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Statistical Downscaling of EAWM
into a Korean Local Basin Climate
using a Weather Generator

Moosup Kim
APEC Climate Center, Busan, Korea




Overview

1. Background
2. Weather Generator Model
3. The Result of EAWM Downscaling

4. Summary



Background

 Climate Prediction

— Precipitation and Temperature,
* Prediction skill is not good in mid-latitude regions.

— Large-scale Circulation: EAWM, EASM, ENSO.

* Relatively good skill,
e connected with other predictable circulations.



Background

* Climate Application: Agriculture and Water
Resource

— Climate Impact Study,
— Climate prediction with high-resolution,

— TMAX, TMIN, daily precipitation, solar radiation,
relative humidity.



Background

 Weather Generator (WG) Model

— Weather simulation linked with large-scale
circulations.

— It produces daily scenario data of the required

variables, which are used for evaluating climate
Impact.



Weather Generator Model

e Case study
— Basin: the Nakdong River basin in Korea
— Season: Boreal Winter
— Large-scale Circulation : EAWM

Climatology of SLPand UV200 in East Asia

£
APEC CLIMATE CENTER Iu
:




Weather Generator Model

e Approach

— Constructing WG model describing the response of
basin climate to EAWM.

— There are many existing EAWM indices.

* They are related to basin climate,

* Among them, one is selected based on their prediction
skills.



Weather Generator Model

e EAWM indices

index reference index reference
ChanLiO4 Chan and Li (2004) Shig6 Shi (1996)
Gong01 Gong et al. (2001) WangChen14 Wang and Chen (2014)
Guo94 Guo (1994) Wang09 Wang et al. (2009)
Kim17 Kim et al. (2017) WuWang02 Wu and Wang (2002)
LiYang10 Li and Yang (2010) Xulie5 Xu and Ji (1965)

APEC CLIMATE CENT




Weather Generator Model

e Relevance to the basin climate

index temperature precipitation index temperature precipitation
ChanlLiO4 -0.57(**) -0.46(*) Shio6 -0.57(**) -0.54(**)
Gong01 -0.61(**) -0.41(*) WangChen14 -0.73(**) -0.51(**)

Guo94 -0.57(**) -0.43(*) Wang09 -0.57(**) -0.24

Kim17 +0.69(**) +0.34 WuWang02 -0.61(**) -0.40(*)
LiYang10 -0.69(**) -0.49(*) Xuli65 -0.31 -0.64(**)




Weather Generator Model

e Approach (continue)

— Connecting the EAWM index with some
components of WG model
» Categorization of index: BN/NN/AN,
* Components are adjusted/simulated by the category,
* Which components are affected by EAWM?




Weather Generator Model

e WG model

— Precipitation model
* Fully parametric.

 EAWM effect on precipitation is simulated by adjusting
the parameter values according to its strength.

— Temperature (TMAX/TMIN) model

* Multi-site bivariate time series model with precipitation
effect



Weather Generator Model

 Temperature model

10

TMIN DJF in 2008-2009

T(s,t) = E{T(s,8)} + A(s,t) + A(s,t) + o(s,t)e(s, t)
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Temperature daily variation is
decomposed into

* Annual cyclic mean trend, (---);
* Slow oscillation A(s, t), (—);

* Precipitation effect A(s, t), (—);
* Anomaly.
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TMIN (degree C)

Weather Generator Model

* Oscillation A(s, t)

TMAX for EAWM in BN TMAX for EAWM in NN TMAX for EAWM in AN

2008/2009
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Weather Generator Model

 The downscaling scheme for temperature

— To simulate the oscillation A(s, t) according to the
EAWM strength!



Weather Generator Model

 Simulation of oscillation A(s, t)

— A*(s, t) retains mean and covariance structure of
A(s,t),...,A,(s,t).

n

Yi(s, 1) = Ay (s, £) — % S Ax(s 1),

1=1

Z 7Y 8 t i~ N(O, 1/”): A (s, t), ..., A, (s, t) are

historical oscillations in a
category of EAWM

A*(s,t) =Y *(s,t) + = ZAk (s, ). strength.




Weather Generator Model

 Probabilistic Prediction

— Multinomial logistic regression

PBN

log—— = apn + Oy X
PAN
PNN

log—— = ann + OnnX
PAN

PBN + PNN + pan = 1



Weather Generator Model

 Simulation scheme

EAWM

A4

A(s, t)
Generation

Precipitation
Scenario

Generation

A(s,t), 0(s,t)

Weather

Calculation

TMAX/TMIN
Scenario

A2

Scenario

\/_




EAWM Downscaling

e EAWM indices

index reference index reference
ChanLiO4 Chan and Li (2004) Shig6 Shi (1996)
Gong01 Gong et al. (2001) WangChen14 Wang and Chen (2014)
Guo94 Guo (1994) Wang09 Wang et al. (2009)
Kim17 Kim et al. (2017) WuWang02 Wu and Wang (2002)
LiYang10 Li and Yang (2010) Xulie5 Xu and Ji (1965)

APEC CLIMATE CENT




EAWM Downscaling

* Prediction skill: LiYang10 is the best.

Correlation
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EAWM Downscaling

e WG model Verification

— Are climate characteristics well reproduced?
 Daily distributions of precipitation, TMAX, TMIN;
* Spatial correlation;
* Temporal autocorrelation;
e Cross correlation;
» Seasonal average of TMAX/TMIN, total precipitation.



Table: KS-test result: the number of the sites that reveal significant
difference at 5% level.

Category Month Precipitation TMAX TMIN
12 1/14 0/14 0/14

BN 1 1/14 0/14 0/14

2 4/14 0/14 0/14

12 2/14 0/14 0/14

NN 1 0/14 0/14 0/14

2 2/14 0/14 0/14

12 1/14 1/14 0/14

AN 1 4/14 0/14 0/14

2 0/14 1/14 0/14

Note: there are 14 stations in the basin.
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Figure: spatial correlation comparison of TMAX (left) and TMIN (right). X-axis:
simulation, Y-axis: observation. We have 91 pairs of stations: 91 points on each plot.
As the points are close to the dashed line, spatial correlation is well reproduced.
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Summary

 Weather Generator Model
— Categorization of monsoon strength,

— Adjusting/simulating the components of the
model according to the predicted category,

— Multinomial logistic regression.
* Prediction skill evaluation
— LiYangl10
* Verification
— Characteristics are reproduced well.



THANK YOU!

Welcome any Comments and Questions.




Weather Generator Model

* ASOS Data
— 14 stations, 1988-2013, Daily data

* NCEP Reanalysis Data
— 1979-2013, Monthly data

e APCC Seasonal Hindcast Data
— 1983-2013, Monthly data
— Lead time: 1-6 months

— up to 3-month lead for EAWM prediction



Weather Generator Model

* Precipitation model
— Wet/dry-spell alternation scheme

o R
Dry-spell Wet-spell . Dry-spell i Wet-spell
\ : I ' \ = \

( ' ' I L Time

Mean of Dry-spell length (day)

— Dry-spell model

@7 — BN
* Negative binomial ol w
* Parameters: mean and shape. ;e
* The mean is affected by EAWM 0 e




Weather Generator Model

* Wet-spell model @R, >0
— Markov model, O R >0
—
— Gamma distribution, 18}
OR; =0

— Gaussian copula model.
R;~ Gamma(a;,u;), i=1,2.

(&

O, D(Z3) < pj;

| H; (P(Z5) = pj)/ (1= pj), D(Z])> pj,

R(Sj) =




Weather Generator Model

* Wet-spell model

— Parameters:

* Transition probabilities, mean of rainfall amount,
Covariance matrix of Gaussian copula, etc.

— They are assumed to be affected by EAWM.

PRCP intensity (mm/day)

BN
NN
AN
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Data

Ensemble  Hindcast
Country Institute Model AGCM/resolution OGCM/resolution Reference
Member Period
Australia BOM POAMA2.4 BAMv3.0d/T47L17 ACOMZ2/0.5-1.5°at x 2°lon L25 33 1983-2011 Cottrill et al. (2013)
CCCma
Canada MSC AGCM3/T63L31 10 1982-2010
CGCM3 OGCM4
Merryfield et al. (2013)
CCCma (1.41°lon x 0.94°lat L40)
MSC AGCM4/T63L31 10 1982-2010
CGCM4
CMCC-
Italy CMCC ECHAMb5.3/T63L19 OPA8.2/0RCAZ2 grid_L31 9 1982-2005 Alessandri et al. (2010)
SPSv2
Korea APCC CCSM3 CAM3/T85L26 POP1.3/GxIv3_L40 5 1983-2014 Jeong et al. (2008)
USA NASA GMAO GEOS-5/288x181L.72 MOM4/720 x 410 L40 11 1982-2011 Ham et al. (2012, 2014)
NCEP CFSv2 GFS/T126L64 MOM4/Y5°lat x 1°lon L40 17 1983-2005 Saha et al. (2014)




Prediction skill of tropical Pacific Precipitation
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e MME prediction skill is related to both the strength and flavor of ENSO.
e Amplitude of ENSO is highly correlated to the forecast skill of tropical Pacific precipitation

e Model forecasts of tropical Pacific precipitation were found to be most skillful during eastern
Pacific (EP) El Nifo.



Prediction skill of tropical Pacific Precipitation

Selected ENSO Events

a Observations b
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Models exhibit some difficulties in reproducing the anomalous rainfall during the CP El Nifio event
of 2004-2005

>> Skill of dynamical prediction systems in capturing tropical Pacific precipitation is strongly
affected by ENSO occurrence and its diversity



“Typical” ENSO
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Typical ENSO

TCC Skills of 15t PC

Persistence b
N

CANCM3

Lead Time

J FMAMUJI J A S OND

M A MJ J A S ONTD J FMAMUJI J A S ONTD

Target Month

Models perform well in predicting typical ENSO, although there is a seasonal
dependence in its predictability.



Typical ENSO

Regression onto 15t PC

d Observations
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e Warming is seen over the central to eastern tropical Pacific, with maxima over the eastern
equatorial Pacific and the Peruvian coast 2> MME mean can replicate such geographical features
with high fidelity, albeit with a slight westward shift of the overall pattern

e Precipitation signals show wetter-than-normal (drying) conditions from the central to eastern
Pacific (western Pacific trailing to south Pacific) 2 MME mean can also mimic this pattern well




Typical ENSO

Time-averaged ACC skills
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MME’s skill is highly and
significantly associated with
the strength of typical ENSO
through all lead times

Tropical Pacific precipitation
prediction skill is highly
related with the strength of
typical ENSO, especially
during boreal winter



Residual ENSO Signals

Variance
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For residual ENSO signals, its related SSTA variability pattern is captured in MME despite having
much weaker amplitudes

MME performs well in capturing precipitation variations related to typical ENSO, but not the
residual variability which is large over the western Pacific in observations



Latitude

Residual ENSO Signals

TCC Skills

a SST b Precipitation
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Typical ENSO is the major
source of SST
predictability

Residual ENSO diversity is
at least as important as
typical ENSO for
precipitation forecasts



Co-variability btwn residual SST & Rainfall

d Observations (SCF=77.26%) b MME (SCF=79.62%)
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15t SVD mode gives an SST singular vector that greatly resembles the east-west shift from typical
El Nifio features to El Nifio diverse patterns



SDs of typical ENSO & Diversity
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e For typical ENSO, MME and individual models’ results are close to observations

e All model predictions, and hence the MME mean, underestimate the amplitude of the
residual ENSO SSTA.



Residual ENSO Signals

Time-averaged ACC skills
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Compared to the total fields,
MME’s ability in predicting
the residual SST and
precipitation is more limited

MME’s skill for SST and
precipitation predictions is
highly related to the
observed amplitude of
residual ENSO signals



Precipitation

Regression 0
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e Compared with typical ENSO,

results for residual ENSO
signals present even larger
spreads, especially for four-
month lead predictions

e A model with poor

performance in predicting
residual ENSO SST also
captures poorly the related
tropical Pacific precipitation
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Summary

With a focus on ENSO and its diversity, we have investigated the prediction skill of
tropical Pacific sea surface temperature (SST) and precipitation, based on retrospective
forecasts from 1983 to 2005 of the APEC Climate Center (APCC) multimodel ensemble
(MME) 6-month climate prediction.

Two space-time statistical methods were used for diagnosing ENSO and associated
tropical Pacific rainfall variability on a year-to-year basis.

First of all, anomalous SST data were stratified into those due to canonical ENSO and
their residue. The former is defined as the reconstruction of data based on the leading
EOF of the Pacific SST itself. It was found that canonical ENSO and its impacts on
tropical rainfall are well captured by dynamical seasonal prediction systems.

Next, singular vector decomposition (SVD) analyses were carried out in order to
identify climate modes related to the co-variability between residual SST signals and
precipitation. Dynamical models have difficulties in reproducing the strength of this
mode on the interannual scale. Their skill in predicting the temporal variation of this
mode is also much lower than that for canonical ENSO.

Finally, it is found that the statistical methods adopted here well represent the ENSO
diversity and even its role in seasonal forecasting of tropical Pacific rainfall.



Thank You !!
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