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Executive Summary

The purpose of this study is to develop objective and climate prediction-tailored Al base
technologies through the identification of data characteristics for seasonal to subseasonal
climate predictions, the expansion of available data, the development of a data service
system, and the optimization of deep learning model architectures by applying various
pre-processing methods and semi-supervised learning.

We applied ConvLSTM and U-Net deep learning techniques to evaluate their prediction
performance on weekly forecast days by additionally using satellite data in order to alleviate
insufficient data issues. The ConvLSTM did not show optimized results while the U-Net deep
learning model provided optimized learning results even with a small number of training data
as a result of learning expanded data and showed significant accuracy improvements in terms
of PCC and RMSE. We also developed a data service system and developed a GUI
environment for utilizing user-oriented deep learning model training sets. This system will
contribute to the easy production of input data that can be easily used for artificial
intelligence models.

For the development of deep learning-based post-processing technology, this study was
first conducted to identify a pre-processing technique suitable for improving the prediction
performance of S2S predicted daily maximum and minimum air temperature and daily total
precipitation, especially week 2 to 4. The S2S prediction raw data of six individual climate
models were converted into training data to be input to the deep learning models, and
MME-based S2S training data were additionally constructed from them. The pre-processing
process of this study applies five scalers, and added to the pipeline consisting of cases that
do not apply to these scalers, and a technique was also added to select the features
characteristics of the ftraining data according to the rank by calculating the correlation
between the transformed training data and the labels. The learning model of this study
simply applied TimeDistributed to the convolutional layer of U-Net, and named this as a
reference model. Climate prediction data before correcting the spatial Pattern Correlation
Coefficient (PCC) by lead-time evaluated for the results predicted by the Base model for the
six individual climate models pre-processed with six techniques and the MME-based daily
maximum and minimum air temperature and daily total precipitation training data, that is, as
a result of comparison with the observed values, suitable pre-processing techniques improved
the prediction performance of daily total precipitation and daily maximum and minimum air
temperatures treated with Standard and Robust techniques. In particular, the prediction
performance of daily total precipitation was improved in the entire lead-time, and the
prediction performance of daily maximum and minimum air temperature was not improved in
week 1, but improved in week 3 and 4, and it was confirmed that there is an effect of



improving the post-correction of the Base model for the S2S training data transformed into a
suitable pre-processing technique. In addition, in the case of daily total precipitation to which
the feature selection technique was applied, it was found that the decrease in the
dimensional of the training data and the decrease in input variables according to feature
selection did not affect the change in prediction performance. However, in the case of the
daily maximum and minimum air temperature, it was confirmed that the prediction
performance could decrease if the input variables of the training data by feature selection
were below the reference(for example, selection of seven variables in training data), and the
feature selection method was still effective in improving the prediction performance of week
1 of the daily maximum and minimum air temperature. As it does not appear to contribute, it
is thought that a different approach, such as applying a deep learning training model
different from precipitation prediction, is needed to improve the prediction performance of
the S2S air temperature training data. In the next study, we will explore the reason why the
base model’'s week 1 improvement is insignificant, optimize the hyper-parameters and
structures of the base model, and add various training models to find a deep learning model
that can improve the predictive performance of the SZ2S.

Graph- and image-based Artificial Intelligence models were developed and supervised
learning results were examined to construct the research environment for the application of
semi-supervised learning. In order to alleviate the lack of training data issue, data
augmentation methods were tested: the construction of semi-monthly data from daily data,
and the cutmix of monthly data. The use of only the target month (Target Month Only) was
compared to the month-agnostic approach (Month-Agnostic) using all months. Both node
classification and graph classification models were developed as graph-based Al models, and
prediction performance of summertime monthly mean temperature were examined. The effect
of data augmentation was not obvious since both models were not trained well. Results of
the test set for July (LT2) with cutmix data augmentation and the Month-Agnostic approach
outperformed other cases for the node classification model. The Month-Agnostic approach
performed better for June (LT1) (HSS>0.35 for all folds) and the performance was improved
with data augmentation for July (LT2) for the graph classification model. 3-dimensional
convolution neural networks model was developed as a image-based Al model. The model
with the cutmix data augmentation and the Month-Agnostic approach was better trained and
outperformed other cases (Accuracy>0.6 for all months and folds). The prediction performance
for the test set was improved for June (LT1) and July (LT2). Spatially significant regions were
derived based on the Class Activation Maps of the last convolution layer of the model. Cases
with newly activated areas where their climatological significance was previously analyzed
were observed. Supervised learning results were examined and the effect of data
augmentation methods was investigated in this first year study.
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Figure 1. U-Net based encoder-decoder model
structure with convolution block attention module
and conditional dropout mechanism in the
bottleneck.
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Figure 2. Operation
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separable convolution block.
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Figure 3. Conceptual diagram of
the conditional dropout
mechanism.
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Figure 4. Model architecture for the post-processing model with 3D convolution blocks.
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Table 1. Summary of ECMWF, GLOSES model.

ECMWF GloSea5
Model version CY41R2 GloSea5-GC2
Implement data in S2S 08/03/2016 01//11/2016
Time range d 0-46 d 0-60

Tco639 LI1 (about 16 km)
up to day 15 and Tco319

Resolution N216 L85(0.83° x0.56° )
(about 32 km) after day 15
day 15
Ens. Size 50+1 4
Frequency 2/week daily
Re-forecasts on the fly on the fly
Rfc period past 20 years 1991-2010
Rfc frequency 2/week 4/month
Rfc size 10+1 3
Ocean resolution 1° 0.25° L75
Active Sea Ice no yes

Total Precipitation

Total Precipitation (kg m**-2)

<4ET

0.0 a41.7 835 125.2

Figure 6. ECMWEF S2S Precipitation data.
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Figure 7. GPM IMERG data.

120°E

NDVI (Normalized Difference Vegetation Index)= ¥v|= NOAA2] CDR (Climate Data
Records)Z 218 ddo 2 52 AFsa o, 1981dFE A7E AFsta AchFigure
8. At5== NOAA == ¢4 AVHRR (Advanced very High Resolution Radiometer), VIRS
(the Visible Infrared Imaging Radiometer Suite) A4 7|¥ro g2 wHEo]z A Joln FIH4=
= 0.05° o SFERE JASE 1.5° YdAEE WIS



NOAA Climate Data Record of Normalized Difference VVegetation Index

NOAA Climate Data Record of Normalized Difference Vegetation Index ()
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Figure 8. Normalized Difference Vegetation Index data from NOAA AVHRR and VIIRS
Sensor.

dl4d £=E NOAA Of SST AR E &8t a5u ext 19817 R8s 3
Ak FREAEE 0.25° x0.25° o HEE HAATFT1140x 72005 #=3 AFolw, A7
IS NetCDF4 A5 2 sea ice ARE A3 A= o]th(Reynolds et al., 2007). AH&& 4 ¢l
= W= Sea Ice Concentration, Sea Surface Temperature, Sea Surface Temperature

| .

Anomalies E°]a1, o714 Sea Surface Temperature At2ZS A2 & ste] AL} cHFigure 9).
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Figure 9. Sea surface temperature from NOAA.

(Th ERA5

ERA5+= ECMWF(European Center for Medium-Range Weather Forecasts)ollA S®HAZ A
e ARAAER 19509 RE HI7HA A5E AFsa Jom, o ERA-Interime thA]
Itk ERAS AR RE AATHORE AFHN e BS54} RdRsE 28t 25

C3S(Copernicus Climate Change Service)oll A 4F&3tth ERAS+= th7], dl<F, 715 opaksk ¥
ol thsiA Az 7H4 dHolHE AlEsta om, AR 30km sjAAEe 137 97 Zz9d
gz AFHAA tir] 80km7tA] HolHE AT AFEHe= AmRe 19799 14 HH
2019 12€71A] A8& -39, A5 TS netCDFelt}h. Al sl =+ hourly ARl
A daily AR =, 334 Id=s 30kmel =] ARE AMW AdFAES A 15° =
W3 A5 E o] 839 cHFigure 10).
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Figure 10. ERA5 (ECMWF reanalysis vb) precipitation data.

ERA5+= ECMWF, GloSea5 /ME x93 25 7]|3tol] @3o] 9%, Ax vl (61, 492 &
B2 ECMWF =6t 23 Hof 60¥ AsS F=389a, Fool wal GloSeas =d¢]
TEY ARE FAHT F IEF HAAF stAHTable 2). B2l |FE A5, Jd 2 HA
=S A A

Table 2. Data description of ERAS.

Data Description

Data type Gridded
Projection Regular latitude-longitude grid
Horizontal Coverage Global

Reanalysis: 0.25° x 0.25° (atmosphere), 0.5° x 0.5° (ocean
. . waves)

Horizontal resolution
Mean, spread and members: 0.5° x 0.5° (atmosphere), 1° x 1°

(ocean waves)

Temporal coverage 1959 to present
Temporal resolution Hourly

File format GRIB
Update frequency Daily




ERASE o] Aol A o] &3t ™ ERA-Interim A& 9 x}o]7}
31km globalZ 72| 28] Folxow, AJzts|

HA44xEE RTTOV-794 RTTOV-11= EHt} 4lA4

(Table 3).

o
6AIZE 1A 2 dE AT

Table 3. Overview of the characteristics of ERAS compared with ERA-Interim.

Period covered

ERA-Interim

ERA5-Land

1979-present 1950-present

1950-present

Production
Period

Jan 2016-end 2017,
then continued in
near real-time

Aug. 2006-31st Aug.

May 2018-July 2019

Model version

IFS Cycle 31r2 IFS Cycle 41r2

IFS Cycle 45r1

Assimilation
system

IFS Cycle 41r2
IFS Cycle 31r2 4D-Var

n/a

Spatial
resolution

31km globally, 62km

for the Ensemble of
79km globally, 60

levels to 0.1hpa o
Assimilation(EDA), 137

levels to 0.01hpa

9km globally, 62km

from ERA5 EDA

equivalent surface
fields

Output frequence
(temporal
resolution)

Hourly analysis fields,
3-hourly for the
Ensemble of Data

6-hourly analysis fields  Assimilations (EDA)

Forecast fields on
surface and pressure
levels 3-hourly up to
24hours, with reduce

frequency up to

Hourly forecast fields,
3-hourly for the
Ensemble of Data
Assimilations (EDA),
up to 18 hours, with
reduced frequency up
to 10 days (not in
initial release)

Hourly fields for all

variables

Uncertainty
estimates

From a 10-member
Ensemble of Data
Assimilations (EDA) at
63 km resolution

From

ERA5-equivalent
variables 10-member
Ensemble of Data
Assimilations (EDA)
at 63 km resolution.

Model input

As in operations
(inconsistent SST)

Appropriate for
climate (e.g. CMIP5

Atmospheric forcing

of ERA5 with




greenhouse gases,

volcanic eruptions,

SST and sea-ice
cover)

additional lapse-rate
correction

Input observations

As in ERA-40 and
from Global
Telecommunication
System

In addition, various
newly reprocessed
datasets and recent
instruments that could
not be ingested in
ERA-Interim

Observations
indirectly influence
the simulation
through the
atmospheric forcing
from ERA5. This
forcing drives the
ERA5-Land single
simulation and it has
been obtained by
assimilating
observations through
a 4D-VAR data
assimilation system
and a Simplified
Extended Kalman
Filter

Variational bias
scheme

Satellite radiances

Also ozone, aircraft
and surface pressure
data

n/a

Satellite data

RTTOV-7, clear-sky,
1D-VAR rainy
radiances

RTTOV-11, all-sky
for various
components

n/a

New parameters

ERA-Interim contains
about 100 parameters
on surface and single
level alone, plus
parameters on other
level types.

ERA5 contains over
240 parameters on
surface and single
level alone, plus
parameters on other
level types. For
specific parameters
please compare the

ERA5-Land contains
finer-scale
information of land
surface component
than ERADS, plus
specific evaporation
parameters. For
specific parameters
please compare the

technical ,
) ) technical
documentation linked ) )
documentation linked
below.
below.
Parameters A few parameters Most of the




atmospheric
parameters and all
the wave parameters
present in ERA-5
are not available in
ERA5-Land. For

present in
ERA-Interim are not
available in ERAbS.
For availability of

removed specific parameters o
availability of
please see the D
_ specific parameters
technical

. . please see the
documentation linked

technical
below. . .
documentation linked
below.
Handling of Accumulated from the Accumulated from Accumulated from
accumulated beginning of the previous the beginning of the
parameters forecast post-processing forecast

() H3d =d

@ ConvLSTM

dEd BEd FollAl CNNF LSTME] A& ol &3t AA 76k AAY d A5t #
ZA8E vg o g =R 8E Hrlslr] 9ste] ConvLSTM (Xingian Shi et al., 2015 o] &3}
AT RNNES d&H = AW d3AE ¢ AAEE S95s He= RNN 292 AA
W dSAsAY 3- 4—r°ﬂ DA stE dSgks & dSFekA Xoke Al ¢ ol# g A
e B ANHY 2219 29 7e7e EY3olA s & i 7137]9% o]% A
HoA Ase] & &9 7127 &9 ol Hedl, 2 /e dololE ZA WA A& Hutstd
A 7127178 &4 e kst £A47F dol, SA- AR AR A AIZro]l Ad Al ol 7k
A 7yEX7E HAEEx ged ol#d EAHNES siAdsty] sl LSTM (Long Short-Term
Memory) &ilg]Eo] AA = AT

FotAlotel e AHe 2dl Y dF W #S AR 7|6k 345 A
ato] 22k WEE 7IWre g 3 ConvISTME A z‘s}oq Aol AHgsT} 2%
ECMWF, GloSeanﬂ MErdy #2855 NE 2o 3573}, 4573 Z47te] 22759 o=
dEHEH 7d 4 #SAEE T 79 “‘Eﬂ*ﬂii T8kl BHAMG Aol st3 ERAS A

28 77 3-4%}3 Hole e TAste] steata A%e EAAT,
Zt:O-(I/I/gv*)(;—i_%i*fé—l—i_mi@CZ—l_'_bi) (1]
ft:U(VVch*Xt"'mbf*@71+u/;f®q71+bf> [2]



=f,0G_, +i,Otanh (W, * X, + W] *H, _, +b,) 3]

=o(W *X + W,

ho

*H_,+W,©C+b,) (4]

H, =o0,®tanh(c,) [5]

ConvLSTME: 7Y el ZA8 z,7h 22k1e] ECMWF, GloSea5 GPMe]
A2 ConvISTMe] 18, W7 22 AGE ifosh 4 U8 X, 4 9 C 4 4H HE
T 339 BAR EE 3-4F 34d WEZ G233 B2 dYoew

=% dAsA

ConvLSTM-& 7R wdd zkzy Zyrke Conv2D HEIE B34 IAE Hof
W31 oAl MaxPoolingS- &35 31, MaxPooling3-ol] t}A] Conv2DE A 3)3sla THA
Maxpoolings AAl3te] &8 RASJJr 3-45F ZAA7re] 3FA 19 E, 4FA TIARE A=)
S5 ConvLSTMe] Z4#HS 4= &4 JEF ConviD =2 &¥o] HEEF ConvLSTMo}7]

g5 dA AT

: i<
J
_ll}l'

e b

@ U-Net

U-Net mdeo] g EA& ojux] B&S Ex5o=F Atd Fully convolutional network”]
Hko]l wdlo|m, Figure 113 Zo] 179 A fgadoz Y=o, JZH-2 downsampling
HANA 9 Holg e EAS FE5te AAS AXA Ha iy A AxpdolA aard
S =2 7t AAAA mAde EARS Bddrte A ANA <FstA @HOlaf Ronneberger et
al., 2015).

3x3 Convolution Layer + ReLu + BatchNorm (No Padding, Stride 1)
3x3 Convolution Layer + ReLu + BatchNorm (No Padding, Stride 1)
2x 2 Max-polling Layer (Stride 2)

A3 HAAAAE U-Net 4854 FH FH AL adste] HAYE
feature mapS FE3t1 3x3 AAF S FIPSuvig AEAHRE 20 FIIAFIHA 53}
= 1->64->1284 1 #@o|oj7} F71gH
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U-Met Architecture

Figure 11. U-Net architecture of contracting and expanding path.

3x3 Convolution Layer + ReLu + BatchNorm (No Padding, Stride 1)
3x3 Convolution Layer + ReLu + BatchNorm (No Padding, Stride 1)

Dropout Layer

AT E ZoE FAFoNA upsamplinge & 7= A GA oA 2dS Adn3lEA
=3

2x 2 Deconvolution layer (Stride 2)
3x3 Convolution Layer + ReLu + BatchNorm (No Padding, Stride 1)
3x3 Convolution Layer + ReLu + BatchNorm (No Padding, Stride 1)

O Zg 3o A= upsamplingstH A QAo A 4-E% feature mape] SA41S AZA
Zo=® 1x1 Convolution Layer E|E SH3tHA BHAMTCIT®, H/HA 5) w

HZF4 5t
HAA 3 e 7 AU o’k AAl M ECMWE, 3 &3} GPM #5415 4
T S 3T 7Y AET AdSA5eA A /Y A 238 sample TE F3HH 1,66671 2



dole 7} #oh wabA U-Net 4825+ (1666, 48, 48, 2)7F = a1, 1,66670 F oA (2001-2012
W 1176719 stEHlolHE o] &stal 51d%](2013-2017) 49071 HIZE ©Hlo|HE A3
o Ao #s A R3S Askstr] g MinMaxScalerE A dstal dhgol Zadh
conv2D, dropout, maxpolling = A=Y, YAYPE Stgslal FE2Z o2 ConveD FE] ol A
dESA5E dA A

inputs = Input((48,48,2))

cl = Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (s)
cl = Dropout(0.1) (cD)

cl = Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c1)
pl = MaxPooling2D((2, 2)) (c1)

c2 = Conv2D(32, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (p1)
c2 = Dropout(0.1) (c2)

c2 = Conv2D(32, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c2)
p2 = MaxPooling2D((2, 2)) (c2)

c3 = Conv2D(64, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (p2)
c3 = Dropout(0.2) (c3)

c3 = Conv2D(64, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c3)
p3 = MaxPooling2D((2, 2)) (c3)

c4 = Conv2D(128, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (p3)
c4 = Dropout(0.2) (c4)

c4 = Conv2D(128, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c4)
p4d = MaxPooling2D(pool_size=(2, 2)) (c4)

c5 = Conv2D(256, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (p4)
c5 = Dropout(0.3) (c5)

c5 = Conv2D(256, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c5)
u6 = Conv2DTranspose(128, (2, 2), strides=(2, 2), padding='same’) (c5)

u6 = concatenate(fu6, c4l)

c6 = Conv2D(128, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding=same’) (u6)
c6 = Dropout(0.2) (c6)

c6 = Conv2D(128, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c6)
u7 = Conv2DTranspose(64, (2, 2), strides=(2, 2), padding="same’) (c6)

u7 = concatenate(fu7, c3J])



c7 = Conv2D(64, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (u7)
c7 = Dropout(0.2) (c7)

c7 = Conv2D(64, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c7)
u8 = Conv2DTranspose(32, (2, 2), strides=(2, 2), padding="same’) (c7)

u8 = concatenate([u8, c2])

c8 = Conv2D(32, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (u8)
c8 = Dropout(0.1) (c8)

c8 = Conv2D(32, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c8)
u9 = Conv2DTranspose(16, (2, 2), strides=(2, 2), padding="same’) (c8)

u9 = concatenate([u9, cll, axis=3)

c9 = Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (u9)
c9 = Dropout(0.1) (c9)

c9
outputs = Conv2D(, (1, 1), ) (c9)

Conv2D(16, (3, 3), activation="elu’, kernel_initializer="he_normal’, padding="same’) (c9)

model = Model(inputs=[inputs], outputs=[outputs])

U-Net ¢ A48 Fx=& BEW th53 ZohFigure 12). U-Net 22 JE€Ex= 9]
dol ofrlol B EF A o] 48x 489 vid# ECMWF, GPM 7 AmvhE o] &35t &
Aot optimizer &<+ ‘adam’ °& £4A3T+= mse (mean square error) = A
35S F¥s¥ty.  Batch  normalizations A &3}x]  ggkor, padding="same’,
kernel_initializer= ’ he_normal’ , activation="elu’ , dropout®] I}e}m]E]ES o] &3t &+<53lA
t}. Epochs+= EarlyStoppingS #-&3le] A& %7l ow HESF JAEE AESIGOoH, A8
NS 9135ke] epochs$} batch sizeE ThdstAl #S w7y shg 8319 th(Figure 12).
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Figure 12. Model pattern Extraction and visualization of U-Net.
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U-Net3} ConvLSTMS] f4=€A 5+ 37049 713t &3 Ad W d3A5 9 #3559
g&Fe ARE FHFoE AAeA HA S5 AT ALERS] Atz o]ofxith U-Net,
ConvLSTME] HEld =do] AMAZES axpzog w=sr] Yafixds GPUL AlXAdo] B
a3t Nvidia GTX3090& 7|wbo 2 & PCSl 72 ZeSEoq T2 H4ANE A8
ol 7AW E o] &3t ST

U5 BHRE G AN SAARS GIIA FHHR. AZAz 470 A
AY ARG BEARE ASYSZNE HA 437 42E AN/ D YHARE FHHL
@ AsAne 3 4FAe ARS BIAne AIUNEH WA 1949 ARE Az

=
ConvLSTM#} U-Nete] E£HAl A5 E FAsY ASEE HulstHoh

AT E Hrlstr] st FAIH SR 71 wo] o] &3t= RMSE®} PCCE Al&3te] £4
&k Bl aLsk T

RMSE= || ———— (6]

X,= ConvLSTM#} U-Neto.2 3t&ate] of=® k3 X, = ERA5S o|&3ko] RMSEZt
Ab=3a AlAY o293 ERALS] FHHEES HAESHe= PCCHE o83ty HE T vlw 3
e AN,

PCC(t) = vl [7]

PCCE 99 2oz AR 4 9don SoF O Z+zZF U-Net# ConvLSTMe] &h5ste] o=
Z3F ERASS] ERAHE S ke on| g,
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Figure 13. The structure of in and out data system.

@ A= Holzall 72 FAAR WA SY H2EE
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Figure 14& o] Ao gk 2d /Mexo|th 67 /¥ 7|3 =2d 2 MME (Multi-Model
Ensemble, ©]d} MME) 948 #&of 670 AA- g 2 A A 7ol A& 2 wsd FdAE
2 7E gded £9 2d(ad A Base modeDel ol&] £8 & o =AHSS Hrlst= AA 7
As Ag ZAolth Figure 1404 A WA ¥t~ dAl= 67) /A8 71529 g MME A ¢
q ZA8E 93t o] Ao d¥™ ABE 67 /ME 71Ex2dE, European Centre for
Medium-Range Weather Forecasts (¢]d} ECMWF)2] S2S o= = (Vitart and Robertson, 2018;
de Andrade et al, 2019; ECMWF, 2020)¢} 24 d X AY A7 thed =2l Global Seasonal
Forecast Systeme] W # 5(0]3} GloSea5)e] S2S (Scaife et al., 2014; MacLachlan et al., 2015)
ol olyg}l, Meteorological Service of Canada( ©]3}F ECCC), NOAAS] National Centers for
Environmental Prediction (¢]3} NCEP), China Meteorological Administration (o]s} CMA) % <



= (United Kingdom)®] Met Office (¢]s} UKMO) & 67§ 7iE 7|FEdS o]
NE 7R dAAREE 27 AT S MMEztn #HHsidS + ¥

= T H
= ) 3T o & = [e) =
Y Aze B4, ¥4 5o 27 L BE 52 A4 9 wdss dHow ANARE
9o Fd mdoA A4s] fol3 FUARE WBsE WAE ARk A WA gas
= 2~ = S =
o] AT 71 U-nets 1HEF3HAl 4 ¢ Base modeli—rEi N3y R8s FHs= 3R
o -
< Ao
Data Collection Architectures (Models)
Control: Base Model:
X - Un-scaled Features 2D CNN
InPUt_Data- - Learning rate(Ir) = 0.005
- Nc files or Experiments: - Activation = ‘relu’
- ConVeItSlon any - MaxMin scaler & MaxAbs scaler - Kernel size (depth wise) = mixed (2,2)
other files etc. - Standard scaler & (33)
- Robust scaler & Quantile transformer - layer depth = 4 & concatenate
can be modified Python function: Modified 2D CNN from ‘21 research:
easily & later: - ex. def user_scaler -> easy to apply & modify

def val_x_get_transform(user_scaler): def build_sodel(train_s2s, train_y, val_s2s, valy, test_s2s, testy):

f rmed = np.zeros_like(valo_s2s)
val_. 525 ecalers - 0

for i in range(vale_s2s.shape[1]):
=:'51Jrrrx = StandardScaler()
val_mmx = user_scaler

val_slc = vale_s2s[:,i, :].reshape(vale_s2:
val_transforned = val_mmx.fit_transform(val_sic)

Figure 14. The work-flow of the study.

(Wb A8 719
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Bz WEe o dtkFigure 15). A WA dAA R (raw data)= 270l FHE L& Heoly

2 BANoly, 7ATE 52 JYd T 852 AE AA) HA Z2 Ho|EHE HolE A
o Tol ARZE TolErE ofd siddEd. F WA= quﬂxht—L(prepared data)= Data
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A%, A=, W) o2 via, By A5hA -groly 00] fIZ1AIY nan HolE 7} A=A %

H dolHE FAAEZHL T F At o] AFodA= AR FAAEIA
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AR dolgrt 92l Stgoll 2™ 2 Ak Hojok s=tl, ©|& Feature Engineering

So], A9k 2o S 004 1 Aol 2 HBANIAY BFE ARE 4

=0 A T2 ARE 0 S 19 22 o=z HEA 7]1, A "lolEE 3h5(training) %
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Figure 15. The explanation of data pre-processing step and the transformed data at
each step.

AA e F7e dloly #HSoA o QAR EFEeH, o] A= AA HolE &
t]d(data cleaning), dl°o|E %3H(data integration), ©leo]¥ W 3k(transformation), ©lolE =24
(reduction® =LA 37HA] F/FE 7IFoE AUTh o] F o] AT e HeolH ¥M& dAE
A2 (o]s} Scalenetal HH3FG T T3 ofjEl Ao A= scalers dlolE WHE7]|(transformer)
2l 3t dE Atk

Thepk Scalers A 4F o A% Wrhe 24 dolHE 2E sEAY 4o &
wdo] F AR 2 FMIAA o] AT AZHUL DA JANE T Held dn
A5 i Odd B9e) 247 dolHE SxA Y AdE 45¢ RAFA R 4

ok3l f o]E17 =

o dle Sol, 54 wlolele] Wik 500014 39,3200) 2k ©lS- Chokgh b=
AsA At = dolEle] WMest ue =A Bk old@ e AU A5 = glo]
2 Ae

A ol S WA AOH/H AE HolH e BMAE EdFc WHS ARSI BH oA

tlolE] o]4ksK(discretize), ¥ F3H(standardize), A 7F3Hnormalize) solgtilx FHokFigure 16).
Arst 7I¥els 03 1 &2 -101]/‘1 1 Abol= HlolE o] WS Wd st MinMax ¢ MaxAbs
71Ho] o} TE=3H L—rﬁ‘roﬂ% B Wy FFHEAE U+ Standard 71H o] ok dlolH
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Aol A WA deolE e fF3o] 4 && WFFolvel] wheh 2tk o] AT HolE &
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P2 FAFoZ A 1A 7IH FoA FE WY Z BE¥ HEPS HAYsAy. = HEPd e
Arstel £F3l T FEIE Yt AHEHEAE Attt 2 Ay AAE 9A EHE
AAste dugEs Adstdt
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A=A zpo]E A4FSL= MaxMin Scaler @ MaxAbs Scaler, E&=HxE M}o}—é Standard Scaler,
AHE HRE 74]4\_‘5‘}% Robust Scaler®} Scaler+= ©}Y A%t Quantile transformer 7|5 5 & 671
MR Y A5E slato] old] WE A FA T WHILE Hristdor, dY WY A4
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Figure 16. Overview of data transforms (source: MachinelLearningMastery.com).

O Hx & HA Ao] daF

MinMax scaler+ Eq. [8]12 Zd =W, A3 71 FolA 7FF ®o] AL&%+= Scalerz
A 002, Hxge 12 ¥13, YA s 03 1 Alele] ghollA #HEE T MaxAbs scaler+=

EX(o, feature)=S maximum absolute ko 2 ¥MH33cHEQ. [9)).

X, — min (x)
max (z) — min(z)

max (|z|)

@ ®E2EHUA S F

Standard Scaler= & A A3t 4kl A ASA (A, EFHFEE, Eq. [10D.
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Robust Scaler+= AHEZH 9 (IQR, interquartile range)® WHE3}=t], IQRE 1A E9(25%)
A BEATE%)EE AtelE ZatH, Eq. [11]e] &3] A4t Quantile transformer+ A|FE +
Aol 9A HEE =, dRtH o2 TFeAIRE BEe; FARSHA HgkE T

xT xT
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i~ LYmed [11]
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(h A9 74 ZE
@ Feature Selection 71
HEd F& JATE W Rl AlFste 48 HEE EX(feature)olgtal =), d
olH e = ofH S TH W dFsien A FHo] gle do dHoH & Je
(noise) &< X3t AS T Atk wbA, HZHo nd & Fd 42 o F317] 943 B+ 54
T AFESEY JEA] ERITE H ot ok dud EAdo] YR god FY ndo] F93dkA ¢
2 Y& ZFgsA FHEBE FFo2HE g5E 5 7] "WEolth O%A HYE, &, Hol
E7F o FH Z2A2~ 9 g5 rdo] »yd 4 3, o]2A #H gl HolHURHEE
B Shx garglFol AMSHAl HAY Shsso] HA| olx mEo] o S4do] BAE & A=A
o] Astd 4 St
dolg gaA THA gle= dolHE A%9A AEst=urt 835t oldd 7|«& IA I
A AAYAG(EAL F3h 7eolgha gt 31X X Yo YP(feature engineering)> =@ o] A
TS Eola A3 (competition)dl Al £ AZHS A7) AA= Ht=EA Q3 & FT sl
ot olet o] #H gle dlolHE Al 71 Fol Feature Selection(54 A®) =&
Feature Extraction(E4] F&)o] J+=dl, HEE A Este] ALE3Tt= HollA Hls=s] Ho| x| vt

=

o] & & 7IHeltkFigure 17). 54 F3&°] M2z & AU IO 2 HolHE FFst=Hl,
HFEo] 7HAA | 1o 4de o & v Bl e T MEES =7
o] 2L A MFES T4 tolHE & AHE + e xdFL UE F U F
Aol ot wkd, B4 A9 2 ARgA7E B sdstr] g4 Bde gedtd ¢ la - ARE
= @5 5 lon FAHoverfittinge £ F o Luksk(generalization)dthe= A3 S0
AT gofstd, EA FEo] HolHE o9A F&sA e AUVt At 54 g
= B TAAHCE HolHAAM F83 AAHE ofEA A9d AVl § x| 2HA At
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Figure 17. Explain about the difference for feature extraction (left) and feature
selection (right).

o] AFAE EA A8 7IHo=E S2S Al THARE FAHSAL old W& dF de |
3= Hrstd g 54 AE(feature selection)oll Al JAHE A& sl= AL oJ9A B w9 2
#2121 ofolfolt}, &, AR R A S IAHE BF AE3EL7| o= computing powere} memory
SHolA wjg HlEEHo| 7] dF e JAAN HEIArh= ofo|rjojoA I Zojth
rers] wetd, RdS A5 9% T8 JAHWEPHE Adstes AA =R, A dHsHA A
#E e EAE AR HoEX Bd AT A4S 7IHE + Jdon, =3 AT
HoJE o] ¢fo] EoFoE A £x E3F WA A Ho

=4 A dagFols A Al 7HAZE Ak o] daglE FolA o' B4 AdE <4
gEs A= T AEStE dY 2 29 A5 §3d 29 doh & £AF 52
HEgolvko] whet 54 A" daeFo] Eekxlth. Figure 189 o] 54 A8 LigE&

filter methods, wrapper methods ¥ Embedded Methods& %%t}

Filter Methods®= #&# A4S 3

= YHoR, A4 4 S AHEEA dAEe] dad
AE Lotlls Bloln. stAT, A 3be] AJaAGIE vteA 2o AR vAztais &
o= @xo] Ao tial ALk =71 w23

oz, dlole HJFMH)e Aol FgstA &
=, = dotll= H HPskr] ol Wrapper methodE AH&shr] A A Esh=
of A8& X% 3t} Filter Feature Selection W2 =l H-&3517] Ao IAAHES 4

2 AAHE FAHolgt B F Arh BAAA A4te] o7 FFHES vl o=
Feature &< =733 5 @7 ot doly FHdolA IHE ot AY AAHA Ho. v
o] & AFHEA, FHolAFAAR T& AHESte AHAAE Febdth. 59, filter methodse A
g dANA FAF 7IHS BIA T8 HMFE AdAYcte WHOeE taA &o|gk W ol ARk
P2 o|HA Fag WiHolth

=

o



o] Al 7FA WY F | AS AHEStE FoF o] e, EHARAA AAHE LEGUH
TdAE AAF 2 F Atk IHEE FHEAE, HEE A5E AT dlolEoA A3t
= Zlo] a3ttt =E HolHooA feature selectiong 33, w2l AZFoA ko] Ad
H features AME3tAl HER AARrt HEFE & 7] W Eolth

=
yAn, LA (FX3, numeric) M 52 HF3(catagory) HUd], o] AFolA o] && S25
o
o]

Figure 182 54 A8 d1g&s AW zloltt. 54 AdY dugEd 9A ARTF
B} HAESFoE UHIY ARSFS A Aso=E dXHE AdEsts WH S best
modeloll A Agd Ze He WY 2 FAs3eiA & Z2FE AXHE Ad9ste W Fol 3
ot oluf et =95 AAste YT EE TAA ZIMoA AFHdA AL o=
Aastste WY Fol Aok T4 7S BA oY 2 =9 HlolH o F3d we Gk

EA4 Ad 9 54 FE2 A4 A SS9 AddAkFigure 18). wlolE Aol
O3k AE 549 = tlolE e Aoz S = 7] wjEolth Hole Y 2 49 o
®A H /e Y FA y)<(matrix factorization technique)2l®], o] 38 224 749
thE22 whHo] w3l FAR B2 (PCA: Principal Component Analysis)o]t}. o] A& B4 A
o] tigte g AR 7H 83 A4S X3 FASkE AR Ftel HolHE FF
st ZlolAF B4 AU & A2 dAAES AF A #Ho] gle HeolHrE F9E W,
AE EH THA, FHo] v HTFEo] AAL W fHsr] oJHoeE dHo] o

o] AFoAE Fo|olA A &sE SelectKBest module 226 AAAA S AXLste] 714
A7t =2 W dis) <& 24sAt. 759 525 FdAsE AR 167] 71§ =
TAEHAEH, o] T A5S AT FF Ao 4 =5 87 AE AAA 87 F2 ¥
TE o]Foz AEE 9 dHeolH JFE 7T TH AR, W 84 AME IBE THEI,
olE ZlEo® WHOE WFE +- A&sto IhY Iwd, ¥ 107) ol AHE 1&F, W
N AHE &, W T olst AHE OIS O FUIE FASNA W 2 O 4345
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Figure 18. Overview of feature selection (source: MachinelLearningMastery.com).
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o] AFNAE d=Ao] A stz HriElar Qe European Centre  for
Medium-Range Weather Forecasts(¢]d} ECMWEF)2] S2S o= AFs.(Vitart and Robertson, 2018;
de Andrade et al, 2019; ECMWF, 2020)¢} E4] dX A A7 o 21 Global Seasonal
Forecast System®] W7 5(¢]3} GloSeab)2] S2S(Scaife et al., 2014; MacLachlan et al., 2015)%
9k olyeg}, Meteorological Service of Canada(e]s} ECCC), NOAA<S] National Centers for
Environmental Prediction(e]3} NCEP), China Meteorological Administration(e]s} CMA) 2 <=
(United Kingdom)2] Met Office(e]d} UKMO) 5 671 71 7] &2 DS o] &3} T}

A8 71Erde] 713 HaesE TMAX 2 TMIN(Maximum and minimum air temperature at
2m), T2M(2 meter air temperature), MSLP(Mean Sea Level Pressure), PREC(Precipitation),
SST(Sea surface temperature), OLR(Top net thermal radiation), U50, U200, U850, V200, V850(U
and V component of wind at 50, 200 and 850hPa), W500(Vertical velocity at 500hPa),
Q850(Specific humidity at 850hPa), 7200 % Z500(Geopotential height at 200 and 500hPa) &
¢k 1670elt}. ©o] & UKMO+= MSLP<S, KMA+ SST, OLR, Q700, Q8502 o]&% < g¢lth. S2S
d= 7]% W59 A A EE TMAX 2 TMINGBAIZE 2EA 9] A7 AAR)-S ALjstar dHol
H(daily), 33t g EE L5EEFE FZoA ¢F 100kmel HATF fEE A& 12V 9 A=
2409 AA wiEE Zteth B3 GEFE F, AA AP AS(o]s Hindcast) A& AA4F ¥,
A1 8) o] =2 7t(lead-time), Hindcaste] 7137t o= z 3o A4 F7] Fo] =% thr=th

S25 d& Age YHEL VIFRA ¥ ¥FUt FUletE () GHEE FUtE e,

4 W (Convolutional Neural Network, ©]&} CNN) UEH =9 &5 2 HFH

kel ZAZE 2 o Qo] ANE ZFRE Y JE W) HE-S control# perturbationel] 7
ol HFsUT o= EW, ECMWF 7|&24d9 A-$ controle]l thdk 1770 7]& W4
perturbedel] thdk 177} 7]1& W4+ Hindcastoll thsl 117] AAE=Z F 1877011 ensembles x
17 variables)2 T+ 2 ®yk ofyzel, o|zle] A =wd AxK121 x 240)¥ T ofyz}t 7|7k A
F71209 x 46Y x 52F)E TFAE7] W&, read/open @ E£xo) o] o] WAEAUTE wt
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A dEY 9 £5 A4 s12E 93l (control ¥ perturbationell “g#§lol) 177 AFER s
GAE 1IN E HAFsEAT. npx7A] 2 GloSeab, UKMO, CMA, NCEP, ECCC 7|% ndelx Z}zk

o Z1% WEEE GBS Bl At

@ MME A&

o] AFtollA 670 ME 71FrFe] 525 dF A5E BT Adste] MMEES A4bstath 6
N N 713 =" 9] Hindcast 713 AA7F 29 = BH= 1999dl A4 20100d<Q1d], 12\d0) &
FslE g o] 7|2k MME 7hs 7I1ZEe 2 AAs 7ol YH 1‘%5—7—6‘}2%11}. 671 7N 7| =42
Hindcast®] =E 7|7 o] &¥stA 23 x &gt s Hindcast 7)17HS Ho 200 w3=7] 9
3, NCEP 2 GloSea5 713 nde] dH 2 438 %3H31x] griet= 47] 78 7T rdo] m%
H X2 4= Qe 7IEeE 1995 oA 20143 & AASHA T MME A2 ECMWFE<} ECCCe]
ANZY T 5o9e 7oz AATh dE S0, 2018 1€ 4UL HEad= ECMWFS}
ECCCE Az, A&doe] mid, & dE<l CMAS NCEP2 14 49% Ado] d + UA
T GloSeab¢t UKMO+= 1€ 1¥09o] ARL = <ol 3Y 325t 19 493 AdstA do. A8
o FA|7Hlead-time)= ZH2t ohEd], MME®] A SAZHL 3092 ARk =3, S2S 4=
A5EL g5 &85t GA thAakd wid(d, AZE AP FAZL A5, AE, HEE A
B 52 v d) dHlolE 7= FA AT
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Figure 19. Description of the total training periods for six individual climate models
and MME possible periods.

®h g =9

st Aer]7]19(Convolutional Long-Short Term Memory, ©]&F ConvLSTM)¥} U-Net-2
£33 2d A So] wol] e=d(Agrawal et al., 2019; Ayzel et al., 2020; A3 & 5, 2021),

A = A# AFAA FAAAH 7]E U-Netol] 11esk sbHo = U—Net% A3t S2S
= A 9 HAA7 L, B5 =4 MAS AEFT U-Nete olm|z| o] Autziel EA
RE od7] 93 == Fej(Contracting Path)e] U EY Z e A& 2 Y3= H B33 3
(Expanding Path)e] WEHYIE UAE el oA el & zr=d](Ronneberger et al., 2015; Weyn

Rue)



et al., 2021), o] o4& TimeDistributed @ o]o]= U-Nete] Convolution #o]ojel] F7}3t
NAY A= FuA FurKFigure 20). TimeDistributeds= 24 W7 §lo] 1+d&tA 2D
convolutiong A& 4= Q7] wjFo 53 wjde EHAEY) viE dHE =T

_32022]
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Figure 20. Architecture of U-Net wrapped by the TimeDistributed layer in the study.
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AA T FRO|ARE, o Aol &£& g HFE AMS aHsted geld Fd 2l 4Y
2w 9 9 &9 =W A= 5294 160, $IE 50014 589 1552 yH(AE)L=E 72
M, xZE )02 729 AAE 717 FolA o} g oz HAFHT)

d8d 39 2de Az~ (Keras) ¥ €A ZZ-(TensorFlow) ZHUYITE AR S
o, CNN9] HZAsIE 93+ &A% <(oss function)= HFE o] 22 (Mean Square Error, MSE)Z
ANE QoM 2AHTS(metric))BE ¥ HT D HAZ LT B o extet AT Fr)
=2 98 ZA fAE 2 HFHZ 9 xHRoot Mean Square Error, RMSE)E A 4+sle] sh<53}
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&5 7 AlXLEY o g]*y o A7) dA BY3 FH o7 o =Hrh £A¥
shatA A8 2dO ui/ias 73AE 913 optimizerv H 7 Aol ;1:}
Adam optimizer& /\F‘lo}‘ﬁofﬂ &4 g(earning rate) 0.0052 AA3ch wrE &%
(epoch)E= 50, 13] 845, & 1 epoch¥ wl =Z7|(batch size)= 8022 HAFrh
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Figure 21. The domain of the constructed training data of Sub-seasonal to seasonal.
The black box indicates the input and output domains of the deep learning training
model in this study.
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=3t CNNS #5903 < o, d33 J3BAV Jde ZEIF ofd &49d FHES 7|k
o7 JE=A AT F ok 2A AGE 583 ol saliency map(EE Wolth &
oA oS o]H| A A oo 7 FH 7]Ad HAS A4S 2 o= (Simonyan et al.,
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Figure 22. Conceptual image of the Cutmix data
augmentation technique applied in this study.
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Figure 23. Structure of the Vanilla 3D CNN model used in this study.
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Figure 24. Conceptual diagram of the split of training,
validation, and test sets in a transductive Node Classification
model.
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Figure 25. Structure of the GNN model for Node classification used in this study.

(WP TP= EFE AT TAZAEDGCNN) 2l 74

O EF BEe 7 Yo] a¥zE Fex 20179 TR E HA A As Q] JF
e OYZE FEFEAT 2z gl &8 R E FE, HF H2EANSE A5E UF
Ko = h(graph labeDo] $-elyel Hor129 A& 7E e "ok

SH H3 HLE
! 1 K I
| HeVsHIY
T !
I jg\ TR LY
| 3 " !

Figure 26. Conceptual diagram of the split of training,
validation, and test sets in a Graph Classification model.
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Figure 28. Weights of the 3D convolution kernels of the input layer with the
dimension of 2(latitude) x 3(longitude) x 7(variable) x 8(number of kernels).
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Figure 31. Visualization of the connection strength of the last hidden layer and the
output layer.
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Figure 32. Comparison of the result of ConvLSTM with ECMWF model at daily precipitation.
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Figure 33. Comparison of performance of pattern correlation and RMSE of precipitation for 3
week lead-time.
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Figure 34. Comparison of the result of U-Net with ECMWF model at daily precipitation.
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Figure 37. Visualization of verification for training data from in and out data
system.
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Figure 39. Comparison of histograms of transformed training data for
Sub-seasonal to seasonal (S2S) by minmax scaler and maxabs scaler: MinMax and
MaxAbs scalers are the algorithm of change scale of data.
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Figure 40. Comparison of histograms of transformed training data for S2S by
standard scaler: Standard scaler is the standard deviation algorithm of change
scale of data.
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Figure 41. Comparison of histograms of transformed training data for S2S by
robust scaler and quantile transformer: Robust scaler is the algorithm of change
scale of data, and quantile transformer is the algorithm of change distribution of
data.
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Figure 42. Comparison of the learning performance evaluation index of the base
model for the S2S training data converted by each scaler algorithm over the training
period. A) is the daily minimum air temperature and B) is the daily total precipitation
of ECMWF S2S training data transformed from six scalers.
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Figure 43. Comparison of prediction performance evaluation (spatial
Pattern Correlation Coefficient, PCC) of base model for the daily
maximum air temperature S2S training data transformed by each scaler
algorithm during test period of each individual climate model and MME.
Black color presents PCC of raw S2S data, and gray represents Unscaled,
orange color is MaxAbs scaler, blue color is Robust scaler, green presents
Standard scaler, purple color is MinMax scaler, sky-blue presents Quantile
transformer result.
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Figure 44. Comparison of PCC about prediction performance evaluation of
base model for the daily minimum air temperature S2S training data
transformed by each scaler algorithm during test period of each
individual climate model and MME.
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Figure 45. Comparison of PCC for prediction performance evaluation of
base model for the daily total precipitation S2S training data transformed

by each scaler algorithm during test period of each individual climate model
and MME.
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Figure 46. Comparison of skill scores for six individual climate models
and MME daily maximum air temperature S2S training data transformed

into standard scaler.
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Figure 47. Comparison of skill scores for six individual climate
models and MME daily minimum air temperature S2S training data

transformed into standard scaler.
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Figure 48. Comparison of skill scores for six individual climate
models and MME daily total precipitation S2S training data
transformed into standard scaler.
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Figure 49. Explanation of the main variables extracted by feature selection algorithm
for the daily maximum and minimum temperature, and precipitation of MME.
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Figure 50. Explanation of the main variables extracted by feature selection algorithm
for the daily maximum and minimum temperature, and precipitation of ECMWF.
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Figure 51. Explanation of the main
algorithm for the daily maximum and
ECCC.
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Figure 52. Explanation of the main variables extracted by feature selection
algorithm for the daily maximum and minimum temperature, and precipitation of
NCEP.
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Figure 53. Explanation of the main variables extracted by feature selection algorithm
for the daily maximum and minimum temperature, and precipitation of UKMO.
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Figure 54. Explanation of the main variables extracted by feature selection
algorithm for the daily maximum and minimum temperature, and precipitation of
GloSeab.
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Figure 55. Explanation of the main variables extracted by feature selection algorithm
for the daily maximum and minimum temperature, and precipitation of CMA.
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Figure 56. Skill score evaluation according to four groups for major variables for 6
individual climate models and MME daily total precipitation prediction.
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Figure 57. Skill score evaluation according to four groups for major variables for 6
individual climate models and MME daily maximum air temperature prediction.
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Figure 58. Skill score evaluation according to four groups for major variables for 6
individual climate models and MME daily minimum air temperature prediction.
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Figure 59. Comparison of Class Activation Maps according to four groups for major
variables for MME daily maximum air temperature prediction.
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Figure 60. Comparison of differences in prediction performance for MMEs with
different training periods. Left represents the PCC of MME based on the daily total
precipitation, center explains the PCC of MME based on the daily maximum air
temperature, and right presents the PCC for MME based on the daily minimum air
temperature.
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Figure 61. Comparison of validation loss (Month-Agnostic): Augmentation
(Semi-monthly) vs. No Augmentation.
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Table 4. Test years and their tercile categories for June, July and August.

MONTH TEST YEARS TERCILE CATEGORY
JUN 2018 1998 2000 2007 2005 2021 1995 AN BN NN NN AN AN BN
JUL 1999 2021 2020 2018 1993 1995 2005 BN AN BN AN BN NN NN
AUG 2014 2020 1999 1997 1998 2017 1995 BN AN BN NN NN NN AN
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Figure 78. Class activation map before (left) and after (right) the data
augmentation.
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Figure 79. Class activation map before (left) and after (right) the data
augmentation.
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Figure 80. Validation accuracy of LT1-3 forecast of monthly mean temperature
from January to December.
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Figure 81. Test accuracy of LT1-3 forecast of monthly mean temperature from
January to December.
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Figure 82. Test Heidke Skill Score (HSS) of LT1-3 forecast of monthly mean
temperature from January to December.
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Figure 84. Test Heidke Skill Score (HSS) of LT2 forecast of monthly mean
temperature.
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Figure 85. Test Heidke Skill Score (HSS) of LT3 forecast of monthly mean
temperature.
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Figure 86. Comparison of train loss between the use of months and data
augmentation methods.
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Figure 91. Proportion Correct (PC) between the use of months and data
augmentation methods.
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Figure 92. Heidke Skill Score (HSS) between the use of months and data
augmentation methods.
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Figure 94. Ranked Probability Skill Score (RPSS) between the use of months and
data augmentation methods.
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Figure 96. Comparison of validation loss between the use of months and data
augmentation methods.
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Figure 97. Comparison of train accuracy between the use of months and data
augmentation methods.
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Figure 98. Comparison of validation accuracy between the use of months and data
augmentation methods.
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Figure 99. Comparison of validation accuracy between the use of months and data
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Figure 101. Heidke Skill Score (HSS) between the use of months and data
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Figure 102. Area Under the ROC Curve (AUC) between the use of months and
data augmentation methods.
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