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ABSTRACT

This study explores the effectiveness of various data preprocessing algorithms for improving
subseasonal to seasonal (S2S) climate predictions from six climate forecast models and their
Multi-Model Ensemble (MME) using a deep learning-based postprocessing model. A pipeline
of data transformation algorithms was constructed to convert raw S2S prediction data into the
training data processed with several statistical distribution. A dimensionality reduction algorithm
for selecting features through rankings of correlation coefficients between the observed and the
input data. The training model in the study was designed with TimeDistributed wrapper
applied to all convolutional layers of U-Net: The TimeDistributed wrapper allows a U-Net
convolutional layer to be directly applied to 5-dimensional time series data while maintaining
the time axis of data, but every input should be at least 3D in U-Net. We found that Robust
and Standard transformation algorithms are most suitable for improving S2S predictions. The
dimensionality reduction based on feature selections did not significantly improve predictions
of daily precipitation for six climate models and even worsened predictions of daily maximum
and minimum temperatures. While deep learning-based postprocessing was also improved MME
S2S precipitation predictions, it did not have a significant effect on temperature predictions,
particularly for the lead time of weeks 1 and 2. Further research is needed to develop an
optimal deep learning model for improving S2S temperature predictions by testing various
models and parameters.

Key words: Sub-seasonal to seasonal predictions, Deep learning, U-Net, Feature engineering,
Multi-model ensemble
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2.1. EHXIR 1=

2,11 AZY-AZE AE 7|24 7N TARR

2 AtollA= 828 7|5of|S TofEH[o]X W 67)
7 7195 dlo] 3A A | S(Hindcast) AH=E &
gstgick 67 8 | FRAE AubHo o2 4ol
7V stk H71El= ECMWEF (European Centre
for Medium-Range Weather Forecasts, de Andrade et
al., 2019; ECMWF, 2020; Vitart and Robertson, 2018)
HE] GloSea5 (Global Seasonal forecast system ver-
sion 5, (Scaife et al., 2014; Maclachlan et al., 2015),
ECCC (Meteorological Service of Canada), NCEP
(National Centers for Environmental Prediction), CMA
(China Meteorological Administration)2} UKMO (Uni-
ted Kingdom Met Office)= AT Table 1). 67} 71
2 7|endo] 3 A oS #2018 wrHA|
A Zlolw 7|5 M= 27| (TMAX; Maximum
air temperature at 2m), Z|%]7]2(TMIN, Minimum air
temperature at 2m), Ha-2(T2M, 2 meter air temp-
erature), B[ H7|HMSLP, Mean Sea Level Press-
ure), 7J53(PREC, Precipitation), 3f<=H-2%=(SST, Sea
surface temperature), A&FJI-EA{OLR, Outgoing
Longwave Radiation), 50, 200, 850hPa 5-A]%sF U
HEERF 224U50, U200, U850, V50, V200, V850;
U and V component of wind), 500hPa 12 F<(W
500, Vertical velocity), 850hPa H]<(Q850, Specific
humidity), 200 and 500hPa A]$J31%=(Z200, Z500; Geo-

potential height)o|t}. S2S djoJgHo|A U] 2018 H
ZollA| GloSea5(3ll=H-2=, A3Fgut=AL 850hPa H]
)2 UKMO(E s H 71D oll= 2 W7t et
e e FAE Aol ARSI
T3, 828 glojEuolX W 7|5 R 4=0] ARF s
At o g AH(daily) AR A== 2ol W XA
7|24t &R oz 6A7F THA o= AlFEo] o] H-
o B T B ¥ B B e
ARG 7F TF5(global spatial scale)oj|A] 1.5° 7+2 9]
A= 12170 AR 2 A 240709 ARp= Y E

828 7|5cf|S tlofEfHo] f i 7SR dle] vt
A A& olE Aol = HH 4(Hindcast Ensem-
ble size), ol|= 7]7H(Hindcast length), o= HI%=(Hind-
cast frequency), 9= A18§7]7KTime range) 52 2d
7k oISk Table 1), 7 7|5 mule] 2k oo 7]
o] ZEcontrol run) Z3}e} %5 2 E(perturbation run)
A PR, S5 715mEo) Z15s Aj
7 B71sH o) A el A7w Sk ol
£49, ECMWF= & 16719 7|3/ 710, 2t
Z1] W= 1719] Ao} A2t 10702] s A= At
£ 7HER A e HHE 28T AS k=
E 95t 9] = & 1767](11 ensemble runs
x 16 variables) = S715HA| Hth e 2719 S7H=
LA A7 (Convolutional Neural Network, CNN)
HIERRY] AN =5 A A 4= glems, 2 A
TolMe AA PdE 2t FE B ARESE
qirt. o] Qo A =HQl ARK121 x 240)L} A%
712 9 ABAE 27120 x 46U x 5257) 7} F7hE| o]

Table 1. Brief description of six individual climate models and their MME for hindcast dataset used in this

study
Acronyms of S2S Global producing Hindcast Hindcast Hindcast  Time range
climate prediction system center ensemble size length frequency (day)
4/month
GloSea5 Seoul 3 1991-2010 (1.9.17.25) 0-59
4/month
UKMO Exeter 7 1993-2015 (1.9.17.25) 0-59
Climate CMA Beijing 4 1994-2014 daily 0-59
model Past 20 2/week
ECMWF ECMWF 11 years (Mon, Thu) 0-45
NCEP Washington 4 1999-2010 Daily 0-43
ECCC Montreal 4 19982014 Wveekly 0-32
(Thu)
Ensemble MME - - 1995-2014 Weekly 0-29
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Fig. 1. A schematic diagram of data preprocessing process. The gray boxes indicate techniques among the

preprocessing used in this study.
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Fig. 2. Structure of U-Net wrapped by TimeDistributed layer in this study (Source of U-Net architecture from

Ronneberger et al., 2015 and U-net Wikipedia).
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3.1. #¢ mulo| sk5 Ms
i 713 mdo] o 211, A7) 7Fr S28 o
= THUAE(1998~2014)E o] &8st HEd &H

Table 2. Explanation of hyperparameters used in this study and its values

Hyper- Function Value in
parameter the study
. helps to know how to change weights and learning rate of neural network to reduce the
Al
Optimizer losses (e.g., Adam, SGD, RMSProp, Adagrad etc.) dam
Learning controls how much to change the model in response to the estimated error each time the 0.005
rate model weights are updated ’
Batch size the number of samples to work through before updating the internal model parameters 80

Epoch  the number times that the learning algorithm will work through the entire training dataset 50
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Fig. 4. Performance of the U-Net, trained and optimized in k-fold cross validation, by S2S daily anomaly of
maximum and minimum air temperature, and daily precipitation during training period. (a), (b), and
(c) explain training and validation MSE (Mean Square Error) calculated as loss of S2S daily anomaly
of maximum and minimum air temperature and precipitation, respectively; (d), (e), and (f) indicate training
and validation cosine similarity calculated as evaluation metric of S2S daily anomaly of maximum and
minimum air temperature and precipitation, respectively. The blue dotted line represents the training
loss and the orange solid line explains the validation loss.
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Fig. 5. Histograms of daily maximum air temperature training data of ECMWF S2S (top) and ERAS5 (bottom)
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Fig. 6. Comparisons of skill scores on PCC (spatial Pattern Correlation Coefficient) from U-Net model predictions
on the training data of six climate models and MME (daily maximum air temperature: (a), daily minimum
air temperature: (b), and daily precipitation: (c)). The five data transformation algorithms (MaxAbs:
Ma, Robust: Rb, Standard: St, MinMax: Mn, and Quantile: Qu) are compared along with PCC before
training (gray dotted). The symbol of the cross represents outlier.
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Fig. 10. Comparisons of skill scores on PCC (spatial Pattern Correlation Coefficient) of new training data
composed of variables with a correlation rank of 8 climate variables (Var8) from the training data
transformed by the Standard transformation algorithm (daily maximum temperature: (a), daily minimum
temperature: (b), and daily precipitation: (c)). The abbreviations of the X-axis are the climate model
names such as the legend. The black solid line represents the skill score of PCC calculated from
the results of training and prediction using the training data composed of all available climate variables
(16 or 13) without considering correlation.
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