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Executive Summary

The development of intraseasonal extreme climate prediction technologies has become
increasingly urgent in light of the growing frequency of climate-related hazards under global
warming. This project aims to establish prototype Al models capable of predicting East Asian
extremes—anomalous high temperature, heavy rainfall, and marine heatwaves—with lead times
of three to four weeks. For anomalous high temperature, we adopt an bias-correction
approach based on ECMWF(European Centre for Medium-Range Weather Forecasts) ensemble
forecasts, while heavy rainfall and marine heatwaves are addressed through direct prediction
using the latest available observations. The ECMWF dynamical model serves as the baseline,
against which we identify Al model setups that demonstrate statistically significant
improvements.

First, this study investigates the sensitivity of anomalous high-temperature detection
within the ECMWF Subseasonal-to-Seasonal (S2S) prediction system, focusing on how different
labeling strategies influence model performance. Using 3-week averaged maximum
temperature (TMAX) data from ECMWF-S2S (version 2024) and ERA5 reanalysis, binary and
multi-class labeling schemes were applied to classify extreme heat defined by percentile
thresholds (=90th percentile for binary; =75th and <90th percentile, and =90th percentile
for two classes of multi-class). These labels were used to train two convolutional
neural-network architectures—U-Net and Attention U-Net—designed to detect spatial patterns
linked to anomalous heat events. The models were trained using 18 years of data (2004-2021)
and tested using two years (2022-2023). An evaluation based on the Brier Skill Score (BSS)
indicates that while the raw ECMWF forecasts exhibit modest skill (~0.2), the deep-learning
models generally yield lower absolute scores but still provide meaningful spatial improvements
relative to ECMWF. The binary-label Attention U-Net configuration consistently vyields the
most realistic probability patterns and the highest fraction of positive BSS improvements,
demonstrating its relative advantage in extreme-heat signal detection. The results suggest that
label structure plays a decisive role in model sensitivity and that attention mechanisms
enhance the identification of high-impact spatial features.

Next, this study developed an initial deep learning model for forecasting heavy rainfall
events at lead times of 3-4 weeks on a grid-point basis. The research focused on three
aspects: the effectiveness of multi-task learning, the combination and scale decomposition of
input variables, and the impact of model architecture on forecasting performance. The
multi-task learning approach, which jointly predicts precipitation amounts and the number of
heavy rainfall days in a week, effectively captured the temporal variability of precipitation
and achieved improved performance metrics (e.g., CSI, TCC). Including 10-60-day and
long-term filtered components further enhanced forecast skill, indicating the importance of
separating and incorporating intraseasonal variability and background fields for extreme



rainfall prediction. The combined ResNet-LSTM architecture demonstrated synergistic effects
in learning spatiotemporal patterns. Future work will incorporate probabilistic forecasting
techniques to quantify prediction uncertainty improving predictability and apply explainable Al
(XAD methods to identify and analyze the key predictors and mechanisms underlying extreme
rainfall forecasts.

As the final climate extreme component, a prototype prediction model for marine
heatwaves in the East Asia Marginal Sea(EAMS) is developed. Predictive signals are extracted
from large-scale oceanic and atmospheric reanalysis fields—including heat content, salinity,
winds, temperature, and precipitation—and projected onto East Asian marine heatwave
patterns three weeks ahead using a UNet architecture. Sensitivity experiments on predictors,
loss functions, and model design identified an optimal setup: a relatively narrow 2.5° regional
domain, inclusion of fluxes, static variables, and marine heatwave indicators alongside the
basic predictors, and training a swinUNet with a 2:1 train/validation split. Detection skill was
further improved by applying a weighted loss function emphasizing extreme SST grids and
integrating river discharge information as an independent multi-modal layer. Across 52 weeks
in 2023, this setup consistently outperformed ECMWEF in marine heatwave detection. Ensemble
means of high-performance models under similar conditions also showed stable and significant
skill, highlighting the promise of multi-model Al ensembles for operational prediction in East
Asia.

In order to systematize and disseminate data and statistical analyses derived from
prototype model development, a repository (EastAsiaClimateExtremes,
https://github.com/yvalexlee/EastAsiaClimateExtremes) was employed. This repository provides

historical data on climate extremes across the East Asia region, basically archiving the events
of regular grid-based climate extremes, and weekly/monthly extremeness metrics can be
utilized as labels for Al-based(or -assisted) models to predict anomalous climate events in
East Asia. Additionally, it offers code for long-term, grid-based analysis and visualization of
major climate extremes with functions for data storage, time-series graphs, heatmaps, and
two-dimensional long-term statistics. Currently, the repository focuses on extreme phenomena
such as anomalously high temperatures(tAHT), heavy rainfall(HR), and marine
heatwaves(MHW), with the potential for further expansion. This work is intended to serve as
a meaningful and practical foundation for researchers engaged in the investigation of the
dynamics and prediction of extreme phenomena, offering a structured entry point that
facilitates subsequent methodological development and interdisciplinary collaboration.
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Table 2.1 This table describes the configuration of the prediction targets and domains for a
subseasonal TMAX forecasting experiment over East Asia. It summarizes the spatial and
temporal domain, resolution, target variable, and lead-time settings for daily maximum
temperature forecasts centered on the Korean Peninsula. sessessesssesssesssesssrsserssenssenssenssenssnssenssenases 10

Table 2.2 A set of atmospheric variables used for detecting and characterizing anomalously
high-temperature. The table summarizes each variable’ s category and explains its specific

role in identifying circulation, moisture, and pressure patterns associated with extreme high

temperature. 10
Table 2.3 Classification Criteria for Binary and Multi-Class Heat Extremes Based on 3rd Week
Mean TMAX. The labeling rules used to categorize temperature conditions during the 3rd
week (days 15-21) based on mean maximum temperature percentiles. —sesssssssssssesesscenseensenns 11
Table 2.4 Classification Criteria for Binary and Multi-Class Heat Extremes Based on 4th Week
Mean TMAX. The labeling rules used to categorize temperature conditions during the 4th

week (days 22-28) based on mean maximum temperature pErcCentiles. rsssesssssssssessssenssesseeensenns 12

Table 2.5. List of basic input variables used in this study. sesssssssseesesssesscne 14
Table 2.6. List of multi-scale decompoased input variables used in this study. A total of 48

input variables were used and tested in this study. The variables shown in bold are the final

input variables selected in this StUdy. «sessssssessessersesenssnssesensensensssensensenssnssnssense 16
Table 2.7. Categorical labels assigned to each count of extreme rainfall events, sseseeseeeeeenees 17
Table 2.8. Data split strategy for extreme rainfall prediction model. 18
Table 2.9 Training input: variables and temporal/Spatial Tange swsessssessssssssssssusssussssssssssssssssssasnes 19

Table 2.10 Hyper-parameter Settings of the Study. The table summarizes the key
hyper-parameters used in this study, including training configuration and model architecture

settings. It lists values such as the number of epochs, batch size, learning rate, optimizer,

activation function, and kernel Sizes applied. «swsssersesesserssenssessensseusenssensissenssensssssenssensssssenssensseass 23
Table 2.11 Activation Functions and Loss Functions for U-Net and Attention U-Net According
to Label Type. This table summarizes which activation functions and loss functions should be
used when training U-Net or Attention U-Net models for binary and multi-class segmentation

tasks. It outlines appropriate combinations such as Sigmoid with Binary Cross Entropy for
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binary labels and Softmax with Categorical Cross Entropy for multi-class labels. eessssssssseseeess 24

Table 212 Hyperparameter Settlngs .............................................................. 31
Table 2.13 Prediction Target: variables and temporal/spatial range Of 1abel «essessseesesnsecsnencensnss 31

Table 2.14 Key methods: learning rate, loss function setting, input data standardization and

evaluation metrics applied.  «sssesssssssrssssrssssussssssssssssssssssssssisssens 33
Table 2.15 Climate indices utilized as external inputs in UNet model «eessssessseeenenesesnesesnesesnencenss 36

Table 2.16 Directory Structure and Example Files in the repository “EastAsiaClimateExtremes”.
The table provides an overview of the main directories used in the repository along with
representative example files. It outlines folders for code scripts, datasets, and visualization
OULDULS.  +eseresesserserssessenssnssensenssnsseusenssssseusenssnssessenssssseusensssssessensssssessensssssessessssssessessssssesssnsssssessansssssensansssasenss 41

Table 3.1 This table contrasts U-Net with Attention U-Net across key dimensions such as
probability strength, spatial patterns, BSS, extreme-region behavior, and overfitting tendencies.
It highlights the clear performance gains and improved stability achieved by incorporating
ALENTION MECHATIISIIIS, eeeeseerecsserrcccseensccteanncectanncceannccesanncessansccsssnsccssasscsssssccsasssscsssssscssassscsasssscsasssscsssnse 56

Table 3.2 This table contrasts binary and multi-class modeling approaches in terms of
learning stability, sensitivity to class imbalance, probability prediction behavior, BSS outcomes,
and extreme-heat detection. It shows that binary models genersally exhibit higher stability and

accuracy, especially for extreme events, while multi-class models suffer from greater noise

and imbalaﬂce effeCtS. ........................................ 57
Table 3.3. Performance metrics for rainfall amount prediction at a 3-week lead. «eeeeseeeees 59
Table 3.4. Performance metrics for classification of extreme rainfall weeks at a 3-week lead.
59

Table 3.5. Performance metrics for rainfall amount prediction at a 4-week lead. «eeseeseeeees 61
Table 3.6. Performance metrics for classification of extreme rainfall weeks at a 4-week lead.
61

Table 3.7. Performance metrics for rainfall amount prediction for different grid points. -« 63

Table 3.8. Performance metrics for classification of extreme rainfall weeks for different grid

DOITIES,  +esseesersssesssusssusessssusssusssusessssussssssssssssstusssssssssesssssssssse s s s s s s s e s s st st 64

Table 39 LlSt Of lnput Varlable GOLS, eeeeecsevrscceanncctenncteennicttancctennctaannctaanscctanscssanscstaanscsasnsscsannscssanne .66
Table 3.10. Example codes for data processing and visualization (file name, description and
1ocatlon) .................................................................................................................................................... .90

Table 3.11 List of output statistics generated and stored by the example codes. «sesseeseeseenes 94
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Figure 1.1 Comparison of annual mean MHW statistics-total days (top), frequency (middle),
and mean intensity (bottom)-derived from OISST for 1982-2024(1st column), P1: 1982-2002
(2nd column), P2: 2004-2024 (3rd column), and the difference between the two periods (4th
COLUITIN), +eeseeresssssssessssssssssssssasssssssssssssssssssassassssssasssssssssassssssessasssssssssassssssassassssssessassssssessassasssessassasssessessasses 5

Figure 2.1. Study domain for extreme rainfall. The entire study domain commonly defined

(left column) and enlarged view of the selected grid points (right colummn). seeseesseeesesensnsecensesd 7
Figure 2.2. Diagram of temporal variation of input variables by influence category. sesessee-- 14
Figure 2.3. Schematic of multi-scale temporal components of daily variability. eesssseesseessesscenee 16

Figure 2.4. Example of how weekly rolling sum on daily rainfall works. Rainfall amount
(mm/day) shown in bold is the extreme event that exceeds 90th percentile threshold. Figures
shown in red are the extreme cases, and those in blue are the non-extreme Cases. «wsws: 17

Figure 2.5. Extreme rainfall counts (red bars) and extreme rainfall amount (blue bars) at a

grid point in 2024. 18

Figure 2.6 Attention-Enhanced U-Net Architecture Overview. The diagram illustrates an
encoder-decoder U-Net architecture augmented with attention gates that refine
skip-connection features. It shows how multi-scale encoded features pass through attention

modules before being merged with decoder layers to produce the final output. eseesesssseeeeseeess 21

Figure 2.7. Diagram of single-task learning. 25
Figure 2.8. Diagram of multi-task learning. The structure in the colored box is the one
chosen for this study. .............................................................................................................................. 26
Figure 2.9. Overview of the model architecture used in this study. seesesssseeesmsseseeescsenescsneennnss 28

Figure 2.10. The model architecture used in this study with the details on the modified

ResNet_lS model ...................................................................................................................................... 2 8
Figure 2.11. List of architectures for residual neural networks with different layers. e 29
Figure 2.12. Residual network with 34 parameter layers (He et al., 2015) «weeeeeesesnceesnsnecscsusnsacs 30

Figure 2.13 Diagram illustrating the training process, including input data stacking, model

architecture, and the two-dimensional label distribution with EAMS. 32

Figure 2.14 Seven ablation tests to isolate the optimal Al model setup for EAMS MHW

forecast. .................................................................................................. 3 4
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Figure 2.15 The five Earth System components (Flux, Ocean, Static, Wave, and

Upper-Atmosphere) evaluated as potential input features for the MHW forecast model.

Component Variables are hsted n Tab]e 29 ....................................................... 35
Figure 3.1 ERA5 3-week mean of daily maximum temperature binary labels for ensemble

members on October 10’ 2023 ................................................................ 42

Figure 3.2 Spatial distribution of 3-week ECMWF mean daily maximum temperature binary

labels ACrosS €NSEIMDIE MEIMDELS.  swessssessesssssessessesssassessessssssssssasassssssassasssassssssassassasssssssssasssassassassassanas 42
Figure 3.3 Multi-Class ERA5 3-week mean of daily maximum temperature label ensemble
distribution on October 10’ 2023,  seeereenncctttniitttnniiittanniettttnictttnniitttnnittttnnicsttnncttttnscsttanscssansscssasnscsans 43
Figure 3.4 This figure shows the multi-class classification results of ECMWF ensemble
members for the 3-week mean daily maximum temperature on 10 October 2023. «esseeeeeeene 43
Figure 3.5 ERA5 4-week mean of daily maximum temperature binary labels for ensemble

members on October 10’ 2023 ................................................................ 44

Figure 3.6 Spatial distribution of 4-week ECMWF mean daily maximum temperature binary

labels across ENSEIMDIE IMEIMDELS,  swssssessssssssssssssssarsssssassasssnsssssasssnssassassssssassassassssssassassassssssasssassassassns 44
Figure 3.7 Multi-Class ERA5 4-week mean of daily maximum temperature label ensemble
distribution on OCtODEr 10, 2023,  «erserersersersrssssescrssssesessessesessesessessssesssssssessessssessssssssssssssssssssssssssssssses 45
Figure 3.8 Spatial distribution of ECMWF 4-week mean daily maximum temperature

multi-class labels on October 10, 2023. ceeeesessecssaceen 45

Figure 3.9 Ensemble U-Net binary probability prediction maps for October 10, 2023. The
figure illustrates 11 ensemble probability distributions predicted from a U-Net model trained
with a 3-week mean daily maximum-temperature 1abhel. — sessessesseserssessensenssessessensenssessensenssessensenses 46

Figure 3.10 Ensemble Attention U-Net binary probability prediction maps for October 10,
2023. The figure illustrates 11 ensemble probability distributions predicted from a Attention
U-Net model trained with a 3-week mean daily maximum-temperature label. sssssesesesesesseesee 46

Figure 3.11 Ensemble U-Net binary probability prediction maps for October 10, 2023. The
figure illustrates 11 ensemble probability distributions predicted from a U-Net model trained
with a 4-week mean daily maximum-temperature labhel. — sesessessesserssesensenssessessensensessensenssessensenses 47

Figure 3.12 Ensemble Attention U-Net binary probability prediction maps for October 10,
2023. The figure displays binary probability predictions generated by a Attention U-Net model
with a 4-week mean daily maximum-temperature for 11 ensemble members on October 10,

D()23, eeerersrsrssrerersrsrssseeresssssissssessassesessssssssasa st s AR s e e RS RS Se RS R SR SRR RS RS R SRR SRS RS R R SR SRR e e R R bR e bR R bR R0 S 47




Figure 3.13 Ensemble based U-Net multi-class probability prediction maps on October 10,
2023. These maps show ensemble probability distributions predicted using labels based on the
3-week mean maximum temperature on October 10’ 2023,  eeeceencccenicttniitenititniitancttenccaancsannes 48

Figure 3.14 Ensemble based Attention U-Net probability prediction maps on October 10, 2023.
This figure presents probability maps generated by a multi-class U-Net model with the
3-week mean maximum temperature for 11 ensemble members on October 10, 2023. «ww= 48

Figure 3.15 Ensemble based U-Net multi-class probability prediction maps on October 10,
2023. These maps show ensemble probability distributions predicted using labels based on the
4-week mean maximum temperature on October 10’ 2023,  eecceencccenictnnicteniitiniiitanictttniccaancsannes 49

Figure 3.16 This figure presents probability maps generated by a multi-class U-Net model
with the 4-week mean maximum temperature for 11 ensemble members on October 10, 2023.
49

Figure 3.17 The left panel shows the binary label of 3-week mean daily maximum
temperature derived from ERA5 for 10 October 2023. The right panel presents the average

of eleven binary labels from the ECMWF-S2S ensemble for the same 3-week mean

LEIMPETAtUTE PEIIOQ. wsersserserssrsserserssnssrssensenssensensenssssseasensenssessensanssessessensanssessenssnssense 50
Figure 3.18 This figure shows the averaged probabilities from 11 ensemble predictions
produced by deep learning models trained on binary labels of 3-week mean maximum
temperature. The left panel displays results from the U-Net model, while the right panel
shows corresponding outputs from the Attention U-Net model for 10 October 2023. «sesseeeee 50
Figure 3.19 The maps show the mean probabilities obtained by averaging 11 predictions for
the multi-class labels of 3-week mean maximum temperature on 10 October 2023. The left
panel corresponds to the U-Net model, while the right panel shows the results from the

Attentlon U-Net model .......................................... ....50

Figure 3.20 The left panel shows the binary label of 4-week mean daily maximum
temperature derived from ERA5 for 10 October 2023. The right panel presents the average

of eleven binary labels from the ECMWF-S2S ensemble for the same 4-week mean

LEIMPETAtUTE PEIIOQ. wsersserserssrsserserssnsssssensenssensensenssssseasensenssessenssnssessessensanssessenssnsense 51
Figure 3.21 This figure shows the averaged probabilities from 11 ensemble predictions
produced by deep learning models trained on binary labels of 4-week mean maximum
temperature. The left panel displays results from the U-Net model, while the right panel
shows corresponding outputs from the Attention U-Net model for 10 October 2023. «seseeeee 51
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Figure 3.22 The maps show the mean probabilities obtained by averaging 11 predictions for
the multi-class labels of 4-week mean maximum temperature on 10 October 2023. The left
panel corresponds to the U-Net model, while the right panel shows the results from the

Attention U-Net model,  ceeeeeeeeeeceeccccccceeeccenees w52

Figure 3.23 The figure compares brier skill scores (BSS) for binary 3-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models. — swseseseseseseeses 52

Figure 3.24 The figure compares brier skill scores (BSS) for binary 4-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models. — sweseseseseseeses 53

Figure 3.25 The figure compares the multi-class BSS derived from raw ECMWF-S2S 3-week
mean maximum temperature with those from U-Net and Attention U-Net models trained on
multi-class labels. The middle (U-Net) and right (Attention U-Net) panels show how the
deep-learning models improve or modify regional skill relative to the ECMWF-S2S predictions

(JEfL). weeesersrssssssssssssrssssssssssssssssssessssssnsssssssssssssssssssssssnssssssnes 53

Figure 3.26 The figure compares the multi-class BSS derived from raw ECMWF-S2S 4-week
mean maximum temperature with those from U-Net and Attention U-Net models trained on
multi-class labels. The middle (U-Net) and right (Attention U-Net) panels show how the
deep-learning models improve or modify regional skill relative to the ECMWF-S2S predictions

(left) ..................................................................... 54

Figure 3.27 The left panel shows violin plots comparing the spatial BSS distributions of
ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary and multi-class labels) for
3-week mean maximum temperature. The right panel displays the BSS differences obtained
by subtracting the ECMWF-52S based BSS from each model” s BSS at every grid point. --:55

Figure 3.28 The left panel shows violin plots comparing the spatial BSS distributions of
ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary and multi-class labels) for
4-week mean maximum temperature. The right panel displays the BSS differences obtained
by subtracting the ECMWF-S2S based BSS from each model” s BSS at every grid point. 55

Figure 3.29 Comparison of BSS differences between 3-Week and 4-Week. «seeeseeeesecsesccnencee 56

Figure 3.30. Timeseries of rainfall amount at a 3-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount

from ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in
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black dashed line. Extreme cases that exceed the 90th percentile threshold are shaded.

Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false

alarms in purple CITCle.  seeeessensercsssensenes Ceteeceseetettetentnetetaetnttntattntsetattatantrsteterententattesasenssntassnsansnsnts 58

Figure 3.31. Scatter plot of rainfall amount at a 3-week lead predicted by the final model for

Seoul grid point compared to actual AMOUNE. sssssssrsssessssessssssssssssusssussssssssssasasns 59

Figure 3.32. Timeseries of rainfall amount at a 4-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount
from ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in
black dashed line. Extreme cases that exceed the 90th percentile threshold are shaded.

Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false

alarms in purple CITCle.  seeeesssnserssssnsenes Ceteeceseetentetentnntntaetrttntattntsntantatattrteterententattetasenssntassnsansnsnts 60

Figure 3.33. Scatter plot of rainfall amount at a 4-week lead predicted by the final model for

Seoul grid point compared to actual AmOUNE. — esswssessesserserssrssensensenssnsseasens 61
Figure 3.34. Timeseries of rainfall amount predicted by the final model for a grid point near
Daejeon on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

ercle‘ ........................................ 62
Figure 3.35. Timeseries of rainfall amount predicted by the final model for a grid point near
Busan on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

ercle‘ ........................................ 62
Figure 3.36. Timeseries of rainfall amount predicted by the final model for a grid point near
Gwangju on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

Clrcle ........................................ 03

Figure 3.37. Timeseries of rainfall amount predicted by the final model for a grid point near
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Pyungchang on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

CITCIE.  serersesersensrsenenensensnsssssannes 63
Figure 3.38. Comparison between single-task learning-based results (green solid line) and
multi-task learning-based results (red solid line). Weekly accumulated rainfall amount from
ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. —eeessssssesssnsecsnsscscsnsnenes 64

Figure 3.39. Model performance of critical success index (CSI) values for each bar on the left
column and temporal anomaly correlation coefficients (TCC) values for each bar on the right
column for each combination of variable set (refer to Table X.X for list of variable sets).

Best combination in pink circle is composed of ISO, low frequency, and climatology

components. 66

Figure 3.40. Summary of experiments of combinations of variable set with critical success
index (CSD values for each bar on the left column and temporal anomaly correlation
coefficients (TCC) values for each bar on the right column. Best combination in pink box is
composed of ISO, low frequency, and climatology COMPONENLS. swwssssrssssesssrssssssssrssssssssssssssssassssases 67

Figure 3.41. Comparison between ResNet-18 (green solid line) and ResNet-18+LSTM (red solid
line). Weekly accumulated rainfall amount from ERA5 reanalysis data are shown in black solid
line. The 90th percentile threshold are in black dashed line. Extreme cases that exceed the
90th threshold are shaded. -sseesseeeeseeecserccenceennceencceenceencceencceenceanccasscsesscasscsesscsesssssscsassssscsasssasscsassssasscssses 08

Figure 3.42. Bar plots of ECMWF (1.5° ) forecast model performance for total precipitation
compared to ERA5 reanalysis data for week 3 (radish colored bars) and 4 (blueish colored
bars) for different grid points for all seasons and individual SEASOMN. sesswsesersesessnsssnsassnsncnsnnanansd 70

Figure 3.43. Timeseries of weekly accumulated rainfall amount at grid point 1 for week 3 and
4 in the top two panels and the corresponding ECMWF forecast results. The 90th percentile
thresholds are shown in black dashed line for ERAS and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERAS and ECMWE panels. ceeesseeeeesenseceess 71

Figure 3.44. Timeseries of weekly accumulated rainfall amount at grid point 2 for week 3 and
4 in the top two panels and the corresponding ECMWF forecast results. The 90th percentile
thresholds are shown in black dashed line for ERAS and ECMWF hindcast data. Hit cases that
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overlap each other are shown in red circle in both ERAS and ECMWE panels. «eessseeeeesueeeeess 72

Figure 3.45. Timeseries of weekly accumulated rainfall amount at grid point 3 for week 3 and
4 in the top two panels and the corresponding ECMWF forecast results. The 90th percentile
thresholds are shown in black dashed line for ERAS and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERAS and ECMWE panels. «eeesseeeeeeenseceess 73

Figure 3.46. ECMWF forecast model performance for extreme precipitation for week 3 and 4
with performance metrices including accuracy, precision, recall, F1-score, and CSI.  eeseeeee 74

Figure 3.47. A case study with results for the Seoul grid point. —eeseesseessesesnesessesncsnsccsensenesnenndd 75

Figure 3.48 Boxplots showing the distribution of (left) ACC and (right) CSI across three groups
with different input domain size/resolution (G5: global 5deg, L5: large 5deg, S2.5: small 2.5deg)
on the x-axis, with colors indicating the scale of loss function weighting (0,2,4, and 6) for the
104 test samples across 2023-2024. The central line (white circle) in each box denotes the
median (mean), box edges indicate the first and third quartiles, whiskers extend to 1.5 times
the interquartile range, and points beyond the whiskers represent OUtliers. sesssssssssssessesssneecnsd 76

Figure 3.49 Similar as in Figure 3.48 but for two groups with different train/validation sample
fraction (3:1 vs 2:1) for x-axis. Blue horizontal lines indicate the overall mean across all
samples, independent of the loss fUnCtion Weight SCale. «swssessssssssrsssmsssssssssssssssnssssusssusssssssnsssnssansd 77

Figure 3.50 Boxplots showing the distribution of (a) ACC and (b) CSI across three models
(Base UNet, Attention UNet, and Swin-Transformer UNet) along the x-axis. Colors indicate the
temporal sequence of input data (white boxes for one-week inputs and navy boxes for

three-week inputs). The green horizontal line represents the ECMWF marine heatwave

forecast sklll at a 3-week lead tlme .................................................. 78

Figure 3.51 Boxplots showing the distribution of (a, ¢) ACC and (b, d CSI across six
input-variable combinations (all, woF, woO, woS, woW, and woU; see Table X.X). The red
horizontal line indicates the mean skill of models trained with all input variables. Reddish and
blue arrows indicate relative performance of models trained with each reduced input set
(without Flux, Ocean, Static, Wave, or upper-atmosphere variables); upward arrows mark
lower skill and downward arrows higher skill relative to the all-input baseline, highlighting the
positive or negative contribution of each component to model performance. sssssssssssssesecencees 80

Figure 3.52 Similar to Figure 3.51, but focusing only on the CSI results for (a) UNet and (b)
swinUNet across five different input-variable combinations. Opaque and transparent red

horizontal lines represent the mean and median skill of models trained with the minimum
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(baseline) input variables. Opaque and transparent arrows indicate the mean and median skill

improvements relative to this baseline. 81

Figure 3.53 Boxplots showing the distribution of ACC (upper panels) and CSI (lower panels)
across four additional-input conditions (None, Both, Climate Modes only, River Discharge only;
see Table X.X). Panels (a, ¢) show UNet models, while (b, d show swinUNet models (latter
tested only with/without River Discharge). The green horizontal line denotes ECMWF marine
heatwave forecast skill at a 3-week lead time (the same as in Fig. 3.50D). eweeeeseseesescensusanes 82

Figure 3.54 (a) Scatter plots of ACC versus CSI for all trained models, organized by model
architecture, input domain size/resolution, validation sample proportion, loss scale, multi-modal
inputs, and temporal input sequence (from left to right). (b) The fraction of good models,
defined as those falling within the top-right gray box, relative to all ensembles in each
category mMentioned N (). swesessssesssssssssssssussssssssussssssssussssssssissssssssssssissssissssssssissssssssissssssssssssssssssssasssanes 84

Figure 3.55 Weekly evaluation of ECMWF 3-week lead marine heatwave predictions across
2023. The top-left three panels present the temporal ACC (left), RMSE (center), and CSI
(right) at each grid point. The bottom-left line plots show the spatial ACC (black) and CSI
(magenta) over EAMS for each week. The top-right line plots illustrate the temporal variation
of the weekly Impact Factor (weekly extremeness) for the grid point nearest to Dok-do
(37.5° N, 130.5° E), based on observations (OISST, yellow) and ECMWF forecasts (gray for
individual ensemble members and thick black for their ensemble mean). The bottom-right two
panels depict the spatial distribution of the Impact Factor for the marine heatwave event

during the week beginning 30 July 2023, comparing observations (OISST, left) with the

ECMWF ensemble mean forecast (nght) ................................................... 86
Figure 3.56 Performance of the two best Al models: weekly evaluation of 3-week lead marine
heatwave predictions throughout 2023. (a) shows a swinUNet model with the
3Wseq/S2.5/wFOS/RD_added/2:1 train/validation ratio setup, while (b) presents a model with
the same configuration but using a 3:1 train/validation ratio. Details are the same as in

Flgure 355 ...................................................................................... .87

Figure 3.57 Same as in Figure 3.56, but for Al model ensemble forecasts. Ensemble members
in (a) are swinUNet models with the S2.5/2:1 ratio/weight scale=2/RD_added setup, while

ensemble members in (b) are swinUNet models with the S2.5/1W sequence/weight

sCale=2/RD_added SELUP. sessssesessesessssusessususcurustscusustsustssssustssssistsastsssiustsssistsastsasistssastssssastsssustasasicssase 88

Figure 3.58. EastAsiaClimateExtremes GitHub main page screen Shot 1. seeesesseeceeeesscscecenene 89
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Figure 3.59. EastAsiaClimateExtremes GitHub main page screen Shot 2. sessssssssssscscssscssininnne 90
Figure 3.60. Timeseries of daily 2m air temperature at 36.0° N, 127.5° E in 2024, showing
the original data (black), climatological mean (green), 90th percentile threshold (red), and

anomalous hot days exceeding threshold line (red shaded) and extreme days identified as

event periods (blue shaded). ....................................................... 91
Figure 3.61 Spatial distribution of long-term mean and trend of marine heatwave event
statistics: (left) frequency, (middle) total days, (right) mean intensity derived from daily SST
timeseries over East Asia Marginal SO,  seereerecceenncctanictiennittanniitttnnitttennitttnniitttnntctttnnictanncsttasecsasnnncce 92
Figure 3.62 Spatial distribution of extreme weeks: annual mean statistics of anomalously hot
weeks derived from weekly T2m timeseries over East Asia: (Left) frequency (times per year),
(middle) mean intensity (° C per year), and (right) maximum intensity (° C per year). s 93
Figure 3.63 Spatial distribution of 90th-Percentile extreme temperature frequency based on

ECMWF_SZS VerSIOnS 2016 and 2024 .............................................................. .93

Figure 3.64. Screen shot of visualization code 1: Timeseries and Heatmap Visualization for

Extreme Events. cecccececcccceccccccennncee. -95

Figure 3.65. Screen shot of visualization code 2: Weekly Extreme Analysis: Frequency, Mean,

ANA MaX INLENSILY. cessreeuseussussnssnssnsssssnssusssssssssususstssstsustsststsisssststaststsststsstastsstssssststastsstasssssssssssses 96
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1982-2024 P1: 1982-2002 P2: 2004-2024 P2 - P1
Total days [days/yr] Total days [days/yr] Total days [days/yr] Total days [days/yr]

Figure 1.1 Comparison of annual mean MHW statistics-total days (top), frequency (middle),
and mean intensity (bottom)-derived from OISST for 1982-2024(1st column), P1: 1982-2002
(2nd column), P2: 2004-2024 (3rd column), and the difference between the two periods (4th
column).
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Figure 2.1. Study domain for extreme rainfall. The entire study domain commonly defined

(left column) and enlarged view of the selected grid points (right column).
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Table 2.1 This table describes the configuration of the prediction targets and domains
for a subseasonal TMAX forecasting experiment over East Asia. It summarizes the
spatial and temporal domain, resolution, target variable, and lead-time settings for daily
maximum temperature forecasts centered on the Korean Peninsula.

Description Details
24° N ~ 46.5° N, 118.,5° E ~ 141° E

Spatial Domain Includes East Asia’s mid-latitude region, centered around the

Korean Peninsula
Spatial Resolution | 1.5 °X1.5 °
Temporal Resolution | Daily (per day)
Target Variable Daily Maximum Temperature (TMAX)
7-day average corresponding to days 15-21 of 3-week daily

Target Lead-time | forecast and 7-day average corresponding to days 22-28 of the

4-week daily forecast

Table 2.2 A set of atmospheric variables used for detecting and characterizing
anomalously high-temperature. The table summarizes each variable’ s category and
explains its specific role in identifying circulation, moisture, and pressure patterns
associated with extreme high temperature.

Category Variable Name Purpose
Key variables for labeling and detecting high

Temperature TMAX, TMIN
temperature events

Radiation OLR Analysis of upper-atmosphere heat signal
Examination of spatial structure of low/high

Pressure MSLP
pressure patterns
7500 Identification ~ of  mid-level  atmospheric
, circulation patterns
Dynamics ; .
Reflection of lower-level jet and westerly
U850, V850 . .
wind variability
Early signals of heat mass transport and
Moisture Q850 oS8 P

heat dome formation

2 AT o] Binary) ¥ o FMulti-Class) =4, T 7FA 24 79
(Labeling)& #-&3tth o]x ghde F3 129 te B4 oo 2¥E & ot ¢
Agke 49 10% ZAshs Hurlee 12 gosta o 9 yeAs 002 Fojshs ol
T} &, 35 3 TMAXZE 90 &9 o] dold 12 Wgsty, 1 9 022 ¥3kgtti(Table



bE 2U2 se 29 452 o ARSEE ) e et 35 W@ TMAX)
90 Hﬂﬁ% owolwa 22 BRI 75 MBS G ol golA] 90 MEej5 muolw 1E EF
FH(Table 2.3). T Zeso] wRe 2

softmax 7]Wke] B WF &E cdZoN AA mxdel T4E & de ¥ adel Atk =
3 mdo] B A AatgFo] 2718 & 4 QAW =23 AT E o AnSHA <50 7} 3}
e Zdol gtk ol % uF Fyx e 9Ag 284S Table 230 2oFalgiTh

]
ERAS-TMAX®] 7|& 7132 ECMWF WA 2024} 5LstA AAstAth

ERA52} ECMWF-S2S2] xo] 2etA 2 g E(Dimension Alignment)o] & Q3}t}. =gk
2H¥l g7 (Label Replication)& ERA5-TMAXoll #-§3l=H, ERAS-TMAX®] g}dllol= Y/dE0]
ol zko] time, lat, lonolt}. Y& ZFd(ensemble dimension)e] )+ ECMWF-S25¢] TMAX
+ time, number=11, lat, lonelt}. ZejA] F/dEo] gl ERAS-TAMXS| =tille] A& Y&
] = ECMWF-525¢] TMAX A3 2t37] 98l o< §bE, = gfo]R oA “expand_dims”
A&l ERASY) 3B A AT =3 45 HF TMAX gl 337 HF TMAXS &
A3t whHo g AAIATE F, 4F HF TMAXVE 90 W E<= o|do|H 12 WHEsla, 1 2
= 0o.2 WH3gH(Table 2.4). % S SEE 457 FF TMAXZE 90 W EL 4 o]dold 2
2 Bt 75 MES S o]itolA 90 Wil mFtold 12 /ey UYHAE 0282 ¥
SltH(Table 2.4).
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Table 2.3 Classification Criteria for Binary and Multi-Class Heat Extremes Based on
3rd Week Mean TMAX. The labeling rules used to categorize temperature conditions
during the 3rd week (days 15-21) based on mean maximum temperature percentiles.

Labeling | Category | Criteria

Classl | 3rd week (15-21 days) mean TMAX = 90th percentile
ClassO | 3rd week (15-21 days) mean TMAX < 90th percentile
Class2 | 3rd week (15-21 days) mean TMAX = 90th percentile
Multi-Class | Classl |75 < 3rd week (15-21 days) mean TMAX < 90 percentile
ClassO | 3rd week (15-21 days) mean TMAX < 75 percentile

Binary
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Table 2.4 Classification Criteria for Binary and Multi-Class Heat Extremes Based on
4th Week Mean TMAX. The labeling rules used to categorize temperature
conditions during the 4th week (days 22-28) based on mean maximum temperature
percentiles.

Labeling | Category | Criteria

Classl | 4th week (22-28 days) mean TMAX = 90th percentile
ClassO | 4th week (22-28 days) mean TMAX < 90th percentile
Class2 | 4th week (22-28 days) mean TMAX = 90th percentile
Multi-Class | Classl |75 < 4th week (22-28 days) mean TMAX < 90 percentile
ClassO | 4th week (22-28 days) mean TMAX < 75 percentile
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Table 2.5. List of basic input variables used in this study.

Category Sub-category Variable
: . U200, U850
Circulation-related
V200, V850
: Q850
. Moisture-related
Atmospheric influence TCWV
Radiation-related OLR
. . 7500
Circulation system-related
MSLP
Surface influence Thermodynamics-related ST(Skin Temp.)
Surface condition-related Soil water
Oceanic influence Thermodynamics-related SST

Atmosphericinfluence

Circulation-related: U200/850, V200/850
Moisture-related: Q850, TCWV
Radiation-related: OLR

Circulation system-related: Z500, MSLP

Surface influence

Thermodynamics-related: ST(Skin temp.)
Surface condition-related: Soil water

Climate mode influence
MJO phase/intensity/index, AO, NAO, ENSO, ...
Oceanicinfluence

Thermodynamics-related: SST

Time scale >
Hours Days to Weeks Years

Figure 2.2. Diagram of temporal variation of input variables by influence category.
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o a2y Y W] 4 '] 345 § A AFe FAHoR oFA TH k=Rl
izt 7€ Ao 2es WEs Hofstr] offr] dZel, ¥ dFeMs A BEE A Wl
s 2 dEs F7F 948 s 8t HAFHoE T 7 29 E 8T T 4E
M 552 Table 2.69 2th = sk 5l H7F HAA HH dY W =3e BT
Ad, uF9 AR AesC_hfrep< AL SO, AF3, wiAdd A My o] HF =4
o g W= At (Table 2.69 2 =4).

ISO component

Synoptic-scale 3 Low frequency Climatology
component ,------=-------~ ST S component 2 T
” day
5 10 30 60 90

Figure 2.3. Schematic of multi-scale temporal components of daily variability.

Table 2.6. List of multi-scale decompoased input variables used in this study. A total of 48
input variables were used and tested in this study. The variables shown in bold are the final
input variables selected in this study.

High frequency ISO component Low frequency Climatology
U200_hfreq U200_iso U200_Ifreq U200_bgd
U850_hfreq U850_iso U850_Ifreq U850_bgd
V200_hfreq V200_iso V200_Ifreq V200_bgd
V850_hfreq V850_iso V850_Ifreq V850_bgd
Q850_hfreq Q850_iso Q850_Ifreq Q850_bgd
TCWV_hfreq TCWV_iso TCWV _Ifreq TCWV_bgd
OLR_hfreq OLR_iso OLR_Ifreq OLR_bgd
Z500_hfreq Z500_iso Z500_Ifreq 2500_bgd
MSLP_hfreq MSLP_iso MSLP_Ifreq MSLP_bgd

ST_hfreq ST_iso ST_lfreq ST_bgd

Soil water_hfreq Soil water_iso Soil water_lfreq Soil water_bgd
SST_hfreq SST_iso SST _Ifreq SST_bgd

3, 4F A& Ao dFS AT FF v gEd o] i3 24 =+ Figure 2.49F 2

o 2L oF 3F71e dd FaH AAE dRE QAR HoFE o] F 90" percentile 9
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A ZrdF 9A 7Y olFdE T3 window €% st WA 2= 53 A
(extreme events)oll si@stH, A 2= HISF ZF(non-extreme events) AtElE YERA
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o uolrt S84 Table 270 AAE whsh o] 4744 stelmel2 ARsttel =
A WMEE FF3ATE o) Figure 25004 &18 4 qlKol, STAFLEZE 2ol Aoz
= FA AeFER gd)e] B2 Aesk widlE S de] Wolk Aol duHoew
e A7t FESE EAS wEE ot ol2g IEl e e StFetr] s S
de Jtelngstgro g, 24+ S MR i A5 BExE Rdo] AdHoR XAY F
A=F: AASAT

AA FEAEE 1950978 20249717 A Azl diafA F=EH ATk Table 2.80] B
o3+ ZAAY AA A5+ FH(training), S (validation), Bl=E(test & A5 = FE31 T
THS 19509 FE 2008 11€7hA], AF2 2009dFE 2022 11€971A], HZE Am+

[©)

2023, 20243 0% AT, Td 2 AF S 119747 ARG ol fE 3, 45 HYALE 1Y

AN Am el AAE Ato] YEE ] gFelth AR 1h] zto] AXA HA Sol

ANz H2 FAY HAE B7 A BAE B BT ol® wAEA A @ 2o

7S S 4 2 4% AR 2y FdT 2gdn mae FAARd talA S
[e]

3 AFAT A WRAoR Bristel AFARAMY Aol YA S FFEA @

< W Stge WFEEF AAsT. HF 2do] whEoiA™ I olF HXE AR7F Ao
HT Zdo] HAE zAse gt g5 AaE AEstal olE HBoE HF wdo des 3
ZbetAl Ao 2l Fd Aol = A 7Y ojsdol 88 £ I Aedae v A
T A W B 2E 2zl o mY AE
%

Left anchor

Date | [ 2 3 4 5 6 7 8 9 |10 | 11 |12 |13 |14 15 |16 | 17 | 18 | 19 | 20 | 21 } 22

Rainfall | 7 | 43 | 7 | 13 [ 83 | 13 | 11 } 1 2 | 2 3| 5|11 |13115 |3 [107| 95 |50 | 8 | 17 ! 10
(mm/day)

Count Iipplll 4 | 4 [ 1 [ 1| 0| o
(Rollsum)

0 0 0 1 2 2 3 3 3 3 2 1 1 1 1

Amount
(Rollsum)

147 | 141 | 130 | 125 | 115 | 37 35

1 1
37 51 79 | 184 | 276 | 321 | 399 : 403 | 398 | 378 | 273 | 185 | 148 | 142 : 138
1 1

Figure 2.4. Example of how weekly rolling sum on daily rainfall works. Rainfall amount
(mm/day) shown in bold is the extreme event that exceeds 90th percentile threshold. Figures
shown in red are the extreme cases, and those in blue are the non-extreme cases.

Table 2.7. Categorical labels assigned to each count of
extreme rainfall events.

Extreme rainfall counts Categorical label
0 (No extreme) Class 0
1 extreme day/week Class 1
2-3 extreme days/week Class 2
4+ extreme days/week Class 3

_’|7_



Counts and Amount of Extreme Rainfall at Grid pointl in 2024

wu

200 4 B Extreme rainfall (mm)

mmm No amount
EEm Extreme events (days)
No count

-

Extreme Day Count (days)

150 4

("]

100 4

(V]

50 4

Toral Extreme Rainfall (mm)

o
==
(=] —

= ol
5 3, g
- <

Date (First day of each month)

Jan
Feb
Mar
Apr

ay
Sep
Oct

Nov
Dec

Figure 2.5. Extreme rainfall counts (red bars) and extreme rainfall amount (blue bars) at a
grid point in 2024.

Table 2.8. Data split strategy for extreme rainfall prediction model.

Data Split Period

Training 1950 - 30-Nov-2008

Validation 2009 - 30-Nov-2022
Test 2023 - 2024

AN dSFS 8l oS JY HEE e tiTable 2.9). 71#
HER2E 4 252 AHZog xA-HdE s|gdSA(he: ocean heat content), & %=(sl:
salinity), A3 7]2(t2m: 2m temperature above surface), A% ®}&(ul0/v10: 10m zonal and
meridional wind), ~18]a1 7}<4(tp: total precipitation)E A A3t}

AF o7 453 #H" WS4 ZE u200/v200 (zonal/meridional wind at 200 hPa),
u850/v850 (zonal/meridional wind at 850 hPa)& =Z3sl%th. T3 tcc (total cloud cover), ssrd
(surface solar radiation downwards), strd (surface thermal radiation downwards)s 3lHOZ
AAbsts HAbeh #dd 92 WFs= ashith

A8 3F dFES AT 7HE MR E FE Y AAY AU 1 FFo] 7Rkt o]
of e} sst_ep 0%tile 7I|EAE Z2FHste G FE F3 AAFHS 1L AA HF-=E &
435t 2™, mwd (mean wave direction), shww (significant wave height of wind waves)s <l
olHodty Y Wk J|E dHom AU dF & HeE AR et W
= AEF oY, 7] AR A5l Hl&| A5 73to] AAE] Fol B AFolAe ™ =
kA gt ont % JFeA o] drE A9 FUF 85 1HT oot

WSk e FRE AT 3

Y

W2 = Ism (land-sea mask)9} ¢ =(atitude)E =3¢
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3F F AT AN ASES AT AA A A8 wFe F0E ALk st EE Al 7HA
Aoz dAsHYtE G5(Global domain, 5° X 5° 4=
%), S2.5(East Asia subregional small domain, 2.5°
Hoge 7 HE 15 ARE FESAY AT 3F AEE HIS(Gtackingsh= F 7HA &

L o ox mo

< 839 HTable 2.9).

F%O
BL
L

7}3led time-aware i

rlr
)
o
[
of
oh
£
jiv

NE 9 ZEsk 2718

, L5(Large domain, 5° X 5° &}

X 25° Z). =3 AY AFEA A

Table 2.9 Training input: variables and temporal/spatial range

Training INPUT

VARIABLES

Base (Ocean & Atmos)
Upper Atm.
Flux
Comp.
Wave & Swell

Ocean

Time invariant (Static)
/ Time

T/P range

he & /sl and ulQ/v10/t2m/tp
u200/v200/u850/v850

tce/ssrd/strd

mwd/shws

sst_ep

land-sea mask, latitude / Date (step)
3(1)W: R(=3)/R(-2)/R(-1) or R(-1)

G5: [0~0~82.5W, 65S~65N], 128x27, 5 res.

L5: [160W~157.5E, 65S~65N], 64x27, 5 res.
S2.5: [70~147.5E, 20S~57.5N], 32x32, 2.5 res.

FH A7 A4S UEe AR 5tz | o
Z(mpact Facton& MEA Aol 142d4S Uxd AAE gd=z AL 9 Y

2 90%tile 7]3-3+4] SST Azt 7€ +4

23. AZATED 2 49 74
2.31. FoAoF A3 3/4F o] F L HF HF o Y mnd AL

2311 2 24 2d T4

o2 Bue T

ol &4 oF
% tHRonneberger et al.,
M=

=de

B&st=

7HA 449
2015; Oktay et al.,
U-Net& encoder-decoder +%& 7|¥Fo. 2 3t+= 7]& U-Neto &2, skip connectiong %3
TZo|thFigure  2.6).
(segmentation)ol] HAzd md = K92 EA(ocal features)™ A A

249 U-Net¥} Attention U-Netol|A] & 3}

x4
2018; Weyn et al., 2021). ¥ A-olA A3+
&
B 7INke] Al wiE

U-Net-2 o]
T Z%(global pattern)

3}
oy
s
A
=
=
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T 3EFT F AoA o 719 3 Y FAHo| AFT Zojh. Attention U-Net2 7] &
-Netell Attention GateE AFsle] skip connection®] HX F F83F
HAGe 2 7fA3% Fxo|thFigure 2.6). Attention Gatex EZ 23 F¥ S-S JA5td
g o] Al F-7-8H(signal to noise ratio)E /AAT = QUot =, FHE Q= I

3t #E Joo) HFIEE g5tz Attention GateZ} 112 anomaly2] A 91X
o 7194d 4 Ut oldl wEt A3 A4 Attention U-Nete] U-Netkth BSS
A Yebd Ao g dokdc)

C i
ok
ox
r_}]_‘
2
2
d
d=
2d
u
2
o}

b

i

A

==
=

o

AN

=
=
WA E ]

Hir

U-Net T+%+= <l3ZY-t=Zt(encoder-decoder) e skip connectione ZE3star
32-64-128 2= FHE AT HolodE Tl AFH o Faued #HHE T A= I+ I
HS gapzxog s43leE A FHAY. 7|2 U-Nete 2015 Ronneberger et al. (2015)01] 2
AFER o 6FA L 1xd22d) A9 7|2 ot (APECZ] -4l E, 2022, 2023). U-Net
ojmlA o] MukAl 54 BRE A7 #13 5 FH (Contracting Path)¢] WEL] =9} &
A4 Qg WA FE (Expanding Path)e] WEYZE UAF L] tid Fel2 zt=d], 7]
Hofo| Al &F&x7l && mdoltt (Weyn et al, 2021). o]wx A 19 & o)A (image
segmentation)e] & o|m| R o] BE HAo] ofHl FlE| (N E EH AFAL A, E2 5o
st=A /st Ae gtk olmA] HAd tiEl &Y FHHIEE dFsts ©]vA
(image classification)eb= 2a], o]wx| Hamlg oS A tele] BEES S3sinz gy
o7 ¢ oY EAZE AAFH Atk U-Netd oju|x]o] HutzQd E4 HRE A7] $3
% ¥ (Contracting Path)e] WIEYH &3 AQstE 918 BF Fe)(Expanding Path)e] U
EYE UAE Y tA FEE zr=d(Ronneberger et al., 2015, Weyn et al, 2021), A& A7
o A= TimeDistributed #°]o]S U-Nete] Convolution @lo]ojel F7}ste] AAE &342 Fa1
2l gt} TimeDistributed= 2+ ¥7 §lol t&3kAl 2D convolutiong AFEE 4= 9lom= §
b vl d ] FEAETE vl E dEdTh

o oro &

A

N T

.
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Encoder 1
Conv2D

32 channels Output

skip
Encoder 2 connection TR Decoder 2
Conv2D _—— P Gate? Conv2DTranspose
64 channels 32 channels
Encoder 3 : Decoder 1
Conva2D - - Até‘:':;'f“ Conv2DTranspose
128 channels 64 channels

Bottleneck
Conv2D
128 channels

Figure 2.6 Attention-Enhanced U-Net Architecture Overview. The diagram
illustrates an encoder-decoder U-Net architecture augmented with attention gates
that refine skip-connection features. It shows how multi-scale encoded features
pass through attention modules before being merged with decoder layers to
produce the final output.

S 0] Jo] FEHEAE 27 dYo =T E Z—£A]7]O§M1 Ex NS 701-911.0].1 o]z
E YAt a34E 7ttt oA AT nvkel Zo] U-Net 222 image segmentation<
Ezxog A<okd fully-convolutional 71¥F =49 Fejr} UAE S =Z context =3} A3
localizationS a4 thA oz FAFHAT ol wHa)] CNNLS Q13te] AlAALS EaA 2o
Hol= AoA 2Retsle] Tl d#yYd Zdoltt (Oktay et al, 2018). $g8l9 w2 HAE HA
T AREE AT e AR 2ol A= FiEol eE, oA Y CNN2 o|n| =] Al &
E£3}5 o] 21°™ convolutional layer, pooling layer7} $Jt. U-Net, U-Net++, VB-Net o] t
3HAl AFEgE T 712 U-Netd] st A =2 7RA3817] 98l Attention Gate(e]dl, AG) X
7} A== Attention U-NetS A 234 tHAPECY| 3=A1 ], 2023, 2024). Attentiono] @ o]m] =] A
W E|o) Ao A Attentione S5 w #A e dY Ze AdHH JAS FxEe= W o)
o A SFoly ERE AEo] #HE gle 995 FASAY AAE @ F7) wEel ALt vl &
o] ZojeEte 540l =T, onAY 54 FdT FHF(Attention) o= Zloth. o 7]
U-Net®] F8 542 Skip Connectione] Uthe Zlolth. gAEdo] 3=+ expanding path
oA AAFEAA F7F AR(GE AW Z7=contracting patholl A ZFA BRI} £2)E A vle=
b, EA= o] ARV} BAEst= Aolth. 184 U-Netol| A= Skip Connectiong ©] &34
& AZ83tE contracting pathe] FXARE G =9 pathol ©al o] EAE ol= AL 3

ol

%

AV
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A3t} kA9 Skip Connections AHSFO =M F2H EAEo] THHATE F7HEQd EA471
:l3 3‘6“11} A7 27] layerg9 &% 3E Aol ZFH(poor) 3t7] wiFelt). Attention WAYEF
2 201613 computer visiono A Al&F A tHBahdanau et al., 2016). Neural Networkol 4]
p1redic1:ionE W= o] Fo1A olsstr] A AFEE AT Attention WAYU S Ll
e s AHE dSshe APl 5H AR o HJFsoF skl encoderol A& oW gk
of FFaloF st=AE 2+ WHolth

AGE tA] Awstd CNN o718 X e} AA BT 4
7l 29 WAEe oF ASEE FHE 7 U A
2 C

ReLU ?}—ﬂ} 433k layer7l g Ao =

N3, HAFe AL FUke &
U-Net%= Convolutional layer®ll
CNN3 # sbs Zojm,

5 o] agte AL S, AL &2 A
HolE HgxE =Y Aolt}. o]AL layer7l ZojAH ®Ed wj7jws
(parameter)7} #=3}A A4Ze] I A(feature)7} fHEAH o R FEHog 7
A ElAas ol E7] wZolth olAE JAEtH L A=3E o] AGelth. 1Eu, Attention&
Aol oAl Tk time-sequence’t Ao AFE, Y& A4t & &= Asyt Wi Atk &
H A Jot. Beam-Search €1eg]E & AHEStH £&% A3t £AE 25 BHIS T UAA
Ae 4
oF

oy
e
in
=
do
>
(ot

T 5 2AA Aol Thsdtal, 3 EA4 4 de E7bsstth ol 9, Encoder$}
Decoder®] time-series’} F2 71 ZA$(oA & £, 20071 o]/d® = o), wj ZAo|A] ZFro}
Ut 2Ast 2y =¥ A= Aol vk o) Attention2 A3l Time-Sequencedi A 1k

]:] ol __/r: 011;]_

1A Attention AAIE dHolE o= B3I ATV} vlunF HIZHEE AZEATE sFAHE
Aol FAE= g2 2A dolErt 1002 HeAEw 24" 4 AL Aoz yAYA9, &

A oW dHolH & 200¢ A HolE7} Attentiono] ¥ Z 2 & 7] wiZolzta Qin et al
(2017)& AF3stAtt ol dolg FA2l 7% Attentiono] & F2HstA] et =3, RE
o] B 312 w2jo] CNNS o] 83} Attentiong X 3Ys}r] wjFol], CNNS Z &3t= R o]
tlolEl Al A3 Bl op7|Elx FxRJAAE Fa] Blof diur Ag3tAthShih et al,
2019). 71 "lel¥ o] FhEl ot 7t wl-¢ A ol AA] Atglo] H8&H HHHAE FotE 5 gl
o} Attentione AW 3 AIHES 7FOE2 {33 Do E FgFAI77] Y3 HAE o
A AANA F7ret 2 FEd dg 2 A dF FAdAAE 28T F glitke Aol
T2 %o 2 A 73 HoE XSt ARITEA st FHE 8T stal ¢
Aol "Bojxtar o 18] A, seq2sequt Encoder-Decoder 7]%Fe] BI-LSTM HEejZ A5}
Aol AZAE 714 &8l 2 < Time-Series Forecasting W ol gta A <ka}9i ot

2

2312 29 4% B/ A% 4F 4A
% A U 54l G 289 s 289 TARd FHA. X U
o

=24 &l
Y 9ozt Bt 85y &ddrs b g4 net OIXJ 7

%
§}(81gm01d actlvatlon) ko) BCE(bmary Cross- entropy) &3ta, g%
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tHTable 2.11). o] & E3] =8€ze Ze2d 52 A3 &5 A4 ZdoA= WS A
Hholl 23 ¥ ®FE3Hnormalization), ¥ix 42 25} w4, 1e]a early-stropping A &
Egste] 2l Fd T AS Aol © ol MAAHEA &e W sage 27 FEAA HF
= BASt dHts Fees HA e s ARSET. 2wzl A(hyperparameten s 2 E
S AT u ARV A AASEE WHaolar, Iebv|E(parameter, Wi/l A= E2 O] gF
AN A== HFolth AW 2o o ZA(epoch), vix] Apo] Z(batch size), dh&5E

(learning rate), &4 3} gh<=(activation) So] Zuj7fH 4ol <£3-cH(Table 2.10).

Table 2.10 Hyper-parameter Settings of the Study. The table summarizes the key
hyper-parameters used in this study, including training configuration and model
architecture settings. It lists values such as the number of epochs, batch size, learning
rate, optimizer, activation function, and kernel sizes applied.

Hyper-parameter Setting of the study
epoch 100
batch size 64
learning rate 0.0001(1e-04)
Optimizer Adam
Activation function ReLu
Filter size (Kernel size) 16, 32
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= Aso} ERASS TMAXe] ThE Sdl 2RE 483 ¥4 422 PASAT. o34 4
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=

(activation) 32 A 1R o] =(sigmoid)S 283}

-1?3

=
O3 29 ASs v #olojo] &3 FE AZEWA(softmax)E 28317

o ol FH2E SE HEHEZ Yy $d 2do £d 3FAA &4 F4(loss function)Z
o]zl Zp#e]l 79+ Binary Cross Entropy(BCE)E t% Zeix el 7-$-+= Categorical
Cross Entropy(CCE)E 2 &3} thHTable 2.11). ¥-Elvto]Al(optimizenN2= F £d 2doA F
E202 Adame #8331 stsE(learning rate)S 1e-4(0.0001)Z ReduceLROnPlateausS # &
st HS &4 T A A oz T AAAEHA EE W SEES AToE £ B
g St&Go] AAE FEIT FEHE EXIEE A tHKingma et al, 2017; Mehmood et
£ B3 stgECl UF aAY Fol MAste Wity =9 £y EAE &334

WA dFUn dS &4 BAE °HE T o early stoppinge] HEE A
90%° siE3st= 2004@ A 2021318 o2 AAHst YA 10%

oA 2023d-& HAE & o 7|7He R AAAT =3, Ed 7| U 20%E AT
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Table 2.11 Activation Functions and Loss Functions for U-Net and Attention U-Net
According to Label Type. This table summarizes which activation functions and loss
functions should be used when training U-Net or Attention U-Net models for binary
and multi-class segmentation tasks. It outlines appropriate combinations such as Sigmoid
with Binary Cross Entropy for binary labels and Softmax with Categorical Cross Entropy
for multi-class labels.

Type of training model
U-Net Attention U-Net
Activation: Sigmoid
Loss function: Binary Cross Entropy
Activation: SoftMax

Loss Function:Categorical Cross Entropy

Type of label

Binary

Multi-Class

FE gret o= 59A4S 3133 2004304 2021dS g5 IO =E, 202-20231 9
23S HAE e g FEIIAL AY 7L 2% iy 2% 49 2d 23, = o 2
W3l U-Net EH(Binary+U-Net), o]zl Zt# 3} Attention U-Net & (Binary+Attention U-Net),
o= 2 ¥ U-Net EHMulti-Class+U-Net), mix|wto 2 tf5 ZFe~ by Attention
U-Net(Multi-Class+Attention U-Net) 2= F+A3lith oS =92 AAHE AP 2 GEZA

ol #tH o] A T AS FES, the Sl e A9 FH L 2014 &
T8 Wt dHAeE HdAsAT Hlua J|EHeEE Y dA#S A&sio A
ECMWFE-S2S 9A] 3E &5, & &9 d ECMWF-52S¢} ERAS%}e] S5 &

Rom, YA ECMWF-52S && v ga8id 7Iak B3 &&59] He Fde AF
At

i

[

232. A F &9 Z9 Zx 9 NE 9 Z& 9% multi-task learning 7R 2d 7))

= Z% d=& A HEH 23 HYMTL, multi-task learning) ¥ <
Atk LdrkAQl Hd A WE-E gk FAA(task)el] thsiA stk AE AEE Y
do] gF3th &= tE FAA| A E o HA] ik JAEAQ] xd JiEET. o]
single-task learninge]2tarl gkt} (Figure 2.7). ¥t MTLS o2 A& TAlo F3st= W
o]tiRuder, 2017). Figure 2.8°|4 Hol= HAAH H2Z WHE7)E shy o491 O35 HAE
o] Stget=d ol mdo] ZpZt wE ShgelAY, JEZQl Bd ZHY ofgk wetv]E
(soft parameter sharingdE& AdstAY, stve] BZd= 73 segpr|E Ff(hard parameter
sharing) WA o= FA4sAY, F devy F/FE EFst= FE7F 7Fssith o] fJod= AH
HolH & 2 AAEE fE &8 5 i MILS tdd JeH=E HFPHo /EEox 2
I itk B AFdAME 7Hd E3] &85+ hard parameter sharing(Eq. [2.5) & 3h& @Y

o

oL,
Jo 1@ oE mlm Cay

ol PU
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wals 9E 8 S(multi-head® 71X MTL F2& &390

Figure 2.7. Diagram of single-task learning.
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(Model 1 —{ [ V1
(Model2 >—{ | — Y2

Model 1 . ]
(Soft) Para:fneter sharing
Model 2 — {2

4 )
— Y1

(Hard) Parameter sharing

— Y2
. J

(Hard) Parameter sharing — Y1

Sharing

— Y2

Figure 2.8. Diagram of multi-task learning. The structure in the
colored box is the one chosen for this study.

2.3.2.2. @8 ¢ Z5/9 % multi-task learning 71§ A 2d Fx

B Ao A g3 wd Fxo HAFHQ sE5E Figure 2.93 -t} ResNet-183F okt

& LSTM(BILSTM, Bidirectional Long Short-Term Memory) 7|%Fe] HEE|2~F g5 Bd =2, 3}

Ues F FA I ACegressiono e st ) HE|LElY S AL &5
o

(classification) & FAlo === AAHJT. gUd thr] 9 s AFES 48 AR5=
dow FHAA EAS FE3h= ResNet-18 mdlo] =5 Wy FH o] gx3star, o]ojA BILSTM
TZ2E B9 AR EAS FEF3HA 3t 1 H 27}*1 24 Wl 4 AT
5% AFYSFE dSshe HE l golojg dZdsA F 7HA & 53 HEE A &
Fot=E ST £ O AAgE %+ Figure 2.109F 2o

ResNet-182 187) AFeo =z FAH dA8H 4
=38 A HEYZ st A HAs = 727 249 H5 A
.]

et al, 2016). 7|&H o= oy 7jo| 2 E5& Tl SAH= %74]—1
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2 AAEZTE AA olvA &/ T AF U4 A &8t ImageNet? 22 th = T

olHAlNA ] AHEEH HlwA JheE F=xe} o] St Backbone EEE AF AdHH
t}. Figure 2.11-2 ResNete] 1871 A5 o]¥ 9] 34, 50, 101, 152719 Aoz F#A4H =g 7%
S HoFET Figure 2.12& AlS Abole] 3 A2 S HoFa 9t B AFddAs 7]E9
ResNet-18 FZoll A mAg}t ResNet Block 33 42 AHA|3HE Zlo] of] md 3 AFoA 8
A HE BEL viAY F E5& AAE 722 A H AT o]o]A] ResNet RHoA F=
H 7Y A% Z7HAe EAEL BILSTM EdoA AzHAHe HRE F=3 )

LSTM(Long Short-Term Memory)< RNN(Recurrent Neural Networks)®] 3+ T/FZE, 4H
]-71— ZE':] ;q]o]Eg_ A }\]-]q]E O]‘Q‘OH 71 }\]i]/\oﬂ/ﬂ J,].7-] ARE v ;<-1 o].;gx-lg_g H=E
st Al 3 oEAXE F5ste Edolti(Hochreiter and  Schmidhuber,  1997).
BiLSTM(Bidirectional LSTM)& &j7]oll 9wtk [STMS 3t o F71s] AlAIE ARE FANA
n 2 & oA HARZ BF AYFoEH FUF 9 FERE A FE&L F A T
TEE Ado] Mg 2 54 A FolA s TS Al A=A

T 7 A E2A WEE sssts MTL 84S 98ia BE 23 &2 8~ (Multi-task 10ss)
olef o} o] FAEHTHE]. [2.6).

Ll

Total Loss = w on X Regression, . +w

regression

X (assification,, [2.6]

classification

wdl st A x™ol Ba

& therdt slo|H IhebnlEl7E EA1ET) Table 2.12& B AT
A EI2=EZE sto]duteiry H5& HolE.
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Output 1: Output 2:

Weekly rainfall Extreme rainfall counts
Regression Classification

Head Head
4 ARY

Temporal modeling Bidirectional LSTM :
With 2 hidden layers, dropout “

\ J ‘\ Parameter
T - sharing

e Y

Spatial feature ResNet-18 ,'
I

Modified first conv layer,

extraction removed ResNet block 384 4
J

Input
variables

Figure 2.9. Overview of the model architecture used in this study.

Regression 1 Output
Head for Amount

N 4 Outputs
Clasification > for Count
Raw images and/or 48x143 24x72 24x72 24x72 24x72 12x36 12x36 12x36 12x36 Head

Decomposed images ResNet Block1 ResNet Block2
[# of Input Channelsx49x144]

Categories

Figure 2.10. The model architecture used in this study with the details on the modified
ResNet-18 model.
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layer name | output size 18-layer | 34-layer | 50-layer | 101-layer 152-layer
conv 112x112 T, 64, stride 2
33 max pool, stride 2
1%1, 64 1%1,64 ] 11,64 ]
2 56%56 { ’ W { ’ { '
convex * { 2><f:'gj }xz { ixi’z }xs 3x3,64 | x3 3x3,64 | x3 3x3,64 |x3
N S lel,ZS()J lel,zss_ L 11,256 |
- . - . 1x1, 128 11, 128 ] 1x1,128
comv3x | 28x28 :i::ig x2 :i: gg x4 | | 3x3,128 | x4 3x3, 128 | x4 33,128 | x8
SE J L 25 J Ix1,512 11,512 | [x1,512 |
- < - < I1x1,256 1x1,256 ] 1x1,256 ]
convdx | 14x14 :i: 3‘:2 x2 :i: 322 %6 3x3,256 | =6 3%3,256 | x23 3x3,256 | x36
B L= J 11, 1024 Ix1,1024 | 11,1024 |
g s = 2 1x1,512 1x1,512 1x1,512
conv5x Tx7 :i:::i x2 :i:%g x3 || 3x3,512 |x3 3x3,512 |x3 3%3,512 | x3
Lomaane L2ma e 1x1,2048 1x1, 2048 1x 1, 2048
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° | 3.6x10° | 3.8x10° | 7.6%10° 11.3x10°

Figure 2.11. List of architectures for residual neural networks with different layers.
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x7 wonv, 64, /2
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poal, /2
3x3 conv, 64
3x3 conw, B4

3x3 conw, 64
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343 conv, 512 Figure 2.12.
3 con, 512 Residual network

apa with 34
parameter layers
(He et al., 2015)

;

fic 1000
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Table 2.12. Hyperparameter settings.

Parameter Set Value / Method
Dropout 0.1
Weight Initialization Xavier Initialization
Optimization Algorithm Adam
Initial Learning Rate 0.001
Learning Rate Scheduler ReducelLROnPlateau (Patience=3)
Early Stopping Patience = 5

B ATE A A O E AF 484 SFLHMAW) =
NE M 3 FU AZeE HBEHAHTable 219, AEHS) 1
oFhE, ME - ALY T FH =L % Al BRI E

ARIAE TA FE2& & A Wm
28t d AV Aok ol FE SST S3=(mpact FactoNE MEFA golste] A &

W A

Impact Factor 4+& A2 o33 2ok 1) €4 SSTollA @5 FH 1991-20201 3 30 7H
11¥ 959330 A2)9] 90th percentiles 31¥¢ ~FQog 13? ]Z7L(Chmatology) A=)
%Jm SSTol A 71&gk = AH3bste] =53 o 3H; 3) 79 ol&d

A S ALk o] FAHoA daily moving HA o2 AgE 7uﬂ g};gg} _f‘; glgj\;:—cﬂ’ 3
4J s }ﬂ«l A A2 FHHO A= FAT FH It AES EARHOE SEE o
olggt WAalS H3th

i) JH mE

%% Impact Factor(7¥ +32 Fd=)E Fo
Sea) AAE W= FZF, ol o=
shapefile A 71 3 - &3l - 5F=3l
}.

FAloF A<k s (EAMS: East Asia Marginal
= Al 2dS dA3AY. EAMS= global ocean
AZNE A¥stal S - 7]EF e 2> mask A 2]k

Table 2.13 Prediction Target: variables and temporal/spatial range of label

TARGET DETAILS
Variable Impact Factor (SST based)
Temporal Scale Weekly (7 days expectation) with 3W lead time

EAMS (East Sea, Yellow Sea, East China Sea only):

Domain Coverage
[24° -46.5° N, 118.5° -141° E], 1.5° res.
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FopAlol Ak A3 3FAF A2 dFE AT AFAT EAL ofyf Figure 2.139F Zo]
AAHEIH. B 2de HA 7] - Y AR ARE S8 &8s, 3F o]F FopA o}
ARRE] T WA ARE 221 A& FHE oal%—f‘f}% e BEE 3t} olE 98 AW 17
N We] AT 15 Ee 35 @5 bojHE A - ke AQERE o) latxlon 23 &
d dgs FAAH o] dEH 35+ & Impact Factor 2D A= giE #AAo], 1500071 o]
AEZ(365Y X424, 74 o5 YESF T ADS AP olE T E AT HMER £}
A Atk

718 md& UNet 7+2& 7|40 2 3, JIFAT HZo|A 23 AT E AH(F)T H

o AZoA o]F 23 uFe oz FAse] HEo HFAIE WHoE w

=) 2 FE5
FAAH. HAZ #olov A FFE AMESHA %—?% fully connected laye rz :r“é% 34

=
(regression) = A3}t mde
Hro =g HE AEA £48 Q3o axn

) L —_
3(1) weeks sequence of
Recent Atm./Ocean Condition Weekly Impact Factor
) ) ) \ )
Obs (-3W) Obs (-2W) Obs (-1W) FCST (3W)
C. LABEL (2D)
A. INPUT
i—11
l g -—*I II I]INPUT ECOHVZD
CxWxH i ] 0 sy [JGreae
C: 17 vars * 3(1) time steps | I _ ' ,
MaxPooling2D UpSampling2D

N: samples (over 15K)
W/H: lat/lon UNET/ATTUNET/SWINUNET

Figure 2.13 Diagram illustrating the training process, including input data stacking,
model architecture, and the two-dimensional label distribution with EAMS.

sHRolA = Adame AHESIRIOH, St5ES 7R 10-3082 AAsAY. A5 &4
#ko] patient A& A3 o] Fol= FAsHA Fe BF, FFES AWNORE Fo|EF 27
=2 E 7% tHTable 2.14). &4 e de Z8H= BoAHw 2*HMSE, mean square
erronNet o FA TlEe EIHste Aol THEAE F e JHeE T Al L 2HWMSE,
Fel et ZoHEq. [2.7], [2.8).

weighted mean square erron& #8333, 24

rlo
(o]

MSE= (1/n)Z(y; — 97 [2.7]

WMSE= (1/ Zw,) Zw, (y; — ¥?) [2.8]
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Aolgk HElo ARERA 1 A onet B9t A2 thatt ol#d W 7k FUA
B Apolg Heshr] fls) Ade FHe 3V Hasit B ATelAds 4 v dAs

g A2 H, olE 715 I3 B Ax HFem Wy x+=H

oA 713g& A3 Hat
T WA= A& thTable 2.14).
HAE Aol U3 6% A3 33 AXE ACC, RMSE, CSIE S8 or(1AF 413
£ 2414 21, o] B AAE olax BA AL AL CSIE Fo AED Ao} % &
o [e)

I &S AT HA AFAT BEE B3 A FIsA

Table 2.14 Key methods: learning rate, loss function setting, input data
standardization and evaluation metrics applied.

METHODS DETAILS
Basically 1x10° with a scheduler making it % when no

Learning Rate .
loss reduction

Loss Function MSE, customized(positive-inflated) MSE
Nomalized Anomalies (substracting daily climatology and
Standardizing deviding it by longitudinally averaged standard deviation
at the corresponding latitude)
ACC (Ano. Corr. Coeff.), RMSE (Root Mean Squared Error),

Evaluation Metric .
CSI (Critical Success Index)

£A g 5 s A48 218 HAAsa, =
ANE FTIEHOZ vl - B3 S H L3519 Figure 2.140 AAE F 7709 U
Ad F 4N dEF ZAAel #S Ao =,

H 242 ARH A AR So] oA ARE I/ Ao FFL ofWBAC] hH 2
2ol HtaA Sck
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) MSE &4 gepoll 7heAE Fogle o o] dA o5 de MAdd AR 7198 -
9l=A2 elatyrh

Input Domain

Size/Res.
Het::gd;r:lgeous Train/Val.
g Sample Ratio
Data
/
Input Variable / Model
Comb. N - ‘ Architecture
-
Input Time a Loss Function
Sequence Weighting Scale

Figure 2.14 Seven ablation tests to isolate the optimal Al model setup for
EAMS MHW forecast.
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o ool
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g
)

>
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ot o O &
w4
2 A
Q‘L

rok

H
AT} G5H/L5e] 749+ 128x128, 64x64 A /\]' —85] AAZ
AZ}ol ti3l] zero padding A e]& FHE PstA Hr

>{I:I
i
N
do

G5: global domain [0~0~82.5W, 65S~65N] / 5deg resolution, 128x27
L5: large domain [160W~157.5E, 655~65N] / 5deg resolution, 64x27
S2.5:  small domain [70~147.5E, 20S~57.5N] /2.5deg resolution, 32by32

i. W8 Al2E Fd Hee Al9] A9 3F o]F siddy T T = Qe AEE
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iii .

I SfEF dEl (Ocean), ¥&/3t3l & flo]H o= (Wave),
(Flux), o7l 4% Al (Upper atmosphere), 1
TE ARU Y= 5 AHZFH AR (Statioo] AL F Ak 3F ol F 3
719e = A= F8 AEEE dAY 12 F HE(Ocean), vt
= gJo]lB o iA(Wave), th7]dlA fY== shd BA =9
liEé!(Upper atmosphere), 18] HE/31Y¢ & HHE H A=<} 71%% 42 A
H(Static)”} AthHFigure 2.15). 7]& d|F 7] HE ol F71 7}
< AR AEE B/ A= Table 2.9o AAATE 2t o
oo wAE AE JIAEE Hrketr] s, e Aol
Ag 2l FA43A o] BE AES X3 2l vuste
gttt oluf, & &S £33 AP L all, 3
I AR A AP woW, &=
S woU, A2 AHH A HdS w
Astd B+ T HEY F8EE
A
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Flux related

4.
Static
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Figure 2.15 The five Earth System components (Flux,
Ocean, Static, Wave, and Upper-Atmosphere) evaluated
as potential input features for the MHW forecast model.
Component variables are listed in Table 2.9.

AT 3FN1F FAAR M@ AW AW 3% 15 A5 8 M A2 1F 97
B2 AR(T-DE 72 Qgo2 Agalm, 37 357k 97 AR(T-3, T-2, T-1)
2 AQ 99 AFstel 7 YRS sss W49 @S mmstyd

NFEAG HAGF AR F71 AW AR BA B4 A, F2 0] - G A% A
SEe 3F oF Fopaol sldeld WAEE Y dAsel folF ABHL RAT
3 71E AT B2W, $xg FARTE SR AV 5 4ol SEFI Y
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=, = Aoz BRyue nvF 9ot (Oh et al., 2023). w2t
b SOl olA A m FUIsteE ofgy 2714 FE] AdES FE YA

- BolAol gk ke I P FUAE 2E 87 /1% AFNin034, Ninod,
Atlantic Nifio, I0OBM, IOD, Southern 10D, Western North Pacific Subtropical High,
South Asian Monsoon, sea Table 2.15)& ®¥x9] Conv2D d4to 2 A|1dE F=3
%, ©]€ concatdle] UNet encoderol] F7}st= W4

- %9 Conv2D dAto g F&3 7% HAHEE UNet decodere] whx]9t layerol
concatsl= W2l

Table 2.15 Climate indices utilized as external inputs in UNet model

oFo] Full Name (English) A ¢] (Definition) F8 FuEd
Nifio 3.4 Nifio 3.4 Sea Surface 5° N-5°S, 170° W-120° W A NOAA Climate
“* Temperature Index  SST HX3k Ho Data Guide

. Nifio 4 Sea Surface 5° N-5° S, 150° W-160° E X4 SST
Nifio 4 Temperature Index — HXgE B (5 HIH Y El Nifio) NOAA PSL

Atlantic S WY A= S8 SST A H .

Nifio Aflantic Nifio Index 5. N"_SO S, 90° W-0° ) ° Zebiak (1993)

OBM Indian Ocean A=F e SST o] (20° S-20° N, Du & Evans

Basin-wide Mode 40° —120 E) (2010)

. . Aol ok ° - .
10D Indian Ocean Dipole Vl %C‘,_]".J:Elog(lg 1§ OOS 59000 71010 E)E) Saji et al. (1999),

Southern Indian =,y lzumo et al.

sIOD Ocean Dipole HAEG 10D Wel (107 S ol $4 (2010)
WNPSH Western North Pacific A e 11714 A& 713 Chen et al.

Subtropical High (1000-1500gpm contour) (2020)
- dolalo} <= (5° -22.5° N, Wang et al.
sam pouth Asian Monsoon g5e'_g75-F w= 55°-100° E, (200D): Li &
3° -15° N) Zeng (2002)

v. AS AFE HE 2A AT 90%tile 7S 2ot AFE LT E A
7] W&o, TE/AHAS vES JE UFAS wf AA 272 AV A5 AE F
B3] BE3A Z& JHeAdel g EH/AS AES d95HA ERSie WA g
AE B&str] fall, A5 AEY Z71E 211 v&=2 gty 142 AV 2o
H-3e] XFHEF sl vl AP FYsiAH

vi. EokAlol Y 23l R Y o FE s T 7Ive UNet 23S 718 +&%
2 AAEAS. oA ®A Ades FEA717] A8, 718 UNetd] d4w E5&
attention X+ swin-transformer E&o° =2 o)Al - Fr13k WHE A (ATTUNet,
wwinUNet)& T8t vla A@S FhA
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vi, 4 S TSR] 2 A 7R &4 dE 9y AFEE = MSEE A 83515, oA
% A e AT F JEF o)A sgstes A =4 #ol AXNEE dAF T}
FTAE FoAsts WS ket §3] 7hEA| A7]E scale = 0, 2, 4, 622 T
Hog UMY A= A8E FYPsA

24. °1371% A= H5 H7F W
241 78 7% WEY

2 HA 9 o] F7F S e Fx 39} o)A AR FAEFE FA FHE]
w 2o Z+zre]l HrF WlEYoe] a2t} 3 F(regression) oS H7F A ZZ= R2Coefficient of
Determination), RMSE(Root Mean Squre Error), ACC(Anomaly Correlation Coefficient) s°] &
g8t ER(classification) ¥ &A Hr7}E= 71383 90™ percentile YAFS 2 -&3le] o)Ak
A RE AE3 o] VHle g %S Hristdth I A ®EE CSI(Critical Success Index),
POD(Probability of Detection), Accuracy 5©°] Z&=w, zkA|3 A& ofgfe} 2o}

RAAAADE 317 mdo] F 2 grh 2 HESEAE 03 1 Alole] @
o2 dehle Axelth & WE zsow wdlo] MRt wEL v, 1o /hers
delele] 2 W md, 00 7he5% duye] Yo R AT WHOE MY I
A9 A= H7ht A W AFAS 5% WY o A7 ASHAY, gol Eh

A 3
I AA Y FS Edolgtl BT e floEE & Axe 3 siAste Aol A

o},

JH
i
lo
g
Pﬂ
o o

ACC (Anomaly Correlation Coefficient)= <l&E o3 diEd AA o] HHe] daAd
kst 9% Ao=m A -3 9YH dAEE z 3|
centered®] -9+ 19 7M7h&5 5, uncetered®] 7%+ <49 w4 F55 AdFH @S5 HHo]
Z AAS ou| geKEq. [2.9D.

ACC=

AZNA fo AER £ AF 1FE o BFH, o BF VIFHES T

RMSE (Root Mean Squared Erron= o|Zatd AAGEe] HAA o] Hrlsls tixZz <l
AFEZA HolE et Y &, AHF |y rhsstthe AHo] Aok 0 ~ o W E JHAH, g
o] ASFF HH 27 Avhe AS v goHEq. [2.10D).
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RMSE=

Y (fi—o) [2.10]
n

(il

AZIM fi AFH, o AF 71w AZ JHFE QU

Accuracy= Al oS A Frstr] A AAZ AF2ZA AA diP] g2E vles B
AFAR =g dolHoA= AZE o o)A A= FHFsre= 54 Atk 0 ~ 1
HHAE 7HAH, el E5 JAZRJ] A7t =0 AL W ekEq. [2.11D.

(TP+ TN)
(TP+ TN+ FP+ EN)

[2.11]

TP True Positive, 7N True Negative, FP. False Positive, /N False Negative

CSI (Critical Success Index, A& A 4)+= False Alarm¥ Missed Event 25 HIgst= o4
X &2 EgE AFEA ANE ) =9 F8 AFEE AELET. 0~ 1 HAE 7
S5 oA ©EA &0 Ere= AL v|dtHEq. [2.12).

f
%,
2
g

o]

P

(TP+ FP+ FN) [2.12]

TP True Positive, FP. False Positive, FV. False Negative

7o Aol ol ZAAEo] ofd HEEZF oFoA 9
Brier Score(BS)} Brier Skill Score(BSS)S &-&3t3th o] &< o2 st
7Fe7] 918 A ZZA, BSSE 7% H e 7IFE 29 gib As S AFgen
A Qa3 9ge st o]#d BS ¥ BSS /ide -3t <

ot of

= Z(violin plot)®} =x}o] A
ECMWF ti®] A% /Aol AZFA-AZA ks F3439

>

(difference map)&

Sk o% rlo off n
. Y

o

o

=)

ok

2

1A, S 5 A BS5F AolE Aw FTT @S ALskes BS Aldto]l Hasit
(Eq. [2.13). 29d], tF 22 2o &2 BSt Eq. [2.14]3 o] AltdEn. oA ALt
B BF9 BSS oS BSY HIE 194 wjA BSSE Al4tst A tHWilks, D. S., 2011). BSS7F <=
ol B o So] FFEHAT= omoth(Eq. [2.15).

BS = iZ(fi—oz.f [2.13]
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AZIA N ALl F i, 2 4 AHEE dEils A9, e A Al gk A=
gEolH, o= MA Atglol tid ASHCAA B Al L wEA A0S o g

A7 N2 Aol F A, K= 23208 F A, & 4 AHE dEide dE 2,

kE S22 Add 2, f= MR Aol g o] fAA F 2o 93 o= FEolH, ox
= MAA Aol gk kA S22 ASHpoE A= FY2d A 1, UHA FH2E 09
one-hot FEel & <Jv|sto}.
BSS = B (2.15]
N BS,,; '

2 A A EE JAEAT R E8A/Z_AEALE 7IE A5 7ls il 4 A o
Foll A ARG, HFHor AY 4F FE oAT|F A58 dY B2 EAEA Fo
b=z, @A AR dSel Ao M 5 dse Eols ECMWE & d5e + o9 2
BEAFERA o)A dFoz Has) &8st ECMWE A As& H7bstal ol 712
Ao o]lF s7lsle BEFo R AT 2d 948 2d3 HA setupe =LAk kit

25. FotAo} o471 AMER AR FH B4

2.5.1. GitHub ¥ Git Repository 47§

JAFA T 48 2 /MEAAoA Aozl Fotalol o7& 4 A5E AAststa &
fal7] Y98 AALE AASE d GitHube} git 3ttt

GitHub= A2 Ego] 7pdxtel AFaEe] &2 AEE 2RldA A%, #dEstar dY

9 FOo =2, Gite] E4F W #e] Al2"lS Z|Hte g A3t GitHube
g 2= 7]¥k 71, Pull RequestE 53 F2A = A
A3k, Microsoft 4Fs} Mu|AZ A AA 24 g TZAEQ
st} A &9 A A2(public repository)E F7u HT 7HsstH, ZgolHl A A
(private repository)= & WH @l Agtsio.

w1y
R Oﬁ [ﬂ O
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A& 2 GitHub Al A4 & Al A& A&(repository)E WHE3L, A A git init, git
add, git commit 52 WHWHEE 7|E3 FH git pushZ YRES= ZEo|th Y Al BHA
(branch) & A3 715 7B %, pull request o= 2jfFatar Wl Balx]o] WHgdth A+
At dlol8 47k Jupyter =EH, 2AHE, HolHE Tl APAES =9 F doH,
GitHub $1#o]X]2 READMEY ZA3E AHZA JAC|ERZ T 2H V13t E A= GitHub&
g3 “EastAsiaClimateExtremes” A&A4AZE T &, foly, 2x4= &3}

252 S99 E 53 UEHF A5 92 ¥ colab AF

“EastAsiaClimateExtremes” A& 2(GitHub)= o] 4713 A#E 2] EAZ BA3 AZ3E ¢
gk 71d A5 EY ZEES FH5H7] Y8 FEEHAT. ERASY ECMWE A4 2zl e
&% YA AFE GitHube LSF(Large File Storage) A3z A JErs] 8317 o]

7] W&o, g A5 E2 Dropbox Seh-F-Eo A= o] Aot A&} GitHub HZA EE] W
o] Qhf EAE FHaste] wget HHoIE o] &3] a8 dlo]EE DropboxdlAl A3 ThEZ =

g A ol F S tloly &F Aek glo] AFAVE LT AEE EE&Y F IEF s
Atk =S A NSt ZE9 FAZA AR AR BEE& T Jupyter Notebooke] GitHubel
2gEo lon, o] AL&AV} EE whol Google Colab 7oA w2 4djo] 7153}t
Colab2 ZZ Ao M=z 97]x Ay 24 glo] AUl BetgA oA dojd I=5 4
y3AY GPUE 88 4 = 5 T 2E|=(hosted, -5 Aol A3 = +=) Jupyter Notebook
Aulzolt}, o] AFAY SHAo] EgA BAE AFIAY & AFE st Lol
A &&Ho

2.5.3. Repository A A

Al Gite] A A A(repository)= ZZAE G2 HEE o2& Fosjof s, FHAY
READMEmd o9& wijx|a) Z2AE 78, AX Wi, ARE-H(Usage), A1), 7hol =gkl
< vfat(markdown) FAog2 ATt wiate Ag VEE AR, 55, J3I F
< #F3PshH, GitHub7} ol & AH P 7548 52 A= FATH

B o] “EastAsiaClimateExtremes® A& A+ CODES(E4] A3 HE), DATAC]S dH
ElA), IMAGES(AZztsE 23 HIEEZ=E FAEH(Table 2.16), 2z dHdEgY 4
README.mdE 7o W& A%H A& dA& A& “EastAsiaClimateExtremes” ¢
$] README.mdol& Ax #x2= 9 A8 22t 55 X35t HolEZ A ED 41
< F7hs At
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Table 2.16
“EastAsiaClimateExtremes”.

Directory  Structure and Example Files in the repository

The table provides an overview of the main directories

used in the repository along with representative example files. It outlines folders for
code scripts, datasets, and visualization outputs.

Directory | Description Example files
Python/Jupyter Notebook ) o )
CODES ) ) TART _visualization1_output.ipynb
analysis scripts
DATA pickle/NetCDF datasets event.AHT.erab.1940-2024.EA1.5.pkl
OUTPUTS | NetCDF/Numpy datasets | AHT_extreme_stats_1991_2020_p90.nc
IMAGES Visualization results TP_extreme_maps_1991_2020_p90.png
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3. 21

31 FolAlol Ha 34F oL Wt oSe) oxf nHY =Y AW

311 b A¥ol BE ol4me BF W

3.1.1.1. ERA5%} ECMWF-5259] edl® X}o]

ERA5¢} ECMWF-S2S¢] 3% #H# TMAXoOl Z+z+ o] A (Binary) ¥ t% Z & 2~(Multi-class)
S A gsto] Hwg Ay, F AR 1 g A EoA FrEE §Ao] UERT WA,

o]7 lWlo] AS ERA59} ECMWE 7F UX 5= Aulmo g 2o yo|g oL} goumiols-=
FHeheA o R(FE Do #HHo] PE ° 2 yehgth 53] 20239 10€ 109
#o) A= ECMWFAlA Z7tH oz B27Y

o]E B THFigure 3.1 ¥ Figure 3.2).

l

ERA5 TMAX Label (Binary) on 2023-10-10

EnsO - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

Figure 3.1 ERA5 3-week mean of daily maximum temperature binary labels for
ensemble members on October 10, 2023.

ECMWF TMAX Label (Binary) on 2023-10-10

EnsO - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

Figure 3.2 Spatial distribution of 3-week ECMWF mean daily maximum temperature
binary labels across ensemble members.
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Hhe o Sl gl A, Fdl2 2(=90th)el siEst= vl&o] A Axe] oF 10%
Uz 23 AL u=9 A AHA FHE X590 H, Zd 2 1(75~90th) g9 gL W
323 thFigure 3.3 2 Figure 3.4). o]&3 EX EAL ECMWF o9 o] 93] ERAS
tiH] F3HA 2ol & O A 7lE Q%= ZT%‘S}OE‘D}. Ao R thF 2 s F
£ of S AAY HAG Aolrt dF ESHAAS Wol IUVHAIIE FERF AT EA
e FAE 5 AT

ERA5 TMAX Label (Multi-Class) on 2023-10-10
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Figure 3.3 Multi-Class ERA5 3-week mean of daily maximum temperature label
ensemble distribution on October 10, 2023.
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Figure 3.4 This figure shows the multi-class classification results of ECMWF

ensemble members for the 3-week mean daily maximum temperature on 10 October
2023.
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Figure 3.5 ERA5 4-week mean of daily maximum temperature binary labels for
ensemble members on October 10, 2023.
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Figure 3.6 Spatial distribution of 4-week ECMWF mean daily maximum temperature
binary labels across ensemble members.
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ERAS5 TMAX Label (Multi-Class) on 2023-10-10
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Figure 3.7 Multi-Class ERA5 4-week mean of daily maximum temperature label
ensemble distribution on October 10, 2023.
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Figure 3.8 Spatial distribution of ECMWF 4-week mean daily maximum temperature
multi-class labels on October 10, 2023.
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U-Net Probability Prediction (Binary) on 2023-10-10
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Figure 3.9 Ensemble U-Net binary probability prediction maps for October 10, 2023.
The figure illustrates 11 ensemble probability distributions predicted from a U-Net
model trained with a 3-week mean daily maximum-temperature label.
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Figure 3.10 Ensemble Attention U-Net binary probability prediction maps for October
10, 2023. The figure illustrates 11 ensemble probability distributions predicted from a

Attention U-Net model trained with a 3-week mean daily maximum-temperature
label.
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Figure 3.11 Ensemble U-Net binary probability prediction maps for October 10, 2023.
The figure illustrates 11 ensemble probability distributions predicted from a U-Net
model trained with a 4-week mean daily maximum-temperature label.
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Figure 3.12 Ensemble Attention U-Net binary probability prediction maps for October
10, 2023. The figure displays binary probability predictions generated by a Attention
U-Net model with a 4-week mean daily maximum-temperature for 11 ensemble
members on October 10, 2023.
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U-Net Probability Prediction (Multi-Class:2) on 2023-10-10
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Figure 3.13 Ensemble based U-Net multi-class probability prediction maps on October
10, 2023. These maps show ensemble probability distributions predicted using labels
based on the 3-week mean maximum temperature on October 10, 2023.
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Figure 3.14 Ensemble based Attention U-Net probability prediction maps on October
10, 2023. This figure presents probability maps generated by a multi-class U-Net
model with the 3-week mean maximum temperature for 11 ensemble members on
October 10, 2023.
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U-Net Probability Prediction (Multi-Class:2) on 2023-10-10
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Figure 3.15 Ensemble based U-Net multi-class probability prediction maps on October
10, 2023. These maps show ensemble probability distributions predicted using labels
based on the 4-week mean maximum temperature on October 10, 2023.
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Figure 3.16 This figure presents probability maps generated by a multi-class U-Net
model with the 4-week mean maximum temperature for 11 ensemble members on
October 10, 2023.
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Figure 3.17 The left panel shows the binary label of 3-week mean daily
maximum temperature derived from ERA5 for 10 October 2023. The right
panel presents the average of eleven binary labels from the ECMWF-52S
ensemble for the same 3-week mean temperature period.
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Figure 3.18 This figure shows the averaged probabilities from 11 ensemble
predictions produced by deep learning models trained on binary labels of
3-week mean maximum temperature. The left panel displays results from
the U-Net model, while the right panel shows corresponding outputs from
the Attention U-Net model for 10 October 2023.
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Figure 3.19 The maps show the mean probabilities obtained by averaging
11 predictions for the multi-class labels of 3-week mean maximum
temperature on 10 October 2023. The left panel corresponds to the U-Net
model, while the right panel shows the results from the Attention U-Net
model.
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Figure 3.20 The left panel shows the binary label of 4-week mean daily
maximum temperature derived from ERA5 for 10 October 2023. The right
panel presents the average of eleven binary labels from the ECMWF-S2S
ensemble for the same 4-week mean temperature period.
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Figure 3.21 This figure shows the averaged probabilities from 11 ensemble
predictions produced by deep learning models trained on binary labels of
4-week mean maximum temperature. The left panel displays results from
the U-Net model, while the right panel shows corresponding outputs from
the Attention U-Net model for 10 October 2023.
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Figure 3.22 The maps show the mean probabilities obtained by averaging
11 predictions for the multi-class labels of 4-week mean maximum
temperature on 10 October 2023. The left panel corresponds to the U-Net
model, while the right panel shows the results from the Attention U-Net
model.
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Figure 3.23 The figure compares brier skill scores (BSS) for binary 3-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models.
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Figure 3.24 The figure compares brier skill scores (BSS) for binary 4-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models.
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Figure 3.25 The figure compares the multi-class BSS derived from raw ECMWF-S2S
3-week mean maximum temperature with those from U-Net and Attention U-Net
models trained on multi-class labels. The middle (U-Net) and right (Attention U-Net)
panels show how the deep-learning models improve or modify regional skill relative
to the ECMWF-S2S predictions (eft).
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Figure 3.26 The figure compares the multi-class BSS derived from raw ECMWF-52S
4-week mean maximum temperature with those from U-Net and Attention U-Net
models trained on multi-class labels. The middle (U-Net) and right (Attention U-Net)
panels show how the deep-learning models improve or modify regional skill relative
to the ECMWF-S2S predictions (eft).
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Figure 3.27 The left panel shows violin plots comparing the spatial BSS
distributions of ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary
and multi-class labels) for 3-week mean maximum temperature. The right panel
displays the BSS differences obtained by subtracting the ECMWF-S2S based BSS
from each model’ s BSS at every grid point.
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Figure 3.28 The left panel shows violin plots comparing the spatial BSS
distributions of ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary
and multi-class labels) for 4-week mean maximum temperature. The right panel
displays the BSS differences obtained by subtracting the ECMWF-S2S based BSS
from each model’ s BSS at every grid point.
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Figure 3.29 Comparison of BSS differences between 3-Week
and 4-Week.
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Table 3.1 This table contrasts U-Net with Attention U-Net across key dimensions
such as probability strength, spatial patterns, BSS, extreme-region behavior, and
overfitting tendencies. It highlights the clear performance gains and improved
stability achieved by incorporating attention mechanisms.

Comparison Item U-Net Attention U-Net
Probability strength Strong Moderate
. Smooth with higher
Spatial pattern Rough and blocky
structural coherence
High, with clear
BSS Low ,
improvement over ECMWF
Extreme region focus Unstable Clear
Risk of over-fitting High Low
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Table 3.2 This table contrasts binary and multi-class modeling approaches in terms
of learning stability, sensitivity to class imbalance, probability prediction behavior,
BSS outcomes, and extreme-heat detection. It shows that binary models genersally
exhibit higher stability and accuracy, especially for extreme events, while multi-class
models suffer from greater noise and imbalance effects.

Comparison Item Binary Multi-Class
Learning stability Very high Low
Effect of class imbalance Mitigated Severe
Probability prediction structure Linear, stable Increased noise
. Little to no
BSS level Can be improved )
Improvement
Extreme heat detection Excellent Inaccurate
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Figure 3.30. Timeseries of rainfall amount at a 3-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount
from ERA5 reanalysis data are shown in black solid line. The 90" percentile threshold are in
black dashed line. Extreme cases that exceed the 90™ percentile threshold are shaded.
Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false
alarms in purple circle.
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Figure 3.31. Scatter plot of rainfall amount at a
3-week lead predicted by the final model for Seoul
grid point compared to actual amount.

Table 3.3. Performance metrics for rainfall amount prediction at
a 3-week lead.

R2 RMSE TCC
0.266 32.338 0.483

Table 3.4. Performance metrics for classification of extreme
rainfall weeks at a 3-week lead.

CSI POD Accuracy
0.286 0.375 0.842
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Figure 3.32. Timeseries of rainfall amount at a 4-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount
from ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in
black dashed line. Extreme cases that exceed the 90th percentile threshold are shaded.
Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false
alarms in purple circle.
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Figure 3.33. Scatter plot of rainfall amount at a
4-week lead predicted by the final model for Seoul
grid point compared to actual amount.

Table 3.5. Performance metrics for rainfall amount prediction at
a 4-week lead.

R2
0.193

TCC
0.434

RMSE
34.839

Table 3.6. Performance metrics for classification of extreme
rainfall weeks at a 4-week lead.

CSI POD
0.294 0.357

Accuracy
0.872
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Figure 3.34. Timeseries of rainfall amount predicted by the final model for a grid point near
Daejeon on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.
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Figure 3.35. Timeseries of rainfall amount predicted by the final model for a grid point near
Busan on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.
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Figure 3.36. Timeseries of rainfall amount predicted by the final model for a grid point near
Gwangju on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.
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Figure 3.37. Timeseries of rainfall amount predicted by the final model for a grid point near
Pyungchang on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.

Table 3.7. Performance metrics for rainfall amount prediction for different grid points.

R2 RMSE TCC

Daejeon 0.262 37.159 0.462
Busan 0.081 43.766 0.250
Gwangju 0.352 34.531 0.551
Pyungchang 0.227 37.894 0.397
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Table 3.8. Performance metrics for classification of extreme rainfall weeks for different
grid points.

CSI POD Accuracy
Daejeon 0.364 0.4 0.853
Busan 0.130 0.167 0.789
Gwangju 0.222 0.235 0.853
Pyungchang 0.28 0.318 0.811
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Figure 3.38. Comparison between single-task learning-based results (green solid line) and
multi-task learning-based results (red solid line). Weekly accumulated rainfall amount from
ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded.
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Figure 3.39. Model performance of critical success index (CSI) values for each bar on the left
column and temporal anomaly correlation coefficients (TCC) values for each bar on the right
column for each combination of variable set (refer to Table X.X for list of variable sets).

Best combination in pink circle is composed of ISO, low frequency,

components.
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Table 3.9. List of input variable sets.

Experiment set

Variable combination

Set0
Setl
Set2
Set3
Set4
Set5
Set6
Set7
Set8
Set9
Set10

All Variables
Masks, 1SO
Masks, 1SO,Synoptic
Masks, SO, Low Freq.
Masks, ISO, Synoptic, Low Freq.
Masks, Synoptic
Masks, Synoptic, Low Freq.
Masks, ISO, Clim.
Masks, ISO, Synoptic, Clim.
Masks, ISO, Low Freq., Clim.
Masks, Synoptic, Low Freq., Clim.
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Figure 3.40. Summary of experiments of combinations of variable set with critical success
index (CSD values for each bar on the left column and temporal anomaly correlation
coefficients (TCC) values for each bar on the right column. Best combination in pink box is
composed of ISO, low frequency, and climatology components.
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Figure 3.41. Comparison between ResNet-18 (green solid line) and ResNet-18+LSTM (red solid
line). Weekly accumulated rainfall amount from ERA5 reanalysis data are shown in black solid
line. The 90th percentile threshold are in black dashed line. Extreme cases that exceed the
90th threshold are shaded.
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Figure 3.42. Bar plots of ECMWF (1.5° ) forecast model performance
for total precipitation compared to ERA5 reanalysis data for week 3
(radish colored bars) and 4 (blueish colored bars) for different grid
points for all seasons and individual season.
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Figure 3.43. Timeseries of weekly accumulated rainfall amount at grid
point 1 for week 3 and 4 in the top two panels and the corresponding
ECMWF forecast results. The 90" percentile thresholds are shown in black
dashed line for ERA5 and ECMWF hindcast data. Hit cases that overlap
each other are shown in red circle in both ERA5 and ECMWF panels.
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Figure 3.44. Timeseries of weekly accumulated rainfall amount at grid
point 2 for week 3 and 4 in the top two panels and the corresponding
ECMWEF forecast results. The 90th percentile thresholds are shown in
black dashed line for ERA5 and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERA5 and ECMWF
panels.
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Figure 3.45. Timeseries of weekly accumulated rainfall amount at grid
point 3 for week 3 and 4 in the top two panels and the corresponding
ECMWEF forecast results. The 90th percentile thresholds are shown in
black dashed line for ERA5 and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERA5 and ECMWF

panels.
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Figure 3.46. ECMWF forecast model performance for extreme precipitation for week 3 and 4
with performance metrices including accuracy, precision, recall, F1-score, and CSI.
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Figure 3.47. A case study with results for the Seoul grid point.
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Figure 3.48 Boxplots showing the distribution of (left) ACC and (right) CSI
across three groups with different input domain size/resolution (G5: global
bdeg, Lb: large 5deg, S2.5: small 2.5deg) on the x-axis, with colors indicating
the scale of loss function weighting (0,2,4, and 6) for the 104 test samples
across 2023-2024. The central line (white circle) in each box denotes the
median (mean), box edges indicate the first and third quartiles, whiskers
extend to 1.5 times the interquartile range, and points beyond the whiskers
represent outliers.
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Figure 3.49 Similar as in Figure 3.48 but for two groups with different
train/validation sample fraction (3:1 vs 2:1) for x-axis. Blue horizontal lines
indicate the overall mean across all samples, independent of the loss function
weight scale.
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Figure 3.50 Boxplots showing the distribution of (a) ACC and (b) CSI across
three models (Base UNet, Attention UNet, and Swin-Transformer UNet) along
the x-axis. Colors indicate the temporal sequence of input data (white boxes
for one-week inputs and navy boxes for three-week inputs). The green
horizontal line represents the ECMWF marine heatwave forecast skill at a
3-week lead time.
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Figure 3.51 Boxplots showing the distribution of (a, ¢) ACC and
(b, d CSI across six input-variable combinations (all, woF, woO,
woS, woW, and woU; see Table X.X). The red horizontal line
indicates the mean skill of models trained with all input variables.
Reddish and blue arrows indicate relative performance of models
trained with each reduced input set (without Flux, Ocean, Static,
Wave, or upper-atmosphere variables); upward arrows mark lower
skill and downward arrows higher skill relative to the all-input
baseline, highlighting the positive or negative contribution of each
component to model performance.
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Figure 3.52 Similar to Figure 3.51, but focusing only on the CSI
results for (a) UNet and (b) swinUNet across five different
input-variable = combinations. Opaque and transparent red
horizontal lines represent the mean and median skill of models
trained with the minimum (baseline) input variables. Opaque and
transparent arrows indicate the mean and median skill
improvements relative to this baseline.
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Figure 3.53 Boxplots showing the distribution of ACC (upper
panels) and CSI (lower panels) across four additional-input
conditions (None, Both, Climate Modes only, River Discharge
only; see Table X.X). Panels (a, ¢) show UNet models, while (b,
d) show swinUNet models (latter tested only with/without River
Discharge). The green horizontal line denotes ECMWF marine
heatwave forecast skill at a 3-week lead time (the same as in
Fig. 3.50b).
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by Model by Input Domain by Val. Fraction
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Figure 3.54 (a) Scatter plots of ACC versus CSI for all trained models, organized by model architecture, input domain size/resolution, validation
sample proportion, loss scale, multi-modal inputs, and temporal input sequence (from left to right). (b) The fraction of good models, defined
as those falling within the top-right gray box, relative to all ensembles in each category mentioned in (a).
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Figure 3.55 Weekly evaluation of ECMWF 3-week lead marine heatwave predictions across
2023. The top-left three panels present the temporal ACC (left), RMSE (center), and CSI
(right) at each grid point. The bottom-left line plots show the spatial ACC (black) and CSI
(magenta) over EAMS for each week. The top-right line plots illustrate the temporal variation
of the weekly Impact Factor (weekly extremeness) for the grid point nearest to Dok-do
(37.5° N, 130.5° E), based on observations (OISST, yellow) and ECMWF forecasts (gray for
individual ensemble members and thick black for their ensemble mean). The bottom-right two
panels depict the spatial distribution of the Impact Factor for the marine heatwave event
during the week beginning 30 July 2023, comparing observations (OISST, left) with the
ECMWF ensemble mean forecast (right).

_86_



Temporal ACC

Impact Factor, (37.5degN, 130.5degE )

—k OIssT
SWINUNET

avg=0.33

e \{ Temporal ACC=0.27
CSI=047

0101 0128 0226 0026 0423 (621 0818 O718 0313 0910 1008 105 1203

20230730, QISST 20230730, SWINUNET
q

avg=157

e ACC avg = 0.33
CSl avg = 0.36

001 29 W% w6 0423 ®21 0619 e, @1 010 1008 105 1200

o8

b.

Temporal ACC

— OIssT
= SWINUNET

avg=0.3

0 Temporal ANC=-0.0
CS1=0.36

0101 0120 0226 0026 0423 0621 0618 0716 013 0910 1008 1105 1200

Spatial ACC and CSI 20230730, OISST 20230730, SWINUNET

avg=157

02

04 ACC avg = 0.29
CSl avg = 0.42
oo 0z Q226 w26 0423 w21 0618 76 w13 @0 1008 105 1203

08

Figure 3.56 Performance of the two best Al models: weekly evaluation of 3-week lead marine
heatwave predictions throughout 2023. (a) shows a swinUNet model with the
3Wseq/S2.5/wFOS/RD_added/2:1 train/validation ratio setup, while (b) presents a model with
the same configuration but using a 3:1 train/validation ratio. Details are the same as in
Figure 3.55.
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avg=157

Figure 3.57 Same as in Figure 3.56, but for Al model ensemble forecasts. Ensemble members
in (a) are swinUNet models with the S2.5/2:1 ratio/weight scale=2/RD_added setup, while

ensemble members in (b) are
scale=2/RD_added setup.

swinUNet models
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34. FolAlo} o] A1% 2k AT 2 FH A2 T3
3.4.1. o)A &7

“EastAsiaClimateExtremes” &= &otAlol X H9] 7|$ S3 A HARE THHCE AF
st7] {8 =% doly ¥ FZ= 7wkl GitHub & Fo]th(Figures 3.58-63). ©] ] #H o] X|=
ERA5, OISST, ECMWF-hindcast & st AE4A 2 7|3 H3lndol o= R5s& &8s
S oldae, 9, dFd T o) F @AY AV AAEH TA FAERE AAZHO=
Aelgth. #lo]®] Fx& READMEmMdE FTAoZ FAHM, dolg dwz A Alztsl oA

-

d
e wgstel 42 AU Wl 2m, st E HAE BASFozN ABLL =
Stk AL B8 Bo FRE we AF w9l AAD, FE QAR o1 71F ol
E 5 Hed ARE 4 UERe 5 Aok =9 A2 d8 Yee) 24 9 A7 me
g 53 /1% Fee] AFHH WBHL AVHAOT FANY & YriTable 310, FF BT
A5 F% FUE dol A%AA YUIEES Fol GUH AT Popre HW S8 A
sl BQFolth

v ) weledee/EasthsiaClimatebxtre X+ E
<« c 25 github.com/yyalexlee/EastAsiaClimateExtremes/tree/main * &3 T ) &, m
Y
O yyalexlee / EastAsiaClimateExtremes & Q. Type (/] to search &8 - +~ O N H &
<> Code (O lIssues 1 Pullrequests () Actions [ Projects @ Security |~ Insights 3 Settings
EastAsiaClimateExtremes Private OWarch 1 - ¢ Fok 0~ | %% Str 0~
P main ~ P 1Branch © 0Tags Q Gotofile t |+ About
EastAsiaClimateExtreme serves as a
kimmiae710 Remove deleted file 5153204 - 2 minutes ago  ¥1) 341 Commits certralizad repository for documeming
and disseminating comprehensive event
CODES Update ReadMe.md 44 minutes ago profiles and period-specific metrics of
DATA Update ReadMe.md 3 days o historical climate extremes throughout
the East Asia region
IMAGES Remove deleted file 2 minutes ago
] Readme
QOUTPUTS add nc files 14 minutes ago A~ Activity
i . ‘ .- = Yr Ostars
[ gitattributes Add large rainfall data file with Git LFS 4 months ago
® 1watching
[ README.md Update README.md 1 hour ago % 0forks
1] README 7 = Releases
No releases published
Create a new release
EastAsiaClimateExtremes
Packages
Initiative for Developing an East Asia Climate Extremes Dataset!
No packages published b 4

Figure 3.58. EastAsiaClimateExtremes GitHub main page screen shot 1.
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v O yyalexlee/EastAsiaClimatebxtre X +

<« > G 25 github.com/yyalexlee/EastAsiaClimateExtremes/tree/main * @I T ) ¥ @

Releases a

11 README 4
= No releases published
Create a new release

EastAsiaClimateExtremes

Packages

Initiative for Developing an East Asia Climate Extremes Dataset! ;
No packages published

5 i = 3 : = 5 i = Publish your first package
This repository provides historical data on climate extremes across the East Asia(EA) region, basically i
archiving the events of regular grid-based climate extremes, and weekly/monthly extremeness

metrics can be utilized as labels for Al-based(or -assisted) models to predict anomalous climate events Contributors 3

in East Asia. These efforts are part of the climate extreme prediction project led by the ART/APCC team

(Al-based prediction Research and Technology at the APEC Climate Center). Currently, the repository yyalexlee
focuses on extreme phenomena such as anomalously high temperatures(AHT), heavy rainfall(HR), and kimmiae710
marine heatwaves(MHW), with the potential for further expansion. Additionally, it offers codes for
analyzing and visualizing key statistics and characteristics of atmospheric and oceanic extremes. We . uranchung Uran
hope this serves as a meaningful and practical starting point for researchers diving into studies on the
dynamics and prediction of extreme phenomena.

Languages

® Jupyter Notebook 98.6% ® Python 1.4%

AHT “-m FAELEL LT LY Suggested workflows
Long-Term Trend Based on your tech stack
AHTS0_D3G5 HR90_D1G3 MHWS0_DSG2 .
fj SLSA Generic Configure
generator

Generate SLSA3 provenance for your
existing release workflows

%*@% o

Figure 3.59. EastAsiaClimateExtremes GitHub main page screen shot 2.

2

I

2
p—

A Dianan F

Code File Description Location

Code for calculating and
8.display_EAextremes_event statistics.py displaying long-term mean EastAsiaClimateExtremes/CODES/
and trend of event statistics

Code for timeseries and

TART visualizationl output.ipynb EastAsiaClimateExtremes/CODES/

heatmap visualization

Code for 2-D map

visualization of long-term

TART visualization2 output.ipynb EastAsiaClimateExtremes/CODES/

statistics of weekly climate
extremes

Table 3.10. Example codes for data processing and visualization (file name, description and
location)

3.4.2. o|A7]& Wl ET 9 AZ3 2 H

“EastAsiaClimateExtremes” & =37]1% JAWEZE FF317] {8l ZF o]
WY ENFE 3= ES Ad(evenh o2 Holdtal o]l & A9 I AME=RE HHF3}stH T
HI7|&(T2m)e] A9 7+ A= s (day of year) 90 £ 7|&3+S WA A Hd 7%
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SIEXE AHJHoR AT 4 9t} o]gd o] 71F T AX+= NetCDF/Numpy 3}
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X A e e,
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Figure 3.60. Timeseries of daily 2m air temperature at 36.0° N, 127.5° E in 2024, showing
the original data (black), climatological mean (green), 90" percentile threshold (red), and
anomalous hot days exceeding threshold line (red shaded) and extreme days identified as
event periods (blue shaded).
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MHW event90_D5G2

Frequency Total Days Mean Intencity

Long-Term Mean

140 . 8 224 245 266

[times/yr]

Long-Term Trend

-1.35 -0.80 045 000 0.45 oso 1.35

[times/yr/decade] [days/yr/decade] [degC/decade]

-1.35 090 045 000 045 0.0 135 -0.139 -0.090 -0.045 Q000 0045 0030 0135

Figure 3.61 Spatial distribution of long-term mean and trend of marine heatwave event
statistics: (left) frequency, (middle) total days, (right) mean intensity derived from daily SST
timeseries over East Asia Marginal Sea.
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Frequency [times/yr]

Mean Intensity [degC/yr] Max Intensity [degC/yr]

= 1

Figure 3.62 Spatial distribution of extreme weeks: annual mean statistics of anomalously hot
weeks derived from weekly T2m timeseries over East Asia: (Left) frequency (times per year),
(middle) mean intensity (° C per year), and (right) maximum intensity (° C per year).

ECMWF-S2S¢] Hindcast A%, A= 1(53+ T2M, SST, PREC 93)3 A= 2(90th
percentile BAZHE AT AEEFE FopAof AXfolA 0HAEFY =3 FA(Y, HIE: =
HAI4, A5 23 JxHE ALk, 98 E9 T2M_clim90th(doy, lat, lon)= doy(1-365) 7]
= percentiles AlF3 o] Fa(d, TX90p) BAE A Hgh AlZsl A5 & matplotlib 7]\t
A2 EF20=2, WA 20167 WA 20247t d&F A5 Aol& HE 2 A= Ho= Y 4 4
gk 4= thFigure 3.63). NetCDF 3} (148MB t2m ¥ 5)2 xarray2Z Z =3l Cartopy &
o2 FolAlol EHRls AEH3H colormap HAsE 3 HHE AFHoE HoFT
Wl E g

A E

¢

o of El

mes/yr]

7
i
o
o

22 24 26 28 30 32 34 22 24 26 28 30, 32 34
Frequency [times/yr] Frequency [times/yr]

Figure 3.63 Spatial distribution of 90th-Percentile extreme
temperature frequency based on ECMWF-S2S Versions
2016 and 2024.
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Outputs Visualization =~ Data Format

Daily based extreme events, Yearly event counts ~ Timeseries NetCDF
Monthly Event Counts+Trend(+/-) Heatmaps NetCDF
Long-term Mean/Trend of Event Statistics 2D maps Numpy
Count of Extreme Weeks, Mean/Max Intensity 2D maps NetCDF

Table 3.11 List of output statistics generated and stored by the
example codes.

3.4.3. &&H 27

“EastAsiaClimateExtremes” 7} A &st= A5 Z=e= 7]|1& H3E A
19, d& 28 AS 5 T4 EofolA 82 & = %
Te Z99 AIFAHES BYst S A 24 H 2
o, Z|3HEFA dAFY =4 2 FY Eokd glx2a HrdE FHEE 4 At gE
=2

S2S(subseasonal to seasonal) 4= Al2Hl = 7|Ag<G 7R 4=

_4

dEZAEL o A" I3 AWELE 7|FEA R (reference)Z Aol dZ9] HI=o} IdRAS
B Aok AlgE A4 dAE EEstd gt A0 AR ¢ e w29 3z

ﬂil

_l

a3
s g4 e 4 Jon, ¥F5 B HH me I3 7EE AEA AYsStAY gE e
ety 12]38F Aol A EastAsiaClimateExtremess Zo}A]o} Z3l7]& A

N
N
3
i
J
oX
bt
N
o |
PL
d
o

- %‘%@0174} &L F Ae B FHFOE 7Y F dS Aotk o] HE
AEYE Zg5HH WA DATA tygd ko] READMEOA AFsts B3 =& wget 43S
AW Eg, ERAS - OISST 7wk ¢ 2 98 o9l do]y, 18]a1 ECMWF

dE 9= A5E %S A dolE= Picklez} NetCDF @202
A 7= o] Qlo] Python &4 A SA &8 4 om, 53] xarray 7|We] Al A 315
o] At E}%i‘:ﬂ A8 E J AY e AAAAY S T NEE
At AY, A 52 AEE ZEe A&HAZ9 HIE 46k, po © pds AARE thHl HAF
71Hke] extremeness A= 44 2EE £ o A ]
gz, A %(heatmap), 12l 7] SAY X #EIF A= A HH(Figures 3.64-6
5), o] HAA =3 o|HE = A= A AAdHTable 3.1D.
oy g 7T Tded BAE AME &3, 48 2 48 &
$] extremeness A+ A =8} A, 9= 249 Prp Axy #Hx=b
2R A= 48 4 ok
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EastAsiaClimateExtremes / CODES / TART visualization1_output.ipynb &

eSb2a’

kimmiae710 Fix code 7.3wesksago  YL) History

Preview  Code  Blame Raw (0 & 2 =

- Timeseries and Heatmap Visualization for
Extreme Events

Updated 23-Mov-2025
Team ART{Al-based prediction Research and Technology)/APCC{APEC Climate Center)

Contact Mize Kim (miaskim@apcc21.org)

In this notebook, you will display timeseries of extreme phenomena such as anomalously high
temperatures(AHT), heavy rainfall(HR), and marine heatwaves(MHW) for a specific grid peoint in East

Azia

. Requirements

"“You can mount fcontent/drive/ to your Google Drive, where you will download data from the
GitHub page(htips://github.com/\yalexiee/EastAsiaClimateExtrames/free/main).”

In T 1+ from google.colab import drive
drive.mount( Jocontent/drive’)

Orive already mounted at Acomtent/drive: to attempt to forcibly remount, call drive.mount(”/content/driv
g", force_remount=Trug).

Download data

Create FIRST directories if needed with the following line OR by yourself
In LY gimedic —p foontent/drive/ Mol ive /ARG Datas

Figure 3.64. Screen shot of visualization code 1: Timeseries and Heatmap Visualization for
Extreme Events.
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EastAsiaClimateExtremes / CODES / TART visualizationZ_output.ipynb 2

kimmiae710 Fix code 21153824 - 2 days ago tl) History

Preview  Code  Blame Raw [ & 2 -

~ ! Weekly Extreme Analysis: Frequency,
Mean, and Max Intensity

Updated 03-Dec-2023
Team ART(Al-based prediction Research and Technologyl/APCCIAPEC Climate Center)

Contact Mize Kim (miaskim@apcc21.org)

in this notebook, you will analyze weekly averaged or accumulated climate extremes from ERAS
over East Asia. You will calculate climatclogical weekly extreme statistics (frequency, mean intensity,

max intensity) and visualize them spatially.

MNOTE: The codes for calculating extreme statistics were written to handle the limited RAM
constraints of Google Colab through use of Dask chunking.

. Requirements

"You can mount Jcontent/drive/ to your Google Drive, where you will download data from the

GitHub pagehittps.//github.com/yyalexlee/EastAsiaClimateExtremes/tree/main). "

In [ I: from google.colab import drive
drive.mount( fcontentAdrive’)

Orive already mounted at focontent/drive; to attempt to forcibly remount, call drive.mounti”/content/driv
e", torce_remount=True).

Set paths

CHAMGE the foliowing paths if needed!

Figure 3.65. Screen shot of visualization code 2: Weekly Extreme Analysis: Frequency, Mean,
and Max Intensity.
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