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2-Tier Scenario SSTA Multi-Model Ensemble
Dynamical Seasonal Forecast System

Boundary Conditions

I. NCEP/CFS hindcast
SST (bias corrected)
1981-2006, and forecast
SST 2007

AR OYPESST |

~

Initial Conditions /

. AMIP2 ensemble runs
updated with most
recent observed SST

B—. R ZREBE. ZERXREH HERAREANERE,

fi.

Climate Models |

ECHAM4
NCEP/GSM
NCAR/CCM3
CWEB/GFS
ECHAMS

. 10-member single model
ensemble forecasts with scenario
SST for the next 6 months

2. at least 50-member multi-mode|
ensemble forecasts

Deterministic
Anomalies
Tercile

Probabilistic
Tercile

Hindcast assessment

Hindcast verification and
skill assessment, 1981-2006
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Parameter

Verification regions

Deterministic Forecasts

Probabilistic Forecasts

Level

| :Large scale aggregated

overall measures of forecast performance

Precipitation

anomaly

Tropics

(East Asia)

Narthern Extra-Tropics
Southern Extra-Tropics

MSSS (bulk number)

ROC curves
ROC areas
Reliability diagrams

Frequency histograms

Level 2:Verification at grid points

Precipitation
anomaly

a 2.5 by 2.5° grid

grid point verification on

|. MSSS and its three term
decomposition at each grid point

2. number of farecast- abservation

pairs

3. mean of observations and

forecasts

4. variance of observations and

forecasts

5. correlation of forecasts and

nhesarvations

ROC areas at each grid
point in graphic
representation

Level3: Grid point by grid point contingency tables for more extensive verification

Precipitation

anomaly

a 2.5° by 2.5° grid

grid peint verification on

3 by 3 contingencytables
at each grid point
Gerrity Skill Score

ROC reliability tables at
each grid peint
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MAGTARE R AERKESE (APEC) MEHT > HEBBRGEBEASE -

FEiBE QYRR R A 0 L BB BB LTS B S A R A F0 AT 69 ECHAM4. 6 2
ECHAMS. 2 #K ~ ¥ 2R £ A 92 K ABE AKX (CWB/GFS) ~ R £ Bl R &
HE M E R IR TR R P w69 NCEP/GSM ~ £ B K RUAH2HF R F o 89 NCAR/CCM3 -
= B ~A~+—AAday 1981 F £ 2004 F 69 % & %4k (Hindcast) ¥ &
BARLEMBX AT S EHA AR RO BIRY M SR - &R BT R
EM=Zn (B%~EF ~RHD) BMT @ CSSHMHF S £B AT EFIb
E&ARRBERHE  UHEFhLF455% % ECHAMA ~ CWB/GFS ~ NCEP/GSM 4= % &
BMAKFBEL BRI MASEWE —F L FHKZ SSHBILR Fhoh
ERBPAME - b 0 AL HA ROC Curve #v Reliability diagram % &
BEAXMR=Z2B (BE -EF ~RD) BRERARER S BERRR > FE8
AEERKX BB A BIFOEKER > AL F 2 hindcast BARILAE -
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AMHERLS T X2 R4 A FHRRETF HBERB TG E
RAZ 0 BRAMLE MM OMER B A 2HREF (wRTEA 20
BAMRUATABEIR 80 BoMALEA®S) AFL R0 HBER

(30-40-30% * > ~E¥ R %) EH&ERRE? b Em A ZHFHmIETF
0k B R B8 A E R 483 64 GSS BG4 o A LASPAE 42 4k & LAfE 3 58 5] TR
#% &9 Equitable Threat Score (ETS 2 Gilbert #4455 )75 b L% >
FEFE R Gy B TR | A & Z F # ROC score ¥t Reliability Diagram (4
Brier Skill Score) &9 #7tb# o ROC score R sAi—H AL 5 H A
AL o

— A TRBPET &

L1 ®RFw

ABBERTE > AMAEMERT 2KE® R % T F (Global
Precipitation Climatology Project, GPCP) A ¥ & 4+ » K- F847 2
A 20x25(HEESETAZ) - EMEER 1981 F1 A% 2000F4 A -
F@EMANE > F 4R Huffman et al. (1997) -

1.2 A FH

ABEXER @ AR EBRETAR T 6T % HNCEP/CFS)
49 Hindcast (#&4R)EBFAMEH - BTERH LB L HLR LHAK AT
ECHAM4 ~ + #= & %5 892 3K K RAE A (CWB/GFS) 22 & ECHAMS ~ £ Bl K A R
¥ & &9 CCM3(NCAR/CCM3) ~ X #4348 F B A F o 69 NCEP/GSM > = R E
EAER 2-5~8~11 A4 1981 £ % 2004 ¢4 A4 % %k (Hindcast )& - &



vEEEX YOI B AERE KTFRTEA = A BRI 42 % (Triangular
truncation 42 wavenumbers,T42) » #HEREF & &% > dir & 64
18 % B 48 8L o EAEFEERA L BB (80E-160E, EQ-50N) - sb4 &R
B ST BA S AL S AR 70 A b ECHAMA ~ F 3= /L &8 a9 2 3R K AU A (CWB/GFS)
LB ECHAMD JR A+ S R & 5 693y ) 43t AR 4 4 (CWB/OPGSST ) A a4k &
MR EET el TR R M BRAHRER A E LM (Hindcast) T 5 £ %
ERAMSHRERR RALENEE A LRy FREAGHAE - LFBX
ABFHRETHRARBEREBRT A 2004 FHREGRAEBEBEAREL A
(NCEP/CFS) & it Brb sz —E B s oL, o

1.3 &7 ik

(1) Equitable Threat Score (ETS, Gilbert Skill Score)

ETS# o AHE BRI B L 0 BEHA £ VLB AR EFETRHR 2235
BT RMEATEBEGNS (Pl TRRIGHELLBEE RS EHR
WHRREREHGEL) B EAR T !

ETS = (hits - hits_random) / (hits + misses + false alarms -

hit random)
H 4 hits random = (hits + misses) (hits + fasle alarms) / total

FEBE S e B AAR $HE R B RGR R AR S8 A 5 9ETSH AT 0 £ — %
=R S URUBSEH AR TR S etk -

(2) Relative Operating Characteristics (ROC) curve #2 ROC scores
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ROC,’E%""{E%IJ% F@\:}:%ﬁﬁﬁ_J ;ﬁi_ rﬁ%%ﬁ-%ﬁ#&J bb%’iTFﬁjg—é{J*i’?ﬁﬁg'% 2
HEob ToadEmHR, (Yib) 82 M8 3REAMFAR , (Xdbh) 93 EH 5

ROC scores & H| XM X B &R 09— 18 & B BT 0 B0 Kb
Bp A ROCH & A% » 5K X & 0934 0 A 1 0 ™ & dh SRE4F 35 A 3 A 4% sbed
Btsgy (@) BPA0.5 ROCHK A R AKX RMF 2 IR AER > M Ik
FIB BT ARR £ Z BAR KD 5 m £ e K 89 FAMALZF 15 A 47 59R0C - B #LROC
LT AR — RS G E -

M TROCHE M54 m 4 » T A Acurve RE B A B4 R 69% 3 - ROC
curvedty Tk - — B4 AL (0,0) 2 (1,1) » AEHEEAKIZE]L - £
S AgANESF Ax TP RER ) AR THBEBAER, 5 FROC curve
EHAHAR LS LA RARKM MEHREARARZ TS R S
PR DT RTAR 0 AL TR AT AN R TR - R E A £ $ skill
score R fEE R Ak R M FA4R L ROCR] F) 6538 A 7R E ME TR IR P14 TR 3R o
ERRRET  BEHU=ZEESY (Z@E% V@) > LUy BE N
Z#ROC curve > MU RBBEATARERZTREE LS -

ROC score &3t E o7 LASE 2548 2 L& B a9 45 0 40 5T LR 18 5] 48 45 25
EE Y EH -

(3) Reliability diagram #«Brier skill score

2 2RROC curvefe PR EEF LB H R E » E— B ADAE AR RTER
LEROC curvetkreliability diagram® £ S &I 15 » 128 T E#H4 X £ £ M
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S ERE R mEZER AR KA € ABIRIE #Yreliability diagrams
#Heh 4 # o Reliability diagram#iROC curve#s # B 3 48 s » R B XHY
AR ARG R AR FRE ARG T OBRAFEFEAAE  BRTE
ARG E LT AR A HOGH BT & St AREWilks (1995) &y
MR R A ST RS B —F TR B P Bak R B ORA
B2 EIRAE M BEDbE AL & syresolution:; Blchd Ry £ HAKRZ L >
# = FA4k 4 Bunderforecasting®)fe 2 * RZ » F B AHA KX T » &5
fa#koverforecasting ; m Eld A A3k *T 13 B & R i 9k ¥ 4F &yresolution s &
reliability diagrams#{ 3 dve@ 8 > Z T~ HLAH—FR OB X s REEH
KEEIEF D B Z2 B E tyreliability diagramsB| € %84 f B o £ R
% o 4%Reliability diagramé: R #ROCE 48 80 » /A IREFAIRA T B30
EEW—E2EME -

B — : Reliability and sharpness (from Wilks 1995)

sboh o EARFE P 0 IR 4EBrier score (skill)#yfE#BiReliability
diagram&y#)38 > £ & R HROCEABHE A RBARATHNAET o —
18 %% 3R & - Brier score # & A4 % A F éymean square error » H & 4%

F B0 BSSEAE4F 2 Al 5 EBSSeyE 08y » R ra¥n 54 MR
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HAHHTH o 2 P BSFBSSHYE B 4u T

2

N
(Brier score) BS=—- (p-0,)

i=1

AP NATAROLI PAMEERLER 0T RRA GHEBRF ¥
EHEABRAANAL EAABERNENA0) MR TEBBES

1™ 2 1T 2 1 T T
BS ﬁi:] (Pi -Oi) EK_IHK(PK 'OK) -iK_an(OK -0) +0(1_0)
1 i : - BS-BSreference _ BS
Brier skill score : BSS= e 1- -

(4) Value Score

AZERBRHNARGAZEERER (Flold BTG~ KEREE
~EEE)ME  BANSERSARECAMERE LR EF T X
RANB LB T X FRABFEHRAZEERERBBA MR- E AR
A David Richardson (2000) #2Wilks (2001) Arag i eyrik » » B:ER &
F o R IE-F AR Z SR b 69K DA LA AT o

Wilks (2001)  Adverse Climate? Observed event!?
Yes No Yes No
false
Yes | Cost | Cost hits
Protect? Forecaf't Yes alarms
event!
No [Lost | O No | misses

UEBAEE > $AERMEFRE (XBV) t9EHBELE  wRF
BBUETATE P G rebF > R eH — T 8Bk (Lost) 2 AHKIRAEG
PR E A EE — 28 (Cost) MmEIEFHNA EHmERRSLHT
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AB T UM EETAIR > T E ARG P £ (hits) ~ kT8 F (misses)
R EFE (falsealarms) $an AW BhFHLESRE TN EL — B
MABAE T HILE

E forecast =F (1 - s)C - Hs (L - C)+slL

F: false alarm rate, H: hit rate, s: base rate (frequency of

observed events)

I: lest, G cost
18 1845 4 (value score, V) #92 & 5
V = (E_climate - E_forecast) / (E_climate - E_perfect)

HA —BRRA LGB ES S A BRAGHTEF LT HIEE 69K
KEAEHNwRAE XL FRREHT AEIGF BT RKE -

CHMAGKEREE  BRABREZABRMFHREESE > F3HREGH
B R a6 0 Bk 0 E_perfect = s Ce

E_climate (climate expense) &yf&3tib st » R ERAB R 4o
RGN MR RN E dof 48RRI B AR K e 0 AR IR
E always=C> RiBRH > wRAZ R KRAG A FEEE > HBFHIEE
Enever = s L» Ll k4R > B RAABBRZRBEFERILE > MR
s A % Eonever >E always if @ AR KREBRFHEIREEE T F
E_never < E_always 8% » 48:% R 3REGH i SR 6 » prasiizfiy A R
#eF > E_climate = minimum (C , s L) > AN EFABEF» HEER

I AE B 2 o

A EEEBERAT BEEs (V) TRET A cost/loss b8
BomARMAERALETUBAFELEH#XRBHREB L -
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BN ENERARLER TR

FTHHAARTHEREF RS (30% 28 ) fi4m % (20 £ 8 )
B B S BAASERFALA N (4 2 5, 8 11A) sh5RH MM
o RARIG D B S T 0 RAERE S (D) etk 5% KRB E
A A BFIMA R BRI E SR TRE R E SRR
PR T # -

2.1 EIS &84

LA+ — A Aeks 0 A F (DIF) MemseFayip 5 (30% AF) #iE
% (20% &A@ ) i :

LT

WA—ets prec ens—8 Nov-=DJF 207%-60%-207%
; i 3 i

_ I

A=A Aeds  FARAEZE (MAM) BRIETa9e % itk S b o ¢

ens—8 Feb-+MAM 40%-20%—40%

Above—ets prec
T~ 2
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B RAAY BREF (JJA) MmiE-F ok % 8k 5 i

Above—ets prec ens—8 May-JJd 30%—-40%—-30%

AN A A4S 0 FARAKE (SON) R IE-F a9k % didk S tb 8 ¢

Above—ets prec ens—8 Aug-SON 20%—40%

3, &

B AL ATAHRE S 4 FEMRATFETS score  —fxmE > EREE
=45 %818 % 4ETS score# -

22 ROC HEWmiBo

A+ — A Aeks 0 4RAF (DIF) MwmIEFaiR % (30% AR ) #iE
% (20% AE) #bs:

40%—30%
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AR Aeds o FARAE (MAM) BRiETa9ie %2 Eia i .

1981-20083 Feb->MAM 40%

ROC-4 prec ens-8
@ T
0.5 A

90E

4 E N .o > ' y
BN A
120f

B A FAREE (JJA) BRIETeME %8R 5L

40N |

30M

20N

LN R Ae4s > FmAKE (SON) M 3EF a9k % 924 % b &g ¢

ROC-A prec ens—8 1981-2003 Aug->SON 40%—-20%—-40% ROC—WA prec ens—8 198
= N 7

7 N A o %
= <. A
PALTTNE -
N A b Wy
{ @ /? 4 5 =~
o > i
11 o8
)

1-2003 Aug-SON 20%—-60%—20%

401

z

20N 20N

PR b TARE S o9 FE FARATF 89R0C score » —#& M E » #EF L
=51k % e9ROC score# -

2.3 Reliability Diagram and Brier Skill Score

Ut — At ARAFE (DIF) BmeEF ok % (30% > AR/ ) i
% (20% &8 ) #Htb& > festHEAEX &R
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Observed Frequency

Reliability diagram
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Forecast probability
Reliability diagram
prec FEC5-0PCG17_sh 87-03 Nov->DJF
80— 160E,0—50N 6000 —omPles
lower 4000
0.81 middle } 2000
upper 3
/} o
0.6 / /| so00
no resolution . 4000
(climatology) Afcrf,
&
0.4 o » _ﬂ_.«aﬁ’_ 2000
o
8000
?fd’lv Seore {skill) Reliability Resolution Uncert]
02 o.22 0.05) o002 (092) o.01 (003 oz | $000
0.27 f-0.12) 008 ( 0.88) 0.60 ( 0.00) 0.24 2000
23 (-0.08) 0.02 (089) 0.00 ( 0.02) 0.21
0 T T T T T 0
5 15 25 35 45 55 65 75 85 895 (%)
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Reliability diagram
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0.84 maiddle 2000
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P
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no resolution /.0 4000
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54 N S 2000
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Forecast probability

® = s
N k=1 2]

Observed Frequency

S
o

Reliability diagram
prec cem3 1987 -2003 Nov-DJF

80~160 0~50
well—below
well—above
et e "
no resolution s
(climatology) s 4
/°"—
o
Brier Soore Sk“fb'f'm Resolution  Ineerd]
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Forecast probability

Reliability diagram

S le
8000 — 2%

8000
4000
2000

8600
8000
4000
2000

r

prec ecb—cfs_sh 19871—-2003 Nov-DJF

80~7160 0~50
well—below
well—abouve s i
= 0% 8000 =S
8 / 6000
gas /,; 4000
i P !/,f 2000
no resolution
:‘ (elimatology) /‘B‘ Eel ," ]
o, / 2000
@ 0.4 Bl
2 5 o/ T | sooo
H g=-a 4000
)
S [ g |Brier seore f:u’zg,ez ility Resolution  Uncert| 2000
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Forecast probability
Reliability diagram
prec echi—opgil_sh 71987 -2003 Nov-DJF
80~160 0~50
well—below
well—above Samples
.08 5 sooo
£ /| sooo
2 # 4000
& 0.8
b N A 2000
r: no resolution EI’/
(climatology) 7 - o
o S ST | eooe
g 'ﬂ“ . 8000
a3 e 4000
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' = e e o
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Forecast probability
Reliability diagram
prec echam4 19871 —-2003 Nov-DJF
80~760 0~50
well—below
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£ 6000
5 o8 5 2000
e e 4
& no resolution / /
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8000
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b B o 1000
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o —T i
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Abstract

This study investigates the potential of predicting local precipitation over northern
Taiwan using statistical downscaling of large-scale circulation variables from global
climate models (GCMs). Historical hindcast data of 500 hPa geopotential height
(Z500) and sea level pressure (SLP) from six different GCMs, with the target season
of being that of June, July, and August (JJA), are used as ?predictors for downscaling.
Singular value decomposition analysis (SVDA) using observational data reveals that
the rainfall over northern Taiwan is strongly coupled with a prominent tripole pattern
of Z500 (SLP) field over the western North Pacific/East Asian coast. SVDA using
model SLP or height field and station rainfall as input also gives similar results,
indicating that most models can capture this mode of co-variability, SLP and Z500
from models are then used for local rainfall prediction based on their refationship,
which is drawn from the SVDA. For every station considered in this study,
downscaled prediction shows considerable improvement when compared with model
output. In particular, downscaling is able to correct the erroneous sign of model
rainfall prediction. However, a few models show very low skill in their downscaled
precipitation. For these models, the correlation between observed rainfall and
simulated Z500 (SLP) leading SVD patterns is found to be weak. The performance
based on the average of downscaled prediction using Z500 and SLP is also evaluated.
In general, the average prediction is more stable and skillful when compared with
results based on one predictor. Overall, this study demonstrates that useful regional
climate information can be obtained from downscaling using large-scale variables

from coarse-resolution GCM products.
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1. Introduction

The East Asian Summer Monsoon (EASM) region is noted for its complex
space-time rainfall variability. The complexity of the monsoon system makes it hard
to have skillful predictions in the EASM region. General circulation models (GCMs)
have become the main tool for seasonal prediction. Though large-scale features of
atmospheric variability in the tropics can be reasonably captured (see, e.g., Lau 1983;
Rowell 1998), GCMs still have considerable difficulties in faithfully simulating
regional climate correlations (Gortch and MacCracken 1991; Xu 1999). Owing to
their relatively coarse resolution, land-sea contrast and topography in the regional
scale cannot be properly represented in global models. The difficulty in skillfully
predicting the EASM broad-scale climate using GCMs makes regional climate
forecast an even more challenging problem (Sperber and Palmer 1996; Wang et al.
1998; Sperber et al. 2001; Kang et al. 2002).

Various methods of downscaling have been developed in order to overcome the
inadequacies of GCMs in simulating local climate conditions. They can be
categorized into two types. One is the method of dynamical downscaling.
High-resolution simulation is obtained using a regional climate model, which in turn
is driven by the outputs of a coarser resolution GCM. This method has the potential of
simulating extreme events (Diez et al. 2005). However, high-resolution simulations
can be computationally expensive, and a lot of storage space is required for archiving
model outputs. The other type is statistical downscaling (von Storch et al. 1993). The
goal is to discover a stable relation between GCM outputs and a variable of the local
climate. This relationship is exploited in order to predict elements of the regional
climate using GCM products. Statistical downscaling has come to be widely used

because of its lesser computational requirement.
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Most statistical downscaling schemes are based on regression or similar methods
(Giorgi et al. 2001, Benestad 2004). Wetterhall et al. (2005) used sea level pressure
(SLP) as a predictor and found increased skill in predicting the seasonal mean
precipitation using analogue-based downscaling. Feddersen and Andersen (2005) also
reports skillful predictions of temperature and precipitation by statistical downscaling.

The focus of this study is the application of statistical downscaling for regional
climate prediction over Taiwan. In particular, a downscaling scheme for predicting
summer precipitation over northern Taiwan will be developed. The results of
downscaling based on various GCM hindcast experiment datasets will be analyzed.
The outline of this study runs as follows. Section 2 introduces the model data used
and the method of downscaling. Analyses and results of downscaling are described in

section 3. A summary and some discussions are presented in section 4.

2. Data and methodology

2.1. Model experiments and station data

In the present study, data from hindcast experiments from six different global
models with the target season of June, July, and August (JJA) are used for statistical
downscaling. These datasets are taken from the SMIP-type historical forecasts with
one-month lead time, for the period of 1983-2003, SMIP being short for the Seasonal
Prediction Model Intercomparison Project. They were run by six operational centers,
and are archived at the Asia-Pacific Economic Cooperation Climate Center (APCC).
For the hindcast experiments run by the Central Weather Bureau (CWB), the
Hydrometeorological Centre of Russia (HMC) and the Main Geophysical Observatory
(MGO), the Sea Surface Temperature (SST) used in seasonal prediction is based on

observed persistent SST anomalies. For the Japan Meteorological Agency (JMA) and
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the Meteorological Research Institute (METRI), predicted SST information is used.
The National Centers for Environmental Prediction (NCEP) forecasting system is a
fully coupled model. Table 1 provides a summary of data sources and model
experiments. All hindcast data are interpolated on a 2.5° x 2.5° grid for analyses.
Station data of precipitation over Taiwan for the period of 1950-2006 are provided
by the CWB. Six of these stations in northern Taiwan are studied. Their locations are
shown in Figure 1. In addition, NCEP-NCAR Reanalysis fields are also used as
observational data in this study.
2.2 Choice of predictors

Statistical downscaling makes use of long-term GCM hindcast data to derive
robust relationships between observations and model outputs. The information is then
used for choosing suitable meteorological variables as predictors. Two conditions
should be satisfied in selecting the right variable. One is that it has to be well
simulated by the GCM (Wilby et al. 1999), The other is that there should be a stable
relation between the predictor and the predictand. For instance, the variable with the
highest correlation coefficient with the predictand can be a good choice for a predictor
(Kang et al. 2007). Commonly-used large-scale variables for predicting precipitation
include the geopotential height (von Storch 1999), SLP (Wetterhall et al. 2003),
geostrophic wind (Wilby et al. 1998) and wind speed (Murphy 1999).

In addition to selecting predictors, it is also important to determine the domain
over which predictor values are considered. The place where the correlation
coefficient between a predictand and a predictor is zero can be considered to be the
boundary of a domain (Benestad 2004). Another basis for the selection of a domain is
that it should be large enough to resolve the relevant large-scale pattern and

encompass corresponding observations (Feddersen et al. 2005).
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Based on the results of correlation analyses between various large-scale variables
and the station rainfall of interest, 500hPa geopotential height (Z500) and SLP are
used as predictors and the domain of analysis is chosen to be 80°-160°E and 0°- 60°N.
2.3. Statistical downscaling method

In this study, a combination of EOF truncation and SVDA is used to obtain stable
statistical relationships between large-scale circulation and regional precipitation.
Before downscaling is applied, the time series of large-scale variables are
reconstructed using their respective EOFs and principal components as a means of
noise filtering. Here, the first ten leading modes for the large-scale variables are
retained. SVDA is then used to extract coupled patterns between the two fields. A

downscaling transfer function was constructed as follows:
PR, (t,x)= D _S (DR (x)
i=1

Here PR (t,x) indicates the downscaled prediction. S,(¢) is the time expansion

coefficient of the SVD mode for the large-scale predictor. R,(x) is the singular

vector of the predictand, and » is the total number of SVD modes retained.
Cross-validation was carried out to evaluate the skill of the downscaling scheme. The
detail of the method of downscaling can be found in Kim et al. (2004), Feddersen et al.
(1999), Feddersen et al. (2005), and Kang et al. (2004). The same process is repeated
for the hindcast dataset of each of the six models. We also consider the results of

downscaling obtained by averaging the six downscaled outputs from all models.

3. Results

3.1. Relationship between regional rainfall and observed large-scale circulation

For the purpose of obtaining a first glimpse of the inter-annual variability of
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rainfall over northern Taiwan, an EOF analysis for JJA precipitation is carried out.
The leading EOF pattern is given in Figure 2. This EOF mode accounts for 86% of the
total variance, and is characterized by the same sign of rainfall anomalies at each
station. As will be shown subsequently, this dominant mode is closely tied to the
circulation over the EASM region.

SVD analysis is now used to unveil any robust modes of covariability between
large-scale variables and station rainfall. Figure 3 gives spatial patterns for the first
SVD mode using station precipitation and Z500 as input data, and those using
precipitation and SLP. For the Z500 field, a tripole can be discerned in the East Asian
region, which is characterized by a wave-like pattern with centers of action along the
East Asian coast. There is a positive center over Taiwan, a negative center over Japan
and the Korea peninsula, and a positive anomaly is found over the Sea of Okhotsk.
The corresponding rainfall pattern shows suppressed precipitation for all stations over
northern Taiwan, similar to the 1% EOF of rainfall (see Figure 1). A similar pair of
patterns is found for the leading SVD mode for precipitation and SLP, with an obvious
north-south oriented tripole corresponding to the latter precipitation field. The time
seriecs of expansion coefficients corresponding to the leading SVD mode for
precipitation and Z500, and for SLP, are given in Figure 3c and 3f, respectively. The
moderately high correlation between the expansion coefficients suggests that the
rainfall and Z500 (or SLP) are coupled on interannual timescale. Overall, the results
indicate that suppressed precipitation over northern Taiwan is associated with a
large-scale tripole pattern in the SLP or Z500 field, with positive centers of action
over Taiwan and also over the Sea of Okhotsk to northeastern Eurasia, and a negative
center over Japan, In addition, the Squared Covariance Fraction (SCF) between Z500

{or SLP) and station precipitation for the first SVD mode is about 90%. These results
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provide a basis for choosing Z500 and SLP in predicting station rainfall over northern
Taiwan during JJA.

To further elucidate the relationship between the large-scale circulation and station
rainfall corresponding to this SVD mode, we designed composite maps of rainfall, for
SLP and 850hPa wind. Based on the SVD expansion coefficients, the years of 1984,
1986, 1990, 1997 and 2000 are selected as wet years, whereas 1988, 1993, 1995 and
2003 are selected as dry years. A dry-minus-wet composite map is shown in Figure 4.
It can be seen that, when dry condition prevails, there is an anomalous anticyclone
over a broad region in the western Pacific, covering Taiwan. A triple pattern can be
clearly seen in the SLP composite, with consistent low-level circulation anomalies.
Note that the anomatous wind field is strikingly similar to that associated with the
positive phase of the dominant rainfall pattern in the EASM region studied by Hsu
and Lin (2007).

3.2. Relationship with model variables

The relationship between station precipitation and large-scale circulation features
in models is now presented. Figures 5 and 6 show the spatial patterns of station
precipitation and circulation variables associated with their leading SVD modes for
each model. It is encouraging that the model Z500 features are consistent with those
to be obtained from observation (see Figure 5). In particular, there is a broad-scale
positive anomaly in the western Pacific, covering Taiwan, and a negative signal is
found near Japan. Accompanying these is reduced rainfall over the northern part of
Taiwan, which is in agreement with observation. However, details of the Z500 pattern
vary from one model to another. For example, the positive signal north of Japan (see
Figure 3b) is absent in HMC and NCEP models, while it is shifted westward for IMA.

The negative center over Japan and the Korea peninsula found in observation is
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located too far north in the METRI counterpart. When compared with the
observational result (see Figure 3c), the correlation between expansion coefficients of
station precipitation and Z500 is relatively low for IMA, METRI, and NCEP data. For
CWB, HMC, and MGO, the correlation coefficient is comparable to the case in
observation (~0.6).

Figure 6 gives the first SVD mode using SLP and station precipitation from each
model as input. In broad agreement with observation, most model SLP patterns show
a positive anomaly over the western Pacific, and a negative anomaly at 30°-40°N.
However, details of the tripole feature of the observed anomalies SLP are not well
captured in every model. For instance, a northward shift or expansion of the negative
anomaly is found in HMC and NCEP. The negative center of action near Japan is
weakened or even absent for CWB and JMA. For the correlation between expansion
coeflicients of precipitation and SLP, those from JMA, METRI, MGO and NCEP are
relatively low, while those from CWB and HMC are comparable to the observational
value.

In summary, the spatial patterns for the leading SVD modes between large-scale
variables (Z500 and SL.P) and station precipitation for most models resemble their
respective observational counterpart. From the model hindcast datasets, the prominent
signal of the fact that the anomalies are high over the western Pacific and low over
Japan is associated with suppressed rainfall in northern Taiwan. However, a number
of models seem to have difficuity in capturing the high pressure center over the Sea of
Okhotsk. It is also noteworthy that the correlation between the expansion coeflicients
for the rainfall and Z500 (SLP) fields is especially low for some models runs (~0.36
compared with ~0.6 in observations). In other words, the large-scale circulation

features in these GCMs seem to be loosely coupled with station rainfall variability. As
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will be seen in the next section, this weak coupling might lead to a low skill in the
downscaled rainfall prediction based on these models.
3.3 Downscaling prediction of station rainfall

We now compare the results of precipitation predictions based on raw model
outputs and those from downscaling. Figure 7 shows the temporal correlation between
model simulated precipitation and observational records for each station location
during JJA. It can be seen that most models show no skill in predicting station rainfall.
The correlation between the rainfall averaged over all stations in northern Taiwan and
that from simulation is negative for every model. After the Multi-Model Ensemble
(MME) mean (i.e. simple average of outputs from all models) is taken, the correlation
coefficient for the averaged precipitation of the six stations is -0.2.

On the other hand, downscaled products using model output show considerably
the skill in predicting station-scale precipitation. Figure 8 gives the correlation
between observed rainfall and downscaling prediction using Z500 as a predictor.
There is evidence of great improvement of prediction skill. The correlation is positive
between northern Taiwan averaged precipitation and the downscaled output for every
model. In particular, predictions based on CWB, HMC and JMA give positive skill
scores for every station. As for the MME mean of downscaled outputs, the six-station
averaged skill score is 0.49.

When we compare Figure 5 with Figure 8, it can be seen that hindcasts from CWB,
HMC and MGO give the highest correlation between expansion coefficients of
rainfall and model Z500 patterns for their leading SVD modes. The downscaled
predictions from these three models also show the highest skill scores. Thus there is a
strong association between station rainfall and the model Z500 field. Such a strong

relationship, which is similar to that found in observation, leads to a good prediction
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of local precipitation using model large-scale variables.

The skill score for downscaled outputs using SLP as a predictor is given in Figure
9. High skill scores are found for downscaled precipitation from CWB, HMC, and
JMA hindcasts, and also for that based on MME average. Again, there is relatively
high correlation between SVD expansion coefficients for precipitation and SLP for
those models with skillful downscaling prediction. The only exception seems to be
MGO hindcasts when SLP is used as a predictor. While the temporal correlation is
high between the expansion coefficients of SLP and rainfall, downscaling using MGO
outputs is not particularly skillful. One possible reason for this could be found upon
closer inspection of the SLP pattern corresponding to the first SVD mode (see Figure
6). It shows a negative SLP anomaly over Taiwan, which is opposed to the positive
center over the same region in observation (see Figure 3). The erroneous circulation in
the leading mode of SLP thus captured could deteriorate the skill of downscaled
prediction from this model.

After examining the skill of downscaling based on each predictor, the resuits using
two predictors are shown in Figure 10. For each model, downscaling is carried out by
using 2500 and SLP separately, and the final prediction is the simple average of the
two downscaled products. Compared with prediction based on a single predictor (see
Figures 8 and 9), the prediction based on the downscaled output involving two
predictors gives a better performance for the area-averaged precipitation.

Finally, we compare the observed precipitation to predictions based on various
methods, on a year-to-year basis. Figure 11 shows the observation, MME average of
raw model output, downscaled prediction using Z500, SLP, and Z500 and SLP
together. Note that the raw MME output has been rescaled by the ratio of the standard

deviation of the observed precipitation to that from simulations. It is immediately

11
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obvious that the model rainfall and the observational record tend to have the opposite
sign. On the other hand, downscaling can correct the sign of rainfali prediction. For
example, during 1983-87, 1989, 1990, 1997, 1998, and 2002, downscaled results give
the same sign as the observed station precipitation, while the model output and
observation are out of phase. For the year of 1998, downscaling successfully predicts
the sign of rainfall anomaly, but its amplitude is too strong when compared with that
found in station data. It is possible that the model response is overestimated in this
strong La Nina year. The method of downscaling successfully corrects the sign of
prediction but fails to correct its amplitude. Results from Figure 11 also suggest that
downscaling based on Z500 and SLP together gives a stable and skillful prediction.
Overall, our study demonstrates that downscaled precipitation based on large-scale
variables from GCMs is useful in regional climate prediction, which corroborates

coarse-resolution forecast products from global climate models.
4. Summary and discussion

In this study, statistical downscaling based on GCM outputs of large-scale
circulation variables is used to predict station rainfall over northern Taiwan. In
particular, Z500 and SLP from 6 different global models are used as predictors.
Downscaling is shown to considerably outperform global models in predicting
regional precipitation. In general, downscaling predictions using Z500 give higher
scores than those based on SLP as a predictor. This may be due to the inability on the
part of some GCMs to represent a realistic coupled pattern between SLP and station
precipitation. On the other hand, the Z500 pattern coupled to station rainfall seems to
be better captured in models. Also, it is shown that the mean of downscaling results
based Z500 and SLP gives a more stable and skillful prediction. Overall, statistical

downscaling can be a powerful method in extracting useful information on local

i2



295

300

305

310

climate variation from GCM outputs.

Our results also suggest that the skill of downscaling is ciosely related to the
following factors. (1) The ability of GCMs in capturing the coupled pattern between
predictor and predictand: For example, for the JMA hindcast data, SLP (which is
relatively well captured) can be regarded to be a better predictor when compared with
Z500. (2) The degree of coupling between a model predictor and the predictand in the
temporal sense: For instance, downscaling using NCEP data gives a poor skill. This
may be related to the low correlation between the model large-scale circulation pattern
and station rainfall, even though the model coupled patterns are realistic.

In the present study, the downscaling based on a single predictor (Z500 or SL.P) is
investigated. Further investigation of downscaling based on multiple predictors wiil

be carried out in the future,
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List of Table Title

Table 1. Description of the GCMs used in this study

List of Figure Caption

Figure 1. The location of the six stations in northern Taiwan considered in this study.

Figure 2. (a) Spatial pattern of the first EOF for station precipitation in northern
Taiwan during JJA, for the period of 1951-2006. (b)The principal component of the

leading EOF.

Figure 3. The leading SVD mode spatial patterns of (a) the observed station
precipitation in northern Taiwan and (b) the observed Z500 in East Asia during JJA. (c)
Normalized expansion coefficients corresponding to precipitation and Z500. The
leading SVD spatial patterns of (d) the observed station precipitation and (¢) the
observed SLP in East Asia during JJA. (f) Normalized expansion coefficients for
precipitation and SLP (Dotted contours represent negative values in (b) and (e)). Data

for the period of 1983-2003 are used.

Figure 4. Dry-minus-wet composites of (a) station precipitation (unit: mm/day), (b)
observed SLP field (contours in interval of 0.3mb), and (c) observed 850hPa wind
field (unit for scale arrow: 3m/s) during JJA. (wet years: 1984, 1986, 1990, 1997 and

2000; dry years: 1988, 1993, 1995 and 2003)
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Figure 5. The leading SVD patterns of (a), (d), (g), (i), (m), (p) the observed station
precipitation in northern Taiwan, (b), (e), (h), (k), (n), (q) model Z500, and (c), (), (i),
(1), (0), () expansion coefficients for precipitation and Z500 based on CWB((a),(b)),
HMC((d),(e)), IMA((g),(h)), METRI((}),(k)), MGO((m),(n)), NCEP((p),(q)) hindcast

data during JJA for the period of 1983-2003.

Figure 6. Same as Figure 5, but for station precipitation and model SLP.

Figure 7. The correlation coefficients between the observed JJA station precipitation
and precipitation from (a) CWB, (b) HMC, (c) IMA, (d) METRI, (e) MGO, (f) NCEP
model, and (g) MME average of model output. Numbers on the horizontal axes
represent stations located at Tanshui, Anpu, Taipei, Chutzehu, Ilan and Hsinchu.
Correlation coefficients between the average precipitation for all stations and the

corresponding mean precipitation from models are given at the top left of each panel.

Figure 8. Same as Figure7, but for the downscaling result using model Z500 output as

a predictor.

Figure 9. Same as Figure7, but for the downscaling result using model SLP output as

a predictor.

Figure 10. Same as Figure7, but for the downscaling result using model SLP and 2500

output as predictors.
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435

Figure 11. JJA precipitation, averaged over all stations (black), and the corresponding
prediction based on different prediction schemes, for the period of 1983-2003 (blue:
MME model output, yellow: downscaling prediction based on Z500, green:
downscaling based on SLP, red: average of downscaling using Z500 and SLP.).
Downscaling results are obtained from averages of downscaled prediction based on

individual models. (Unit: mm/day)
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Table 1. Description of hindcast experiments used in this study

Acronyms Institution Model Data Type
Resolution

CWB Central Weather Bureau T42 118 SMIP/HFP
HMC Hydrometeorological Centre of Russia  1.12°x1.4° L28  SMIP/HFP
IMA Japan Meteorological Agency T63 L4D SMIP/HFP
METRI Meteorological Research Institute 4°%5° L17 SMIP/HFP
MGO Main Geophysical Observatory T42 L14 SMIP/HFP
NCEP National Centers for Environmental T62 1.64 CMIP/HFP

Prediction (a Coupled Forecast system)

20



25.5N

Anpu
~ Chutzehu
qo“ "_.M

25N Taipei

llan

24 5N | S
440 121E 122E

Figure 1. The location of the six stations in northern Taiwan considered in this study.
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Figure 2. (a) Spatial pattern of the first EOF for station precipitation in northern
Taiwan during JJA, for the period of 1951-2006. (b)The principal component of the
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Figure 3. The leading SVD mode spatial patterns of (a) the observed station
precipitation in northern Taiwan and (b) the observed Z500 in East Asia during JJA. (c)
Normalized expansion coefficients corresponding to precipitation and Z500. The
leading SVD spatial patterns of (d) the observed station precipitation and (e) the
observed SLP in East Asia during JJA. (f) Normalized expansion coefficients for
precipitation and SLP (Dotted contours represent negative values in (b) and (e)). Data

for the period of 1983-2003 are used.
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observed SLP field (contours in interval of 0.3mb), and (c¢) observed 850hPa wind
field (unit for scale arrow: 3m/s) during JJA. (wet years: 1984, 1986, 1990, 1997 and

2000; dry years: 1988, 1993, 1995 and 2003)
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Figure 5. The leading SVD patterns of (a), (d), (g), (j), (m), (p) the observed station
precipitation in northern Taiwan, (b), (e), (h), (k), (n), (q) model Z500, and (c), (), (i),
(), (0), (r) expansion coefficients for precipitation and Z500 based on CWB{((a).(b)),

HMC((d).(e}), IMA((g).(h)), METRI((j),(k})), MGO((m),(n)), NCEP((p).(q)) hindcast
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data during JJA for the period of 1983-2003.
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Figure 6. Same as Figure 5, but for station precipitation and model SLP.
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Figure 7. The correlation coefficients between the observed JJA station precipitation
and precipitation from (a) CWB, (b) HMC, (c) JMA, (d) METRI, (¢) MGO, (f) NCEP
model, and (g) MME average of model output. The numbers on the horizontal axes
represent stations located at Tanshui, Anpu, Taipei, Chutzehu, Ilan and Hsinchu. The
correlation coefficients between the average precipitation for all stations and the

cotresponding mean precipitation from models are given at the top left of each panel.
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475  Figure 8. Same as Figure7, but for the downscaling result using modei Z500 output as

a predictor.
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Figure 9. Same as Figure7, but for the downscaling result using model SLP output as

480  a predictor.
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Figure 10. Same as Figure7, but for the downscaling result using model SLP and Z500
output as predictors.
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Figure 11. JJA precipitation, averaged over all stations (black), and the corresponding
prediction based on different prediction schemes, for the period of 1983-2003 (blue:
490 MME model output, yellow: downscaling prediction based on Z500, green:
downscaling based on SLP, red: average of downscaling using Z500 and SLP.).
Downscaling results are obtained from averages of downscaled prediction based on

individual models. (Unit: mm/day)
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