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What are the impacts of climate change on---
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What are the impacts of climate change on---

Projected Impacts of Climate Change in Korea

30% loss of arable land in coastal swamp and lowland

Partial desertification of arable land

Decreased production of 15~60% rice due to high sterilizing percentage

De reasin%temperate zone fruit /vegetable and increasing subtropical zone
fruit/vegetable

Increase in damage due to flood and storm
Rising concern over coastal infrastructure collapse due to sea level rise
Rising concern over collapse of reservoir water facility due to increasing precipitation

Continuous shifts of the fittest arable land due to changes of the fittest land for rice,
fruit, and vegetable

o Decrease in reproduction, weight gain, and livestock products due to high heat

o Increase in high—temperature disease and insect pest and increase of pests
reproduction pace

Increasing chances of soil erosion during the summer & reducing fertilizer components

Rising chances of livestock disease and infectious diseases

Decrease in water resources available for inland & mountainous area increasing
draught damages due to rising amount of evaporation
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What we are doing--- e.g.,

APCC, KRC, and others collaborate to adapt to climate change!
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» Project planning office: Climate Change Counterpart
> Diversification of the ways for Water supply
o lrrigation facility enhancement
- Water management automation system (ICT) i oOVTRCTSININGCEREMO (e

- Scientific Investigation of actual conditions, impacts, and vk
vulnerabilities of climate change

Dr. Jung, CEO of KRC is talking about
Advanced Reaction & Adaption to climate change!

me
Consulting Supervision Cooperation Fund
for

Construction of Karian Multipurposgglamn Project

» Suggested Slogan:

“For Stable, Safe, Sustainable water supply for agricultural system”




General framework of climate change impact assessments

e

¢ General circulation models

Ensembles )

"_ reanalysis data )

RCMs modeling

Statistical
Downscaling

Dynamical
downscaling

}Weather generator
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Evaluation of

Simple average limate information

Applications
Multi-model combination
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l Management modeling

200~300km resolution

Climate

models
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Impact
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Terms

>

Time Scales:

o Seasonal-to-Interannual (1-12 Months): Predictions
- Decadal (1-10 Years): Predictions

- Near-Term (Mid-Century): Projection

Forcing*:
- CO,, Aerosols (Natural and Anthropogenic), and other gases
o Secondary Importance for Season, but Increasing with Decadal and Longer Time Scale

Boundary Conditions*:

> Are Often Also Predicted, i.e., Sea Surface Temperatures, Snow Cover, Soil Moisture, Se
a-lce
- Evolve Slowly Relative to Weather

Initial Conditions™:
o Critical for Seasonal-to-Decadal Predictions, but Secondary for Projections

Projection vs. Prediction
o Projection: Forcing is Critical — Initial Condition of Secondary Importance
o Prediction: Initial Condition is Critical — Forcing of Secondary Importance

Climate vs. Weather




Hardness of cliamte simulation
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Source of Uncertainty!




Climate Change Impact Assessment
using future climate information

0. forecasting

& Future Scenarios (SSP2, RCP) A- )

1. Required data collection

- - Obs. Data collection V
(& GCMs (e.g., CESM) l (Baseline)
, - - Maurer’s data-(2002)
- - APHRODITE

- PERCIANN-CDR
- gridded data interpolated using ASOS
- other reanalysis data?

Dynamical
Downscaling
(WRF)

RCM modeling Sfatis;i;;al
Downscaling

30km resolution

« Bias correction >
Evaluation of =
climate information :

~

Data mining
Analysis

SQM, QM, DQM, QDM
BCSA, getc.

2. Optional post-processes
(if required)

ASOS data

- 90th percentile of rainday amounts
- Greatest 5—day total rainfall

- Max no. consecutive dry days
- Hourly rainfall intensity (max/average)
- Drought index
- etc.

Gridded vs. station—based data?,

Applications

I Future flood and drought ' Vs. I Current flood and drought '

\ . Climate change impact assessment NH}




Point #1 What GCMs look like?

Constraints of

resolution
Horizontal Grid
(Latitude-Longitude)
General circulation
mOdeI (GCM) Vertical Grid
(Height or Pressure)
Grid configuration o ot
Typical grid size is 100km, Physical Processes in a Model

many processes (e. g., clouds)
cannot be simulated explicitly

PROGRESSION OF CLIMATE MODELS
1990s Present day
270 x 270km

135 x 135km

38 levels in
¥ atmosphere

19 levels in
g atmosphere

1.26 x 1.25° 1.0x1.0°

20 levels
. in ocean

- 40 levels
# . inocean

SOURCE: Hadley Centre



Point #2.1

Constraints of
Uncertainty

How to make it useful?

For actionable science in practice
Need to Embrace Uncertaintyll

Present

Multiple Futures

http://www.wucaonline.org/html|/

What is the role of downscaling in
inty of future information?

Change in average surface temperature
ACPBS5: 2016-2035 ACPBS5: 2081-2100

RCPB0: 2081-2100

RCP45: 2081-2100

—_

B T [ [ [ [ [T C)

-2-15-1-050051152 3 4 5 7 9 11

* Stippling (dots) indicates regions where the projected change is large
compared to natural internal variability (i.e., greater than two standard
deviations of internal variability in 20—year means) and where 90% °f,h,
models agree on the sign of change.

*Source: IPCC, 2014, Climate Change —Synthesis report —
Korea Meteorological Administration, 2013, Climate Change —Scientifi




Point #2.2 Potential uncertainty by each process

Constraints of
Uncertainty

Mid-1960s  Mid 1970s-1980s 1990s Present Day 2000-2010
Atrnosphere! Atrnospheres Atrmosphere!
Land Surfaces Land Surfacef Land Surface/
Land Surface i i i

Are we making progress or just increasi

Atmospheres
Land Surfaces
Wegetation

Sulfate Sulfate Sulfate
Aerosol
@ Database: 1 Retrospective (e.g, baseline) GCM predictions/ reanalysis data Aerosol Aerosal
@ BAELEESE T 0) i (e.g., 2050-2100) GCM projections in accordance with greenhouse gas emission scenarios Carbon Carbon Carbon
sub-daily data (e.g., 3hr or 6hr time scale) daily climate data Cycle Cycle Cycle

l‘ DustiSes Dustisea

" Coues "\ Coued
. Climate limate. - LmEl
the uncertainty? S . Modd Mot

Dynamical downscaling Statistical dopvnscaling Delta method Spray/Carton spray/Carbon

@@ 3 3 ABrosols
(Bi(.'.\'*( "orrec 'If!).‘]:: Tcmporal aggrcgation Temporal aggregation | r‘lte ractl'.ufe | nte ractl'\u-'e

: i Time-slice ; i

I GCM Monthly/sgasonal data if necessary, Hegetatl A Uegetatl 4l
Regional Climate kS Em /,__@ @ J - Monthly/seasonal data : : SEseHE T
models (RCMs) ( Bias-correction \) 35 ¢ Bingeochermical g

N _/ @ CYC'ES C"_\,l"C'ES
ifferences between results
| 3 Diff b I
3 v Spatial Downscaling from data 1, 2 lce Sheet
Temporal aggregation @ vL 5 +

@ @ I Historical observation /
- - i i climatology
( Bias-correction > ’ Temporal disaggregation ‘ 2y
A Y Y h 4
Downsacled products at spatiotemporal resolution of interests /
Application efforts ‘ 616 Uncertainty sources: (3) Diverse methodology
Agricultural, Hydrological, or economical modaﬂ @ E:;lttlhlrrgl i‘;??;g:ﬁts\’& (9) Measurement errors
T . d 3 Local impacts and (Hwang and Kang, 2013)
Climate change impact assessment (@) Climate model science adaptation response




Latitude Latitude

titude

Point #3

Differences of GCMs

At the local scale additional uncertainties in
GCM predictions due to:

31

29

27

25

31

29

27

25

31

29

Poor resolution — Korea may not even

be modeled in some GCMs; greater
errors at smaller scales

Alternative downscaling
methodologies produce additional

What GCMs look like?

Land-sea mask for BCM2

Land-sea mask for MIHR

Land-sea mask for HADCM3
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Point #4

Different A variety of methods to use for application

methodologies

GCMs Future climate info.
(AR5, RCP scenario)

- PCMDI (CMIP5)

GCM evaluation Screening

Screening GCM Model weighting

»  Physical probability
*  Global scale

e  Climatology

*  Purpose:

Downscaling _ _ _ _
methodologies Spatially detailed climate info.
- BCSD, BCCA, SDBC, BCSA,
etc.

Method evaluation Selecting

Method selection intercomparison

Statistical estimation
Regional/local scale
Extreme, diurnal cycle
Purpose:




Standard deviation

Point #4.1

Different
methodologies

How GCMs work?

Performance evaluation

at different resolution
with different observation
For different criteria

obsGCM-monthly mean-tasmax

0 0.1

0.2

0.3 GCMscale
at 0.5 degree
at 1.0 degree
at 1.5 degree

at 2.0 degree

ACCESST-02
BCC-€SM-vsUS
BNU-ESM-vsUS
CMCC-CESM-vsUS
CSIRO-mk3-6-0-vsUS
CanESM2-vsUS
FGOAL-g2-vsUS
GFDL-CM3-1:vsUS
GFDL‘ESM2G-vsUS

. GFDL-ESM2M-vsUS

. HadGEM2-CC-vsUS

. INM-CM4-vsUS

. IPSL-CM5A-LR-vsUS

. MIROC-ESM-vsUS

. MPI-ESM-LR-vsUS

. MRI-CGCM3-vsUS _ -~
. NorESM1:M-vsUS ~

- N

0.4

0.5

1.
2.
B 3.
4.
5.
6.
7.
8,
9.
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=
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Y]
l—‘H“Hl—‘
~N oo

1. ACCESS1-0-vsMaur

2. BCC-CSM-vsMaur

3. BNU-ESM-vsMaur

4. CMCC-CESM-v sMaur
5. CSIRO-mk3-6-0-v sMafir
6. CanESM2-v sMaur
7. FGOAL-g2-v sMaur
8. GFDL-CM3-Pfs

@ AvADPOOX ¥ O+

13. IPSL-ZM5A-LR-v sMaur
14. MIR@C-ESM-v sMaur
15. MPY-ESM-LR-v sMaur
1-CGCM3-v sMaur
orESM1-M-v sMaur ,

(R 2 3 |

-0.3

0bsGCM-monthly mean-pr

0.1 0

0.1 0.2

0.3

0.4
0.5

GCMscale

at 0.5 degree
at 1.0 degree
at 1.5 degree
at 2.0 degree

0.95

-0.99
1 @
0 1 2
Standard deviation
0bsGCM-monthly mean-tasmax
Maurer-tasmax 0
0.1
0 0.1 02
' 0.2 2 0.3 ® Maurer
5 —— 0.3 ° obsGCMASeasonaITS + 1. ACCESSID= 0.4 ® NLDAS
4+ 1. ACCESS1-0- 0.4 ° obsGCMannuaICVTS O 2. BCC-€SM-vsMaur ® USGS
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* 3. BNU-ESM-vsUS ® 0bsGCM nnualQ99TS X 4. CMCC-CESM-vsMaur o
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T N ObsGCMmonthly&% ® 13. IPSL-CM5A-LR-vsMaur
- - < obsGCMmonthly:I% W 14. MIROC-ESM-v sMaur
g RS [N bsGCMmontthr?'?an 1 | 15. MPI-ESM-LR-vsMaur
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GCM skill evaluation

Point #4.2

Different observations
1 Maurer’s data (Maurer et al., 2002)

2 NLDAS data
3 USGS data
4 Reanalysis data?

Different resolutions

1 each GCM scale
2.0.5°X0.5°
3.1.0X1.00

4, etc.

Different indicators

1 d10TS';

2 monthlyTS";

3 4seasonalTS";
4 annualTS';

5 annualCVTS";
6 annualQ95TS";
7 annualQ99TS’;
8 monthlyQ95';
9 monthlyQ99';
10 d10mean’;

11 monthlymean’;

12 monthlyCV_daily";

13 monthlyCV_monthly';

14 d10std’;

15 monthlystd_dailydata’;

16 monthlystd_monthlydata’;

Different metrics

1 RMSE
2. Correlation
3. Others?

GCM list

1 ACCESS1

2 bcc_csml

3 BNU-ESM

4 CanESM2

5 CMCC-CESM

6 CSIRO-mk3-6
7 FGOALS-G2

8 GFDL-CM3

9 GFDL-ESM2G
10 GFDL-ESM2M
11 HadGEM2-CC
12 INM-CM4
13IPSL-CM5A-LR
14 MIROC-ESM
15MPI-ESM-LR
16MRI-CGCM3
17 NorESM1-M

Reliable Future information?

Tmin Wind spped
pr tasmin tasmax wind rank
1
14
(2]
a 12
+= 10
k3] :
©
(0] 6
.
o 4
E 2
9 10 12 14 16 10 12 14 16 °
[ T T
b )
b=
o
2 - 4 ; 6 g - 10 ; 12 14 - 16 ; ° 2 4 ; 6 - ;60;510 12 14 1.6 ° 2 4 6 g 10 12 1‘4 1X6 ; ° 2 4 6 g 10 1‘2 ; 14 ; 16
Different GCMs
ACCESSL-0-v ‘ BOC-CSMv_ ‘ BNU-ESM-v_ ‘ CMCC-CESMv CSRO-mk3-6-0-v CanESM2-v_
mean(x): 0.044 mean(x): 0.047 mean?)x): 0.07 mean(x): 0.054 mean(x): 0.064 meani)x): 0.054
e ) B | i 382 2| S 58 it St 2| i 38
] SO 0.3 e | 0.3 T 0.3 i 0.3 S 0.3 o 03,
=4 a
2 10 10 10 10 10 10 &
T 0l 5 01 s 0l s 0l s 0l 5 01
ol Jo ol & 0 o 0 o 0 o 0 0 £ 0
FGOAL-g2-v GFDL-CM3-1-v GFDL-ESM2G-v GFDL-ESM2M-v HadGEM2-CC-v INM-CMA v
n‘eani)x):0.0SA n‘eani)x):o.on mean(x): 0.067 .067 mean(x): 0.049 mean(x):0.067
£ 0 Son 20| S aots 20| S dote 20| 5 20| S(Foon 20, S oloe
< an 0.3 R 0.3 e 0.3 0.3 R 0.3 e 03,
=4 a
2 10 10 10 10 10 10 e
T 0l 5 f 2 01 5 01 5 0l s 0l 5 01
0 0 0 0 0 0 0 0 0 0 0 0
IPSL-CMBA-LR-v MROC-ESM-v MPLESM-LR-v NorESML-M-v 0 01 02
B By iy E EEy -
20| med:(): 0 20 (-0 20 (): 0. 20 20 (): 0. recip.
% sld.(S. 0012 03 std.(-): 0.011 03 std.(-): 0.014 03 03 std.(-): 0.011 03, REAbias
2 =)
o 1 -~
2 10 10 10 10 10 o WeightPower: 1~3
T 5 01 5 01 5 01 5 01 5 0.1
0 0 0 0 0 0 0 0 0 0
0 01 02 0.2 0 01 0.2 0.2 0 01 02
weights weights weights
HOW are th 15| DUF (2030-2060) RCP2.6 15| DUF (2030-2060)
mean(x): 3.9, 4.5 mean(x): 3.8, 7.3
her Val'l'ab/es ? med.(): 4.4, 5.2 03 med.(): 3.4, 3.6
1 E 10 std.(-): 7.1, 10.1 3 1ol st():83,134

other observation data 3s refen

ce? | .

RCP4.5 DJF (2030-2060)

03 15
mean(x): 2.2, 1.3
med.()): 2.1, -1.9
10 std.(-): 7.5, 12.5

RCP6.0

DJF (2030-2060) RCP8.5

15
mean(x): 3.6, 3.9
med.(]): 3, 1.9

10 std.(-): 9.9, 13.9

01 5 5
. . 0.1
er spatial resolution? " 2
" -~ e 0 of, ———=-%, =0 0 ;=== ="+ @it = - - [ —
15 DJF (2070-2100) RCP2.6 15 DJF (2070-2100) RCP4.5 03 15 DJF (2070-2100) RCP6.0 15 DJF (2070-2100) RCP8.5
mean(x): 5.2, 8.8 mean(x): 7, 13 : mean(x): 5.7, 8.5 mean(x): 4.7, 2.1
med.(|): 5.1, 8.5 med.()): 6.1, 7.3 med.(|): 5.2, 4.1 med.(|): 5.9, 2.4
£ 10 std.(-): 8.1, 12.5 0.3 10| St0.():7.6.1456 10| std():8,138 10| std():12,99
for future ¢hange? UNGERTAINTY
T 5 A 01 5 5 5 N\
N\ 0.1 ) X
\
e BO ~ - +10 0 - \\‘0 oL, ——— 0 —< o i .\.;—7 0
0 50 -50 0 50 50 -50 o TR.FTES

Precip. change (%) Precip. change (%)

Precip. change (%)

Precip. change (%)

0.3

0.3

PDF

0.1



CMIP2

CMIP3

CMIPS

Climate model genealogy:

P0|nt 4y EEm——
Generation CMIP5 and how we

: (Masson and Knutti, 2011) Hierarchical clustering of the
| CMIP3 models for (left) surface temperature and (right)
|
|

precipitation in the model control state. Models from the
same institution and models sharing versions of the same
atmospheric model are shown in the same color.
Observations also are marked by the same color. Models
without obvious relationships are shown in black.

H
Sgia
v 0% 1 1.5 Dissimilarity Dissimilarity
0 0
# , > ' >

iap_fgoals1_0_g.run1 giss_aom.run1
inmem3_0.run1 :'__|7 giss_model_e_h.run1 :']7

; giss_model_e_r.run1
giss_aom.run1 iap_fgoals1_0_g.run1
tas_ ERA=-40
tas_NCEP Sl——,—
If1.f~_f‘-ﬂERRA inmem3_0.run1
mri_cgem2_3_2a.run1 ipsl_cm4.run1

ingv_echam4.run1
mpi_echam5.run1
ukma_hadem3.runi

miub_echo_g.run1
ingv_echam4.run1

pr_CMAP

PELLMER. L

EH.EM

k=]

csiro_mk3_0.run1
csiro_mk3_5.run1
ukmo_hadem3.runi
ukmo_hadgem1.run1

ipsl_cm4.run1
mpi_echam5.run1

ccema_cgem3_1.run
cccma_cgem3_1_163.run1
1 giss_model_e_h.run1
15 giss_model_e_r.run1

Mormalized distance from observations for temperature and precipitation
d A. Gettelman, 2013

pr_GPCP
csiro_mk3_0.run1
miub_echo_g.run1
mri_cgem2_3_2a.runi
ccema_cgem3_1.runi
ccema_cgem3_1_t63.run1

csiro_mk3_5.run1
ukmo_hadgem1.run1




Point #6
I--—

Constraints of separation of the flow
p Download CMIP5 data : | & Other 17 member
) Gosal ey | | €conomies (2017)
Clipping on your area M
N CMIPS DB |
| (National, NC) User input
‘C;y(.)s;jtijc-r'o Extracting point values (Observed
R ons “wmsoe || weather station
(Station, ASCIT) d
. ata)
Climate v
impacts Bias correction «

Tocls and Software (remip5)

Impact & Vulnerability
Assessment

Sensitivity

rorcing

Radiative -, ; . ~ 1
forcing \ "~ i App//acz‘lon

Adaptation &
Mitigation models

Soil & Water SWAT
Assessment Tool
Greenhouse gas "

concentrations W e N - A P E X.

Seamless prediction (paimer, 2008) __
APSITM

05 DSSAT [ty

Exposure

Adaptive

Potential

impact capacity

B= & Developed

ﬂ Countries




Point #7

Constraints of limited data that we have been observed/generated

Gridded observation data

period variable res. coverage reference
recipitation, tmax, tmin,
Maurer’ s data 1950-1999 precip tmax 0.50° X 0.50° global Maurer et al., 2002
surfwind
APHRODITE 1950-2007 precipitation 0.25° X0.25° Asia Yatagai et al., 2012
PERCIANN-CDR 1983-2015 precipitation 0.25° X0.25° global Ashouri et al., 2015

Spatial distributions of mean and standard deviation of daily observation data for precipitation

Gobs-PERSIANN-Precip: mean

Gobs-APHRO-Precip025: mean Gobs-Maurer-Precip: mean o
||
-
@ 40 s o 40 . o .
a =) =
2 2 2
‘_‘E 4 E u 4 E 4
35 35
[ .
u
* z
30 30
]
115 120 125 130 135 140 115 120 125 130 135 140 115 120 125 130 135 140
longitude longitude

Gobs-PERSIANN-Precip: std

lonaitice

Gobs-APHRO-Precip025: std Gobs-Maurer-Precip: std

45

45

B
o

latitude
-
[
latitude
=
latitude

35

30

130 135 140
longitude

15 120 125 130 135 140 125 . 130 135 140 115 120 125
longitude

longitude
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What is Downscaling?




Objective of Downscaling

Downscaling: obtaining subgrid—scale information
from coarser resolution fields

Climate model downscaling “Bridges mismatch” of spatial scale between the
scale of global climate models and the resolution needed for impacts
assessments

Climate model downscaling “bridges the gap” between what is provided by
global climate modelers and what is needed by decision—makers and impact
assessors

What high res. is useful for coupling climate models to other models that
require high resolution!

In certain specific contexts, provides insights on realistic climate response to
high resolution forcing (e.g. mountains)




The ‘Mismatch’ of Scale Issue

»  “Most GCMs neither incorporate nor provide information on scales smaller than a few
hundred kilometers. The effective size or scale of the ecosystem on which climatic
impacts actually occur is usually much smaller than this. We are therefore faced with the
problem of estimating climate changes on a local scale from the essentially large—scale
results of a GCM.” Gates (1985)

»  “One major problem faced in applying GCM projections to regional impact assessments is
the coarse spatial scale of the estimates.” Carter et al. (1994)

»  “downscaling techniques are commonly used to address the scale mismatch between
coarse resolution GCMs --- and the local catchment scales required for --- hydrologic
modeling” Fowler and Wilby (2007)

»  “Motivation: Most of the population lives in areas having sharp climatic gradients: along
coastlines, lakes, mountains,---

These features are not resolved by global climate models,
for which grid cells are 100-200 km” John Walsh (2011)

\_,// ﬂﬁgc



Downscaling?

Weather Forecast Climate Forecast

Perfect—prog

— direct use of climate model output Dynamical downscaling
— regression
MOS (the model output statistics) statistical downscaling

ot
92 degre es)

does not need to simulate the chaotic

\ ACM resolutions

attempts to reproduce only the long—term
statistics of local conditions

It does require a robust record of historical
observation to permit calibration at the local

scale

.Regional climate

Station
\ Fineresolution change
- (e.g. 1x1km) _
Local climate scenarios

change

Winkler et al., 2011




Comparative summary of the relative merits of statistical
and dynamical downscaling techniques

» adapted from Wilby and Wigley, 1997

Statistical downscaling

Dynamical downscaling

Advantages

Disadvantages

e Comparatively cheap and computationally efficient

e Can provide point-scale climatic variables from
GCM-scale output

e Can be used to derive variables not available from
RCMs

e Easily transferable to other regions

e Based on standard and accepted statistical procedures
e Able to directly incorporate observations into method

e Require long and reliable observed historical data
series for calibration

e Dependent upon choice of predictors

e Non-stationarity in the predictor-predictand
relationship

e Climate system feedbacks not included

e Produces responses based on physically
consistent processes

e Produces finer resolution information from
GCM-scale output that can resolve atmospheric
processes on a smaller scale

e Computationally intensive

e Limited number of scenario ensembles
available

e Strongly dependent on GCM boundary
forcing

e Dependent on GCM boundary forcing; affected by biases in underlying GCM
e Domain size, climatic region and season affects downscaling skill




1 Statistical downscaling

e _ SQM, QM, DQM, QDM
: )\ » Coarse resolution weather generator * Fine resolution
- »  GCM outputs Regression Station based inf
‘ . GCM+RCM outputs Weather typing + otation hased into.

Ultimate goal of downscaling! Statistically reproduce attributes of a climate variable

GCM future Downscaled distribution (future)

information

Temporal Statistics

We can reproduce these statistical attributes under
assumption of stationarity!

covariance, etc.)

spatial Pattern
(Local characteristics)

None!

?

But cannot determine the spatial pattern of
precipitation events on daily basis.

Generate plausible patterns and use those
as scenarios!




Statistical downscaling




Review of methods

«  Wilby and Wigley (1997) Downscaling general circulation model output: A review of methods and limitations

. Fowler et al., (2007) Linking climate change modelling to impacts studies: recent advances in downscaling
techniques for hydrological modelling

*  Wilby et al., (2004) Guidelines for use of climate scenarios developed from statistical downscaling methods

. Wood et al., (2004) Hydrologic implications of dynamical and statistical approaches to downscaling climate
model outputs

. Schmidli et al., (2007) Statistical and dynamical downscaling of precipitation: An evaluation and comparison of
scenarios for the European Alps

The changes of

Classification «  Delta method
. More sophisticated Statistical
Downscaling

Dynamical downscaling

» Simple downscaling

0 Delta

o More sophisticated method
« Statistical Downscaling
Dynamical downscaling




Statistical Approaches

» Simple techniques
- Adding coarse scale climate changes to higher resolution observations (the delta approach)
> More sophisticated —interpolation of coarser resolution results (Maurer et al. 2002, 2007)
Bias—correction method!
Bias—correction + Spatial disaggregation (Wood et al., 2002: interpolation)
Spatial disaggregation + Bias—correction
Bias—correction + Constructed analogue (Hidalgo et al., 2008)
(weather type analogue + regression)
Bias—correction + Stochastic Analogue (Hwang and Graham, 2013)
(weather generator concept) =) generated library + bias—corrected daily GCM

Weather typing concept+ stochastic weather generator (Corte—Real et al. (1999),
Hwang and Graham, 2014)

4 StﬂtiStiCﬂli Statistically relating large scale climate features (predictors) to local climate (predictands)
- Weather Classification
> Regression Methods
- Weather generator




1. Weather Generators

» Statistically reproduce attributes of a climate variable, e.g, mean
and variance, and usually used to produce time series (e.g., daily)
of a climate variable or sets of climate variables (precipitation,
temperature, solar radiation)

» Parameters of weather generator are then conditioned on large
scale predictors, such as the NAO or ENSO.

requirements:

* Long time series of daily: weather ‘which-may be not avallable from -
observational racords : Siowse.. |
* The ability to investigate
inter—daily variability




2. Regression Methods

» Earliest efforts related a variable at coarse scale to same variable at local scale

(e.g., regional temperature used to estimate local temperature, Wigley et al.
1990)

» More typical, multiple regression relating pressure, humidity fields to local
precipitation

»  Common problem of underestimating variance of predictand

statistical relationships’ based on S D S M Statistical Downscaling Model
multiple linear regression, HowE | mEGISTER | EWAL |

are developed between large-
scale predictors and local
predictands

SDSM

SDSM is a FREE decision support tool for assessing local climate
change impacts using a robust statistical downscaling technique.

INTERNATIONAL JOURNAL OF CLIMATOLOGY \ R M et S
Int. J. Climatol. 33: 1707-1719 (2013)

Published online 9 July 2012 in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002fjoc.3544

Royal Meteorological Society

The Statistical DownScaling Model: insights from one decade
of application

Multiple linear regression & stochastic weather generator , )
R. L. Wilby®* and C. W. Dawson
* Department of Geography, Loughb h University, Lei hire LE1] 3TU, UK
b Department of Computer Science, Loughb h University, Leice hire LE11 3TU, UK

ABSTRACT: The Statistical DownScaling Model (SDSM) is a frecly available tool that produces high resolution climate
change scenarios. The first public version of the software was released in 2001 and since then there have been over 170
documented studies worldwide. This article recounts the underlining conceptual and technical evolution of SDSM, drawing



3. Weather Classification

» Relate weather classes or categorizations to local climate variable

> Discrete weather types are grouped according to cluster techniques

1) NEW PATTERN AT CCARSE- Il) FITTING THE ANALOGUE (DIAGNOSIS): Il DOWNSCALING THE PATTERN
RESOLUTION: (PROGNOSIS):
. . N A subset of patterns from a historical library is selected as
« Typical example is relating A new pattern obained fiom a coarse _ <OnUIBLUONS 103 CONSruCRd analogue of Zos, BASEAON 4 jear combination of the precictr patierns
resolution source, but the corres pondng spatial similarity evaluawd_atme 2.5 x 2.5 degree produces a leastsquares (constructed) analogue
high-resolution (downscaled) pattemn is resolution. of Z_, at25 x 2.5 degree resolution
. unknown D
different pressure patterns to ratem 2,
PatternZ_,, s

surface temperature

2.5 x 2.5 degree

Where p‘:naloqwt v Aam!oqu:s 2 Aamhgtm n @re regressic

coefficiens

« Assumes same weather pattern

Synchronous patterns

A
The downscaled patter (P4, ... IS Obtained
by applying the same regression ccefficients to
the hig-resolution patterrs:

in the future will be associated

with the same local responses

in the future

1/8 x 1/8 degree
@
~J o |

* Changes in frequency of types

The h gh-resolution patterns for the same days as the
coarse predictor patterns are also gathered

Schematic of the method of constructed analogues for downscaling reanlysis fields from 2.5° x 2.5¢
grids to 1/8° x 1/8°




A summary of the strength and weaknesses of
the main SD methods

Method

Strengths

Weaknesses

Weather tvping
(e.g. analogue method,

Yields physically interpretable
linkages to surface climate

Requires additional task of
weather classification

software available

hybrid approaches, e Versatile (e.g.. can be applied | « Circulation-based schemes

fuzzy classification, self to surface climate, air quality. can be insensitive to future

organizing maps, flooding. erosion. etc.) climate forcing

Monte Carlo methods). | «  Compositing for analysis of ¢ May not capture infra-type
extreme events variations in surface climate

Weather generators e  Production of large ensembles | ¢  Arbitrary adjustment of

(e.g. Markov chains, for uncertainty analysis or parameters for future

stochastic models. spell long simulations for extremes climate

length methods. storm | e  Spatial interpolation of model | ¢  Unanticipated effects to

arrival times. mixture parameters using landscape secondary variables of

modelling). e Can generate sub-daily changing precipitation
information parameters

Regression methods ¢ Relatively straightforward to ¢ Poor representation of

(e.g. linear regression. apply observed variance

neural networks, e Employs full range of ¢  May assume linearity and/or

canonical correlation available predictor variables normality of data

analysis, kriging). e ‘Off-the-shelf’ solutions and ¢  Poor representation of

extreme events




Dynamical downscaling




The CORDEX vision is to advance and coordinate the
science and application of regional climate downscaling http://www.cordex.org/

WCRP
C&RDEX

through global partnerships.

COordinated
Regional Climate

Downscaling

Experiment

Ref: Description of the CORDEX

(23/06/2015 version)

CORDEX EASTASIA

Coordinated Regional Climate Downscaling Elpiﬁgfﬂ_ﬂl in East Asia

CORDEX East Asiag ===

CORDEX HOME

CORDEX East Asia

cepr me mmee— p=-e -{CMs (in rotated coordinates):
ReotPole (256.3; 61.0)

TLC (316.77; 32.90)

MWx=396

MNy=251

B) For non-rotated polar RCMs (in actual coordinates):

TLC (51.59; 50.50)
CNB (116.70; 61.90)
TRC (181.50; 50.31)
CWE (67.11; 25.72)
CPD (116.57; 34.40)
CEB (165.94: 25.56)
BLC (76.91; -0.10)

CSB (116.51: 6.90)

BRC (156.08; -0.24)

ASIA CORDEX

- Hidetaka Sasak - Meteorological Research Institute, Japan
B hsasaki (at) mri-jma.gojp

- Hyun-Suk Kang (SAT member] - Climate Research
Laboratory, Korea

B hyunskang (at) korea.kr
- Ailikun - MAIRS-IPO, China

B aili (at) mairs-essp.org

- Koji Dairaku, - National Research Institute for Earth Science
and Disaster Resilience, Japan

B dairaku (at) bosai.gop

https://cordex-
ea.climate.go.kr/main/aboutCordexPage.do




CORDEX

» Spatial distribution of mean precipitation (1979~2005)

a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)

b1) Historical simulation (ECMWF reanalysis data))
B2) Historical simulation (NCEPDOE)
¢) Hindcast (HadCEM2-AO+RCMs)
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CORDEX

» Spatial distribution of standard deviation of daily precipitation (1979~2005)
a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWF reanalysis data))
B2) Historical simulation (NCEPDOE)
c¢) Hindcast (HadCEM2-A0O+RCMs) . e e . e mme i

- - E
-
e RN strwd uatbons Y EUASM : wd

e

RCMs: HadGEM3-RA, RegCM,
SNU-MMb5, SNU-WRF, YSU-
RSM

bD

o ECHWT ERAINT e aluation-Hed JEM LAA . ag
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CORDEX

Extreme index

» Spatial distribution of 90t percentile of daily precipitation (1979~2005)

a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)

b1) Historical simulation (ECMWF reanalysis data))

B2) Historical simulation (NCEPDOE)
¢) Hindcast (HadCEM2-AO+RCMs)

RCMs: HadGEM3-RA, RegCM,
SNU-MMb5, SNU-WRF, YSU-
RSM
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CORDEX Extreme index

» Spatial distribution of maxbd(greatest 5—day total precipitation)
a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWF reanalysis data))
B2) Historical simulation (NCEPDOE)
¢) Hindcast (HadCEM2-AO+RCMs) B . e i

Goba-PIRSIAKN -Precip maeSd

RCMs: HadGEM3-RA, RegCM,
SNU-MMb5, SNU-WRF, YSU-
RSM
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CO RDEX Precipitation pattern

» Spatial distribution of CWDmax(maximum number of consecutive wet days

(00.1mm/day))

» a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWEF reanalysis data))
B2) Historical simulation (NCEPDOE)
c¢) Hindcast (HadCEM2-AO+RCMs)

G bk A PEACHP R 0 1% CYEDva
LR

Fur-l C AW -1 AN T-grvald uaticn -$a dEUMI-RA ; CHTIma i -ERAINT ervatusticn-Re gl CWiliman

- !p'-'ﬂfu =

pr-ACEPDOE pren lustion-HsglM : CWiman
. -

«s 1 -
T b e
-

-

pr-Had GEMY- A0 hivterical-Had CENI-RA: CWhmax ot He SO E T 8 Ol a5 S
: n il = d
- .s?..l 4

Grolen P RASIAMK-Pracip: CWlmax

o 4 e
= !}; o
- i -.__“ =2

o
M E PO E e~ pbusntibon B Wil WERF . CATD=an



Internal effort for Regional climate modeling (South Kor.)
1979~2005
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Blas—correction
Necessity!
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Look at the Raw climate model outputsl!
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Example of CDF for simulated results
(September) and observations at a station’®
and CDF mapping methodology for bias—\}

correction :




MethOdS: Schematic representation of bias—correction procedures

Method 2: 1
ﬂ?ethad I: ) . CDF mapping approach
simple mean/variance correction ——

A Obs 20"
so | SIm for June’ . ; Sim_20"
Precipitation - - 5 2 for ‘June’

1: Bias percentage

fi T Mean/std Obs 20"
[ fre Mean/std Sim_20"

B
4 Time
Mean-corrected e
Sim_21" for ‘June’ |
2 Ith z :
Sim 21" for ‘June’
>
Time
21m‘ Mean&std -corrected
Sim 21" for ‘June’ !
. Sim_21" for ‘June’
>
Time

D

Example 1
amount based

Example 2
percentile based

Sim 20™
CDF ’

Obs_Zfo‘--:','-:'

>
0 Precipitation

o Target Sim 21"

e Bias-corrected Sim_ 21"
O Bias-corrected Sim 20"

<> Estimated bias

NOTE 1
For each method,
One can use historic bias percentage instead of bias amount
NOTE 2
Also can consider different ways to develop CDF using
(1) the all data for the calendar month
(2) the data over the moving window (e.g., £15 days data)

>

Precipitation




M ethOdS . CDF mapping

Lo e A b
CDFm method Sim 20" e EDCDFm method  SiM 20 .
amount based T percentile based
SA, BA SP, BA

Obs_20th/’ v

CDF

CDF

NOTE 1
For each method, One can use
historic bias percentage (BP) instead of bias amount (BA)
NOTE 2
Also can consider different ways to develop CDF using
(1) the all data for the calendar month

o Target Sim 21"

@ Bias-corrected Sim 21"

. . Tanth
a Blas-cprrected .Slm_20 (2) the data over the =15 days moving window
«— Estimated bias (3) the data over the £30 days moving window
> >

0 Precipitation 0 Precipitation




Basic theory

Probability concepts
PDF

CDF
CDF mapping
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» A histogram is a graph that consists of a number of “bins”, or vertical bars, into

Histogram

which the sample values are sorted.

» The height of each histogram bar indicates how many of your data points fall into
that bins, relative to the total number of data values, so this kind of chart is also
called the relative frequency histogram.

»  Number of bins and width

- There is no "best” number of bins, and different bins sizes can reveal different features of the
data.

- The number of bins k can be assigned directly or can be calculated from a suggested bins
width h as:

_ *k: bins (=width)
/( — Xmax Xmin Xmax- The maximum value
Xmin- The minimum value
h: Number of Interval




Histogram

» The histogram graphically shows various properties of your data, including the
location, scale, and shape, helping you visually identify an underlying probability

distribution:
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*Ref: mathwave (www.mathwave.com)




PDF (Probability Density Function)

4

For a continuous function, the probability density function (PDF) is the

probability that the variate has the value x.

Since for continuous distributions the probability at a single point is zero, this is

often expressed in terms of an integral between two points.

Lb Fx)ax = Pla < x < b}

Frobahbility Density Function

0.3

The Probability Density Function graph

0.25

displays the theoretical PDF of the fitted 02

=018

distribution (or several distributions) and = %'* /

0.1
the histogram of your sample data: 0.08

0

-2 0 P 4 L] &
X

= Gumbel = Mormal

*Ref: mathwave (www.mathwave.com) ‘v/ \\

//




CDF (Cumulative Distribution Function)

» The cumulative distribution function (CDF) is the probability that the variate takes on a value
less than or equal to x:

F(x)=P{X < x}

»  This can be expressed as: ZX f(t) if X: DRV
F(x)=<e== >
*DRV: discrete random variable X . .
CRV: continuous random variable \J.—oo / (ZL )df it X CRV )

»  The Cumulative Distribution Function graph displays the theoretical CDF of the fitted
distributions and the empirical CDF based on your sample data.

» While the PDF graph mainly shows the shape of your data, the CDF graph is useful to actually
determine how well the distributions fit to data:

» The empirical CDF graph also depends on the number of bins chosen. As you increase this
number, the ECDF curve gets smoother:

Cumulative Distribution Function Cumulative Distribution Function

— ECDF = Gumbel — ECDF = Mormal



Exceedance probability

The probability that a given data (e.g., rainfall total) accumulated over a given duration
will be exceeded in any data period

Exceedance

» Example Probabiity
=]
100% - 2491 5%
90% "*\ 2394 10%
- 2329 15%
80% NG 277 20%
...z," 70%' \ 2232 250/0
3 N 219.2 30%
5 6% - 2155 35%
L \ 212.0 40%
8 208.6 45%
S 40% 205.2 50%
2 N 201.9 55%
aj 30% N 198.4 60%
20% 194.9 65%
1912 70%

"

10% — — 187.2 75%
- T 1828 80%
160 180 200 220 240 260 1776 85%
171.0 90%

161.3 95%




Practice using sample data

» Climate data at Jinju station, Gyeongsangnam—do, South Korea
- Dalily precipitation, daily mean temperrature
+ Summer (6, 7, 8&), Winter (12, 1, 2&)

Precipitation (mm) Temperature (°C)

Year

2011 1,225.5 91.1 24.3 0.2
2012 734.8 112.3 24.7 0.0
2013 510.5 105.5 25.4 0.8
2014 910.5 34.6 23.2 1.6
1,400 30
1,2255 B P Summer
1,200 P_Winter 24.3 24.7 254
25 1 F _.’ A\‘ 232
1,000 .
910.5 20
800 734.8 ——T S
15 _Summer
510.5 T_Winter
10
91.1 112.3 105.5 > 0.8 1.6
' : 346 0-2 0.0 .
I ! ! 0 - - -
2012 2013 2014 2011 2012 2013 2014 L?-ﬁ:

~ Precipitation | Temporature ISt



Histogram

» ex) maximum Precipitation: 94.5mm/day, minimum: 0.0

 bin: 94.5-0.0
K = =9.45
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Histogram
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*Sample data in Jinju station from 2014
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PDF (Probability Density Function)

» function excel
> Precipitation: [LOGNorm.dist(x, mean, stdev, O or false)]
- Temperature: [Norm.dist(x, mean, stdev, O or false)]

Interval
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PDF (Probability Density Function)
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*Sample data in Jinju station from 2014 =2 PCC



CDF (Cumulative Distribution Function)

» function excel
> Precipitation: [LOGNorm.dist(x, mean, stdev, 1 or true)]
- Temperature: [Norm.dist(x, mean, stdev, 1 or true)]

0.8
9.5 0.4908
189 0.6794 0c
284 0.8302 =
[ F
37.8 0.9257 0.4
47.3 0.9734
0.2 - = CDF
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66.2 0.9982 00 - | |
0 20 40 60 80 100
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85.1 0.9999

94. 1.0000




Example of CDFs of observed precipitation and Raw a
nd bias—corrected model outputs

Gobs
——CCSM_curr
-~ - CCSM._fut
—BC_CCSM_curr
----BC_COSM (log—scaled x—axis)
805 Gobs ””, 77
0.9 1 ——ccSM_aunr .
04 — - —CCSM._fut
058
03 | ——BC_CCSM_curr
0.7 4— =t BC CCSM_fut
02 +———+—++trf 11+ | L o d DL o d oA ==T T
0.6
01 |
805
R I ) ]
0.00 5.00 \ LR
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Example of CDFs of observed temperature a
nd Raw model outputs

Gobs -~ T'ﬁ\
09 - ——CCSM curr X
- - -CCSM._fut | 1
0.5 ——HadCM3_ curr /!
07 L T HadCM3_ fut

40 50




CDF mapping for Bias—correction

» To remove biases in
- Mean and STDEV of daily Tmax and Tmin at each spatio—temporal scale

» Reproduce
> Distribution of daily Tmax and Tmin (CDF)
- Spatial structure of mean Tmax and Tmin (map)

For current sim., Xc : = CDF,p; (CDFSLm c(xc))

For future sim., Xs: x; = {xc min < Xs < Xe max | CDF s (CDFSM (xs))}

vy = {xemax < %5 1 %5 + (CDFyzh (CDFaim (Xe max)) = e ma )

{xs < X¢_min | Xs + (CDFGbS (CDFSLm (xc mm))




Schematic---

1 curr ~~
A

Gob
0o ™ obs future
' —— CCSM._curr
08 4 - CCSM._fut
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0.6 -
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= 03 —> BC_future
= i
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CDF
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Problems in Bias—correction on monthly basis
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SChe m atiC e . BC_max-If:urr BC_ma-I)_( future
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Raw and bias—corrected results for A grid

1
""" Raw s
—— BC by month
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Low and high extreme

1 .
----- Raw_s
0.9995 - —— BC by month
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Averaged monthly precip. (x100mm)

Averaged monthly precip. (x100mm)

Effect of bias—correction

—t— P obs,
--------- raw_R1+MMS5 (68.6)
s raw_R2+RSM llEll

== === raw_ERAI0+RSM (10.8) *
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Effect of bias—correction: Transition probability

Wet to wet ~ Dry to wet
Raw Bias—corrected ||| Raw Bias—corrected

. results . results . results . results
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Effect of bias—correction: spatial variability

Spatial stdev of daily P (mm)
—_ N w N 9] (@) ~N (0]

o

Raw results
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Bias—-corrected results
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Comparison of annual cycle of spatial standard deviation of raw (left) and bias-c

orrected (right) daily precipitation fields




Effect of bias—correction

1000 - 50 _
Raw MMs <
correlation improv?rrh\ - . ——— Bias corrected MMs - 40 E
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Contributions of mean error (dash—dot line), variance Comparison of mean monthly precipitation and
error (dash line), and correlation error (solid line) to standard deviation of monthly precipitation over the
overall MSE for raw (darker lines) and bias—corrected study period by month for raw model results, bias—

(lighter lines) daily precipitation by month. corrected results, and point observations.

(Hwang and Graham, 2011)




Effect of bias—correction Raw_Precp.

Observed Current sim. (CCSM) Current sim. (HadCM3)

MeanPrec. (Gobs: 1969-1999) MeanPrec. (Raw-CCSM+RCM: 1969-1999) MeanPrec. (Raw-HadCM3+RCM: 1969-1999)
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Effect of bias—correction BC_Precp.

Observed Current sim. (BC_CCSM) Current sim. (BC_HadCM3)
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Messages to take home

Statistical downscaling
Matters to be attended---.

» Why downscale?... Overdoing downscaling?

v

Specify the study objectives

For mean values, the simpler statistical downscaling methods perform comparably to the more
sophisticated methods

For extreme values, the more sophisticated methods (e.g., quantile mapping) are needed

— the more sophisticated the method, the smaller the future change projected for the warmest
extreme temperatures in the U.S.

v

Select technique
The more sophisticated, the better?

v

What to evaluate

downscaling purpose vs. downscaled results

How to evaluate

Evaluations may vary by applying different observations, resolutions, index, matrix, etc.
a danger of getting the right result for the wrong reason by tuning the wrong end of the model

(”‘:

x

>




Messages to take home

|dea *  Future climate information
*  Probablistic approach with statistically downscaled results
=) Stochastic concept
. Quantifying uncertainty of processes =) credible impact assessment

Downscaling--- Added value?

* Once we have more regional detail, what difference does it make in any given
impacts assessment?

«  What is the added value?
« Do we have more confidence in the more detailed results?

Issues
»  GCM boundary conditions are a main source of uncertainty for most downscaling
techniques

» Different downscaling methods can yield different scenarios even when forced with
the same GCM

»  Ability to downscale the current climate does not guarantee accuracy about
downscaling the future

Inter—-comparison of statistical downscaling techniques!
Comparison of statistical & dynamical downscaling (e.g., CORDEX)
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