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1) Mdd 3|3 2 « Qian et al. (2020): A= LH tropical cyclone 0%
~ 08 Hybrid Fest Statistical Fest Dynamical Fest 08
o 0:”§ ?_|I|-9|- Oﬂé Ifl_—)lk— .7_|' 2|:rl|¢! _ ' E(a) 2_23 ;(d) E— 55(9) ]
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O 504 il o 104
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(e.g., Kimet al., 2017; Qian et al., 2020) 00 P — 00

2) 314 =%

« SEE 7| BA| 2 o= QIXIRt of|F i 2 MY S HIY

- Johnson et al. (2014): MJO, ENSO, A& =X|Z 0|23+ 20| X|% 7|2 o=

 NOAA/CPC: 3-4% 7|2 3 &=+ T1Y0| 0|8

« AR(Atmospheric River), EH|0|= 0f|% & Cl¥Fot 202 2 (Baggett et al.,, 2018; Mundhenk et al., 2018)
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Wl =M XtR: ECMWF 2 AHXYS X =

2) ECMWEF 2tHxledXt=&(hindcast)

1) X|E 7|12 (T,,,): ERA-Interim

« HOME: 2.5° Iatitude x 2.5° longitude
« 1979/80-2017/18 H2X (DJF)
« 7Y ™3 7|2 anomaly ARR.

% linear trend & seasonal cycle XA

(first 4 harmonics of daily calendar mean)
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3) Daily AO index

o Z=EIAO X|2=: from NOAA/CPC

« O&=l AO X[z~ from ECMWEF hindcast SLP anomaly
+ Positive phase (0.430) & Negative phase (-0.430)

Mean sea level pressure (SLP) from ECMWF
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kP Perfect Prognosis %t J[4ie

PP (Perfect Prognosis) B4

Gl QIR Gl i 24 il M
+ ‘ofst @0l ol 2Pt eefsiCt ' Iy
¢ ofst IOl AHEE HIS O AIXIE AL
Yo = fpp(Xxo)

l True

Vi = fpp(X¢)

(Wilks, 2011)
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Hybrid model

Phase model
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1k Perfect Prognosis W o4l A nH

Hybrid model
F 47| HEHQ| A B M| & Hot
Phase model ECMWF
Phase
model 1 H2 H4 |} . 1 -
: I Prob. (TZmlAO) Pre-d|CtEd
Week O Obs. AO . Prob. (T2y) 1 Daily AO
1 week I : Initial state of AO
I dyn. fcst. 2 whkks I Weekly T, : + ﬂ
Week 1 dyn/fcst. - ~---1 Weekly Tzm
I 4 weeks \\ / Projecting
Week 2 dyn. fcst. : \ s onto
| . ) observed AO
Week 3 §> 4 F
Week 4 § Bias corrected
I ,59_ I SLP anomaly
Week 5 =2 L s
Tempera‘ftu re aAnomaIy
Week 6 Johnson et al. (2014)
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1) 0f|& M= ™I} Heidke Skill Score (HSS) 2) A=2| ™I} Calibration function

i Overforecasting (wet bias)

_ T: 0| Al Sl g

HSS = T_F X100 (%) C: 05 ds 3+

E: 2|52 (T/3) ’ 1
Good resolution Poor resolution
4 (underconfident) Good Calibration ’ (overrconfident) _
+ HQl: -50% < HSS < 100%
0L 0

 HSS > 0% : greater than random forecast ’ y e e y ‘
+ WAHAZ AN

] Underforecasting (dry bias)

(leave-one-year-out cross validation)

p(oly)

(Wilks, 2011)
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HSS (%)

IR B L1 L1 L1 RN
100 . o] He X AF Gl A= 7
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80 — —Neg =
- Neu [ All (black)
60 ] - POS [ . 0 . o) . 0
] -  Day 1: 85% > Day 14: 35% > Day 32: 15%
40 —
20 e - Active: Positive + Negative (blue & red)
. N+ A0t BEE B2 5-20% 37t
0 e —
20 _f w\/\/\ f_ Neutral (green)
L I I O I B [N B B B c 0% Olgl'gl Oﬂé AO-I% 1 1C)EI OlLH - not reliable
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ECMWF tAMAXIRS T,y OIS 4

L

o

ECMWFQ| H2H 7|2 0| ds ™I} (HSS)

. QICH X|% 0= Als: X|&MOE =2 HSS

-1 OO- i i E

- ENSO (EI Nino-Southern Oscillation) CHH-E 1541 |

/1 OO
- B9Imol Ut 25 HE ~ HY =OHY

- HiSS 3422 O3 S0P ol5d Ha

+ F - DY XY 70| £2 0= 50| W 2UA

H1. M A|Ztof 2 X9 (S8t f2tAlof, S0]) B E HSS(%).
XY B Al sl¥2 A2l

Lead Northern . North

: . Eurasia .

time Hemisphere America
Week 1 61.92 65.55 67.23
Week 2 32.23 31.57 32.42
Week 3 12.82 10.71 10.93
Week 4 5.15 2.21 2.20
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AOgg47: 1998/99~2016/17 DJF 7|

- Week 1: 50| X[, F2fA[0F X[9of|M =2 0= H5 (~33%)
- Week 2: Week 1 CliH| ZA8H0|& Hs (12-15%)
- Week 3-4: 20|, S2IA|Of X|22] HSS?| 3 AH| 44
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"W ECMWF hindcast 2 Hybrid model 0% M H|n

475 M3 A|2te| Ol M Hlm
Hybrid (H3) model vs ECMWF hindcast

|
0 3 6 9 12 15 18 21 24 27 30 0 3 6 9 12 15 18 21 24 27 30

FatAof o=
Hybrid (H3) model > ECMWF hindcast
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x| ™A+ HSS (Land only)

a) Northern Hemisphere

c) North America

1| b) Eurasia

Lead time (weeks) Lead time (weeks) Lead time (weeks)

- -~ AOgjg——AOy;;  ——H1 ——H2 H3 —— H4

« T QA 23 AO791g > AOgg17
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Week 4: Eurasia " - . : :
s . . . oo . . . 47 M3 A|2tof| CHs$t Calibration functions
a) Positive AO: Lower b) Positive AO: Upper
0.4 - L 05 - - e (AQOggq7): T 2|A B (black lines)

/ - QOverconfidence (1EC} 22 J|27)).
> el " - Positive AO phase: Biased forecasts
5 ——AQgs:7
-]

g " —Hi + H1 (red lines): T QA BSint H|
© —H2
> 0.1 T T T 0.2 T T T
o o 0.2 0.3 0.4 05 0.2 0.3 0.4 05 06 —H3 e H2 (blue lines): H1 CHH| M=l A2
E 1 1 1 1 1 1
— 0.6 0.5 —H4
© c) Negative AO: Lower d) Negative AO: Upper
GE) ) Neg ) Neg e * H3(green) & H4 (purple)
B 057 R i - Lower tercile: overforecasting
o] . .
O & Upper tercile: underforecasting
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Forecast Probability
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v 2 dE blu

Yo = fpp (xo_)

observation-based function

Ve = fmos(X¢)

l consider systematic error of the dyn. model
fixed dyn. model for hybrid model

Vi = fpp(X¢)

dependent to predictability of a dyn. model

v 2E BYOl 0= 2AX[=M A02| d5= Bt (U FAMl= EBEIX| 253)

v X|O4 S 25 tH20f| [rf2t 81 DS

« SO[AIO} X|H2| &HE 0=
- Yoo et al. (2018): WP, EAWR S CIQfSt 0f|= QIX} AR S Et St

MJO 29| A2 &g
- 5t Dol =2 MJO Ol Y5 ~
- 5 e |4f ~ 2t 2|4k0f| (HE sample size 24 ~ O|&

[ ]
28t A 05 435 34

olr
\J
>.
=2
>

: Perfect Prognosis (PP) vs Model Output Statistics (MOS)
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