Statistical Downscaling over Talwan:
Current Daily Data Products and Future Developments

Cheng-Ta Chen?, Shou-Li Lint, Yu-Shiang Tung? and Chao-Tzuen Cheng?
INational Taiwan Normal University, Department of Earth Sciences
°National Science and Technology Center for Disaster Reduction

MRI-CGCM3.2 Dynamical Statistical

_:I:_(mm/day)

TR g, ESARSEReElAEENRTANE

siosT L5 Taiwan Climate Change Projection Information and Adaptation Knowledge Platform



Downscaling

Downscaling Objectives:

(1) Bridge/conduit from large to small scales
(2) Correct systematic model biases

[too cold/warm, wet/dry, etc.]
Statistical Downscaling Advantage:
(1) Cheaper to generate
(2) Easy to test different algorithms

[Synchronous, Asynchronous, Map-typing, etc]
Statistical Downscaling Disadvantage:
(1) No clear theoretical or empirical choice for the best
(2) Stationarity assumption
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Statistical Downscaling for Extremes

Need high-impact and high-resolution climate information for:

* assessing environmental and societal relevant climate change impacts
* developing adaptation strategies and mitigation efforts

Increase in Probability of
(a) What is an Extreme? (b) Extremes in a Warmer Climate
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TCCIP Observation Gridded Data

* Integrate data of different institutes (CWB, WRA, 1A, CAF,
CAA...more than 1400 stations).

* Digitalization and Homogenization for long-term station
records (1900-2017)

Data scattered in different institutes

1 Sources/Distributions of Rainfall observations

(a) ) Red dots: CWB Auto-gauge
Green dots: Irrigation Associations
Golden dots: CWB+CAF+CAA

Blue dots: Water Resources Agency

‘b) 1960~2009 station number
L ! | L




Require long-term high-resolution observations

New high-resolution (5km)
gridded climate data over
Taiwan
TCCIP, Weng and Yang (2015)
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Downscaling Method

Daily Data Bias Correction (Quantile Mapping)
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Rxlday from CMIP5 output interpolated

CMIP5 Model (Interpolation) RX1DAY

IP5L-CMGA-MR < MIR

0C-ESMrCHEM: s MRIZESM 1,

ACGESS1-0

22N

BNLIESM,

CESM1-CAMS:

CNRM;CM5

GEDL-CM3
P

HadGEM2-CE
&

&

e

19 120E  121E _ 122E

ACCESS1-3 -

119E 1206 121E 122

Can

E 120E  121E  122E

CME&GESM

1208 121E  122E

CSIRO-MkK3

£ 120E  121E 122

6-0 'éFangmG

119 120E 121E_ 122E

HadGEM2-ES

25N

24N

b

e

19 1206 120E 122

esml-l

119E  120E  121E 122F

CMCEC-CM s

LESM MR

]
25N
20
*
2
2n

119E, 120E  121E 26
inmc

& &
25N 25N
24n 24M

L L
23N 23
22N 22N

119 120E_ 121E 1226

bcczesml-1-m

119E 1206 121E 122

~CESMA-BGEC

119E

119E  120E 121E 1226

HadGEM2-AO

119E 120 121E

\PSL-CMBALR

19E 120E 121E 122

MIRQC-ESV

TGP ki,

MRI-CGCM3
e

&
25N
24N 24N
@ .
23N 23N
22N 221
T19E 120E 121E 122E 119E 120E 121 1228 119E 120E 121E 1228 118E 120E 121 1228 T19E 120E 121 1228 118E 1208 121E 1228 18E 120 121E 1228

20 40 60

(mm/day)

80 100 120 140 160 180 200 250 300

A 0

NCDR




Rxlday from downscaled CMIP5
CMIP Model (Downscaled) RX1DAY (w31b10)
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Wet day frequency from CMIP5 output interpolated

CMIP5 Model (Interpolation) RR1 (wet day frequency)
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Wet day frequency from downscaled CMIP5

CMIP5 Model (Downscaled) RR1 (w31b10)
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rojected Future Change of Extreme Indices

CMIP5 Model Projected Future Change of Rainfall Related
Extreme Indices (Model Median, 2081-2100)
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Atlas of Future Projected Changes of Extreme Indices
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What’s Next?

®* New Statistical Downscaling Methods:

(1) BCCA (Bias-Correction/Constructed Analogues; Maurer et al. 2010)
combines spatial aggregation and daily quantile mapping with spatial
information from a linear combination of historical analogues

(2) QMAP (Quantile MAPping; Gudmundsson et al. 2012) applies quantile
mapping to daily GCM/RCM outputs that have been interpolated to
the high-resolution grid using the climate imprint method of Hunter
and Meentemeyer (2005) — aka BCCI

(3) BCCAQ (BCCA with Quantile MAPping reordering) is a modified
BCCA using QMAP in addition to BCCA post-processing (Cannon et
al., 2015)

® Use Dynamical Downscaling Result as Pseudo-Observation to:
(1) Compare the Performance of Different Statistical Downscaling
Methods.
(2) Test the Stationarity Assumption under Climate Change.
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Dynamical downscaling from ~25km to ~5km

MRI-AGCM with 20km resolutlonand RCM

Time-Slice Experiments of AGCM HIRAM with ~25km resolution

CMIP5 AOGCMSs E> 20~30 km AGCM E> 5 km RCM
Projected S S pe
Projected circulation I S
Atmosphere SST Atmosphere and SST Wl s
~ Ocean . ~
Lower Initial, Lateral
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Kusunoki et al. (2011)
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Perfect Model Experimental Design

PERFECT MODEL EXPERIMENTAL DESIGN
In The Perfect Model World

Now we can compare skill past vs. skill future to assess the validity of

HiRCM (5km)
PAST

HiRCM (5km)
FUTURE

SKILL SKILL

DOWNSCALED !
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FUTURE
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PERFECT MODEL EXPERIMENTAL DESIGN
In The Perfect Model World
WRF —MRI
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Statistical vs. Dynamical Downscaling

Model year 2000 daily rainfall

1Janz2000
WRF —-MRI
8
5km
MRI/WRF
20km
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Statistical vs. Dynamical Downscaling

QMAP

BCCA WRF'—MRI

Dally
Rainfall
Comparison
Examples
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Comparison between different ESDs

o.9

o.8

0.7

MRI 1979—2003 Pattern Correlation

MMM | HM

|
« ml Tt IR R
1998 1999 2000 2001 2002 2003

o.6
0.5
0.4
0.3
o.2 |
[ I ¢ N
I

QQ7

Percentag

|
| |
| |
I ‘
® 1980 1981 1982 198

19 19 -]

e of time when r(MRI/WRF,ESD) is larger than r(MRI,ESD)

100
90
80

0
%

... mBCCA  mBCCAQ

1A 2H 3H 48 sB eA 7H 8H 9H 10A 118 128

TLLIECOE

A

NCDR



Comparison between different ESDs
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Comparison between different ESDs

MRI 1979—2003 Pattern Correlation
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Comparison between different ESDs

MRI 1979—2003 Mean Absolute Error
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Stationarity Assumption

Pattern correlation for area mean daily rainfall >1m

MRI 1979—2003 Pattern Correlation (>1mm)
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Stationarity Assumption

Mean Absolute Error of Daily Rainfall

MRI 1979—2003 Mean Absolute Error
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MRI 2075—2099 Mean Absolute Error
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Ratio>1-> “Statlonarlty assumption” violated (larger errors in future)
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Stationarity Assumption

BCClI BQCA

1979-
2003
Mean Absolute Error
of Daily Rainfall
2075-
2099
. ﬂ ﬂ m Ratio >1-> “Stationarity
Ratio ) ) ) assumption” violated (larger
” . - - errors in future)
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Summary and Concluding Remarks

¢ Statistical approach is a relatively simple and cheap
alternative to capture full model and scenario
uncertainties.

¢ Statistical downscaling methods applied to CMIP5 data
archive can effectively remove the model bias and adjust
spatial scale dependence of extreme indices.

® Using dynamical downscaling result as surrogate
observation for daily data statistical downscaling,
different statistical downscaling methods will be
compared for the their relative strength in reproducing
“pseudo-observation” and tested for their validity of
stationarity assumption under climate change.
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