7jE =g 3}
MME A& 7]3tol]l sto] wid(61,49¢ FEel2 2 =Ekd 609 ARE T353R, Zodd o
2t MERPE e Y gFo] Zzke Al AAP st obAlol Ao Bl WM
d2s g Ao, FF AARE, Aol di=E ARE 755t S5 dFolth

ConvLSTM =deo] J#xtgE /¥ rd U MMEC wet E8, 22 release dateE 714
+ Glosead, UKMO, CMA+= Z+Z} 1991-2010, 1993-2015, 2001-2014Wd7}A] dlo|H = Ztzbe] w
g ARgE kst HEe 7] g2 YAE ASFE dYAEE 8311, release dateol]
g Yol 1,917,249 9 F 4709 HolEHAMO R 1d 48712 F ulolElo A 3 release date
d dFAE7F gt stFaor & Wae Jd 2% AHolth ECMWEE 11749 43E
M Am el 1998 HE 20173@7HR] A RE F531H 3L, NCEPAE = 1999 HE 2010 71%#]
4709 e M ARE Hdste] ARE TS5 oh(Table 19).

3 &
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Table 19. Summary of training dataset for ConvLSTM Model.

Observed S2S model
ERA-Interim  GloSeab UKMO NCEP ECMWF CMA

Period 1990-2018  1991-2010 1993-2015 1999-2010 1998-2017 2001-2014
Time scale daily daily daily daily daily daily
Time range - 0-60 0-60 0-44 0-46 0-60
Ens. size 3 7 4 11 4
ConvLSTM

, release date(60 day)

Input
ConvLSTM .

daily Tmax
output
2) %y

SHHEE 2| ol ofAJo} EjFF A HF AAr|Nre] AEY SAEE HIHOoE AT 4
2255 AY4kslr7] 918k ConvLSTMS o] 838t o&=wnd-S 7)utsl th(Xingian Shi et al,
2015). ConvLSTM-& RNN¢] 3s}lrpe] o2 RNNL d<&EEH+= HolyH #eS Hed 2d o5
Aoz FYEHE ol A A4 ol A 3= o= RNNHZ Y Ex
]

fo m
ol
ol
rlr

Ao
2

2
o

Holl 2 A3E AASHARE Z7I3bel] dA dAs= dSae & dS5shA X 2
TAHNCH S8R exe Y Tlerle HSA g & 2"Hake 71l
3 g, 2 7§e) #o]

JE MMM1H¢H%%%§7 7] el ol

&= 3

T A9 3 A ANAYE A5 Teits 04]—5—"% ] LSTM¥HHUloA gutzioz
o]-&s}l= FC(Fully-Connected)-LSTM-& ©|&3t Tt 7| FHSTE 12 HEE st H
$rqow 149 WE 4 ¥4 %A TVAX, TMN, PRECE 41 %z‘s}t— e o)l ATE %
st JdE Yo E AHY dSERAS olgsted &% WHFY shtolth olHd A
E vt o R Fopaotel e A AR r|dke] AEY 0415—91 AGLE st At
HE A oA ARERE 1A WlE o] LSTMS vEE ARE-sH7]dl F2]7F lo] 23k WlElS& 71
Hog AAYG A2 o= F83 ConvLSTMS Aeste] AT L34t 22 wg
712 ECMWF, Gloseab, CMA, MSC, NECP, UKMO¢] 7| rdy /jEed S 7|juto g MME@'

A5E YUARE HolHAL TS Zze mdd % dolHd RH BZAR
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1H 3 CNNE o] &3l 7o) &F A JfAle F8|d ozt FAddET B AFoA=
LRCN(Donahue, 2017)¢l ~]dksted CNNOo.2 Z+zhe] Gloseab feature 54 WHE FE3Fal o]
£ 7|Hto g LSTME 83} thFigure 75).
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Figure 75. A diagram of ConvLSTM for Subseasonal model.

i :U(VVg*‘X; + W, H_ + W00, +bi)

i :U(W;f*Xt"” sz*Ht—l"’ meQ—l+bf)
G =£OCG_; +i,Otanh (W, * X, + W, *H,_, +b,)
0, =W, * X, + W, *H,_,+ W, G +b,)

H, = o0,®tanh(c,)

ConvLSTM+= ofAlo} Bl Ao A-Y «ZAF 2,7} 2392 ECMWF, Glosea5, MSC,
CMA, NCEP, UKMO, MME Z}#} mde] Azt d¥ats 9 x7t 507k ConvLSTMS] o9, &
Zk, 28 AlolE i,f0% A d9g X, 4 29 C, A A8 He 27 3ad dA=E f=ed 34
T 32k HMEHE g SgS AEEE AASAT

ConvLSTM 7jE =dy MMERY-2 MSLP, PREC, T2M, TMAX, TMIN, U200, U850, V200,
V850, W500, Z200, Z5009] Zt7] ©& WH,gks Conv2DEHE T34 3A 5EHS Holda
t}A] MaxPoolingS &34 YL Fo]a1, MaxPoolingde] TA Conv2DS A33tal THA
Maxpooling& 2 Al&te] &3-& ERA-Interim¥} 22 HFH o7 Zhzhol FAgho] AAIARE
E 4FEste FC-ConvLSTM obd 3zt WEHE $H¥o 2=EY 345 ARV} 420 HES
Conv3DgtE o] &35le] s &83l=5E ConvLSTMo71El A4 & A A sl tiTable 20).
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from keras.models import Sequential
from keras.layers import MaxPooling2D, Dropout, Batchnormalization, Conv3D
from keras.layers import MinMaxScaler

from keras.layers import ConvLSTM2D

Aetzol A WMo 247 g2 Ho HAGS dUdoz dASA 2 A4 A==
33t7] 93k MinMaxScalere} <59 83k convL.STM2D,Conv3D glolB & el2 &83}7]
A d4E EEsty JERdA 59t ERA-InterimA5E anomaly#t o2 ¥HIS ERAH

Tmaxol]l thste] THAMNE F sampleFolA 70%S THEMOZ 30%S HZEAMOZ UFo A

25 rD Sk DS

<
=
<
T

o o o

with tf.device(’/device:gpu:0):
model = Sequential()

model.add(ConvLSTM2D(filters=64, kernel_size=(3, 3),input_shape=(2, lonnum, latnum, ffx),
padding="same’,  return_sequences=True,  activation="tanh’,  recurrent_activation=
'hard_sigmoid’, kernel_initializer="glorot_uniform’, unit_forget_bias=True, dropout=0.3,
recurrent_dropout=0.3))

model.add(BatchNormalization())

model.add(ConvLSTM2D(filters=64, kernel_size=(3, 3),input_shape=(2, lonnum, latnum, ffx),
padding="same’,  return_sequences=True,  activation="tanh’,  recurrent_activation=
'hard_sigmoid’, kernel_initializer="glorot_uniform’, unit_forget_bias=True, dropout=0.3,
recurrent_dropout=0.3))

model.add(BatchNormalization())
model.add(Conv3D(filters=1, kernel_size=(1, 1, 1),
padding="same’, data_format="channels_last))

model.summary(
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Table 20. Summary of convolutional layer at ConvLSTM model.

Layer (type) Output Shape Param #
conv_15t_n2d_560 (ConvlSTHD (Nome, 2, 61, 49, 64) 159232
batch _normalization 568 (Bat (None, 2, 61, 49, &4) 256
conv_1st m2d_561 (ConvLSTM2D (None, 2, 61, 49, 64) 295168
batch_normalization 561 (Bat (None, 2, 61, 49, 64) 256
conv_1st m2d 562 (ConvL5TM2D (None, 2, 61, 49, 64) 2951638
batch_normalization 562 (Bat (MNone, 2, 61, 49, &4) 256
conv_1st m2d 563 (ConvL5TM2D (None, 2, 61, 49, 64) 295168
batch_normalization 563 (Bat (MNone, 2, 61, 49, 64) 256

conv3d 148 (Conv3D) (None, 2, 61, 49, 1) 65

ConvLSTM= &l 2 O‘E—%XPEQ Hjdo] ofrJo} B Aol 61x499] widF H 13709
AEHFE 485 7 FHE A4bsr] dEol AbAzre]l 28 Al @do] LAstA L, ol&
Héd | #18td vix| Aol 25 Z7] Frol AlAFeAT. Hlolole 645 4R E olojEo] A&t

, kernel_size= 3xX30.2 URA o T Po] HFsl= A7|E A &3t thFigure 76). optimizer
;}—’F% ‘adam’ © & £2434= mean square error (mse)drFZ A este] <58 AN

g shgHolEolA o #ZHILE Fo]7] 95te] batch normalizationg #8393 S

, padding="same’, return_sequences=True, activation="tanh’,

(

ol

2 0

recurrent_activation="hard_sigmoid’, kernel_initializer="glorot_uniform’, unit_forget_bias=True,
dropout=0.4, recurrent_dropout=0.3°2.2 7} Ho] Algs= FAS AAHSIY S5t HTh
epochs= EarlyStoppinge &3t A& =7l oW WEF Y2 AEHSIJOH, F50=2
300-15003] & WslE FHA A= AHS 9% AR 4 *alf\]é‘}‘}i‘:‘r(Flgure 7.
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ConvLSTM Architecture

Inputs
Conv2D Layer Pooling Layer
Tanh (padding)

o Conv2D Layer
BatchNormalization Tanh
Conv3D Layer Outputs

Hyper-parameters

Optimizer: Tanh
Training  Epoch = 300
Batch size = 8

— frain

20 test

151

0.5 1

0.0

epoch

Figure 76. The structure of parameter of ConvLSTM.
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Figure 77. Model pattern Extraction and visualization of ConvL.STM
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(b Ay

ConvLSTMe] Atz 5a49le] tjgdFe] Azel 4719 wlojol s 4852 FATOR A
a7l |® PCel CPUR Al4tal7lol olele EAMol Utk Wy mde] AAre T
o2 @x87] AL GPUS WaAFHo| Sgsted S o AMNNE BET
S 9tk @Al GPU AFEe AWE FHFo) 97] WEel ool WES Nvidia GTX3090<

7IRte = stFakith(Figure 78). Nvidiacolab2 -2 Feh¢-E=o4 F2=2 7HEAME A dst7]
el 7HEMME Fete B2 Steskith 7= EftelEe dEHT] wEe FHA ARs
T2 EffolBo YEESY colabd AEEH colabollM FEEFO|EE stEAY 145t
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Figure 78. GPU monitoring and CUDA activity.
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Figure 80. Comparison of the result of convLSTM model with ECMWF model at daily
maximum temperature.
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Figure 83. The sensitivity of analysis for spatial resolution.
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Figure 84. Comparison of performance of pattern correlation of maximum temperature for 3
week lead-time.

- 12 -



Week4

0.6

PCC

s CONVLS T Me== UKMO
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