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Representation of NAO/PNA activity reliant on ENSO phase
g2 In dynamical seasonal prediction models

APCC Yun-Young Lee(yyalee@apcc2i.org)
APEC Climate Center, Busan, South Korea

APEC CLIMATE CENTER

1. Background and Motivations 2. Data and Methodologies
— Monthly variability in the boreal winter extratropical tropospheric circulation is organized b = Target season: DJF (run in Nov) and period: 1983-2005 (common among 8 models)
y y P posp 9 y 9 P 9
several recurring natural modes of low frequency variability (LFV) [Wallace and Gutzler, 1981; = Reference reanalysis: NCEP-DOE
Barnston and R Livezey, 1981, Thompson and Wallace, 1998]. | » 8 operational seasonal prediction models (Exp. Type SMIP-2/HFP)

— Among them, the North Atlantic Oscillation (NAO) and Pacific-North American (PNA) patterns — = —
are major atmospheric modes over North Atlantic and North Pacific basin; the phases and Model Initialization Ens. Specification Sea Ice Specification
amplitudes of these modes have huge impacts on human life by altering regional to national APCC | 3D Iﬂit(i)a“zatitw f"lom 'T'CEPE%FJ\;\?;/nalysis 10 Predicted Forecasted from Climatology
weather including temperature and rainfall extremes. [Notaro et al, 2006; Archambault et al, cMcC %ﬁg&g&%_%nl\ig?sana|ysis 9 | Opreational analysis ECMWF Climatological
2008]. CWB CFSR & CDAS from NCEP 30 OPGSST Z.Q from CWB NCEP climatology

— Asymmetry of El Nifio and La Nina is known to be a indication of nonlinearity in the El Nifo MSC The CMC Global 4D-var analysis 20 Ege(f(':‘l:\t/a‘;' Continuous nudging
Southern Oscillation (ENSO) cycle [7immermann et al, 2018]. If so, how is the symmetry of . Predicted

o : : NASA MERRA | 10 GEOS ODAS-2
PNA/NAO whose activity is strongly dependent on leading oceanic mode (ENSO) —— reanatyS'S — — (él\lgSLMl\j)Ol\/M — ——
[Barnston and Livezey, 1987; Horel and Wallace, 1981; Ineson and Scaife, 2009; Smith et al, NCEP e 33;?3632,'23?;3”} oy A 20 [TEREEE R model o (5 tWO_|ay§ e model
2014]?2?? pnu | NCEP/NCAR Rdeaatr;ai|r>]/_c,cu)o_:,Gzc|l\r}| AGCM, OISST | oredicted oredicted
Nudging to the analyses from the . L .

Aims of this study POAMA| Ausrlan Communty Cimate nd Fart | 33 | PEACed ACOM2 Dre, | Crested vty b esponse o e

v" To examine the asymmetry of PNA/NAO activity with respect to ENSO phases System Simulator

v To verity the asymmetry in the operational seasonal prediction models

v" To perform dynamical diagnostic analysis to illuminate a possible factor of models’ * Rotated Principal component (PC) analysis and composite analysis
deficiencies * Verification Metrics: temporal correlation coefficient (TCC), Asymmetry Index

4. Asymmetric PNA/NAO activities between El Nino and La Ninha
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Background Verification = Skill assessment with respect to the number of ensembles
" " . . m Brier Ski" Score vo _Biasl ECMWF v|2017_ w0 _Bias . . ECCC v2017_ v _Bias . . NCEP . v2017_
= “Three cold days and four warm days” refers to a 7-day cycle with 3 consecutive cold days followed by 4
. . . . . 2017 20 = 20 - ~ 20 - — Lead
consecutive warm days. It is commonly accepted as a dominant winter pattern affecting Korea. Recently, . ' | ' ;:Lzzdzz
however, Korea has experienced extreme cold surges last more than 10 days during boreal winters. Ural o — FeMwE T " S B | | BRI | T 71 o Loadow
blocking (UB) centered over 30°-100°E was the major contributor to the severe cold surges in East Asia. | . e AR S A S A A A — Leadiw
The blocking reinforced the Siberian High near the surface through the advection of cold polar air leading | EL e oo 12 ' o
to cold air outbreaks in East Asia. L, 020 - } Foe o ]
= Because of its socioeconomic impact in highly populated East Asia regions, predicting the blocking is vital. 2 ' ' H k Nr
Nevertheless, prediction of blocking events is among the most challenging problems in weather prediction | _ oot bbb A L L L —_ L w- ol |
and climate prediction. 0.00 —HH I I H o e e e |
Data and Method 020 — || | w 'lﬂ lﬂ lﬂ 'lﬂ
1 2 3 4 0.0 — F 00 ¥ oo i
“*Reforecast Lead week M o , o
Cent Time Resolution Forecast | Forecast Hindcast Hindcast Hindcast | Hindcast u Compared to ERA-Interim = Skill drops noticebly after week 2. M j ”” j ”“ j
SN 1Range | "M [ ERs. Size |Frequency Length Frequency | Ens. Size . = ECMWF shows best performance .- ” | NS C o] ]
T639/319 > /week > /week » Common period: 1999-2010 DJF | | & NCEP tends to underforecast UB - L et H N
ECMWEF | d0-46 51 on the fly | past 20 years 11 000 BEE 000 . | 000 |
91 (Mon, ThU) (Mon, ThU) . mmon 1 5°X1 50 r|d occurrence. i 2 3 4 5 6 7 8 9 10 11 1 2 3 4 1 2 3 4
0.45x0.45 weekly Weekly O on 1. S ASkill score as function of number of ensembles predicting UB occurrence
ECCC |d0-32 L40 21 (Thu) on the fly| 1995-2014 (Thu) 4
= Reforecast corresponding to
NCEP | d0-44 | T126L64 16 dail fix 1999-2010 dail 4 o * .
/ Y 2017 forecast Multi-Model Ensemble prediction of UB
*+UB indentification (Cheung et al.,2013, 2015) Lead week 1 Lead week 2 Lead week 3 Lead week 4
ZGNOY = ZAon) —Z(A @) < —10m MMEE v2017 Lead weeki MME v2017 Lead week2 MHE V2017 * Lead week3 MME V2017 Lead weekt
- PN = Po /deglat = Blocking region (BR): minimum extension is 12° longitude. WEREdEIEER ml Ldili=41 Tk rar —H w
e L0900 ~Z0u0s) o o " MLIERRRFAL ] ) ©  4Number of
A= . » Center of BR is defined as the grid with the largest Z500 within BR. NERREREARRTESY =l ks | %  ensembles predicting
. ] G Y ~ B . W, HEE S et 4 UB (shaded), marker
where A € [0,357.5]°E, ¢ = 80°N+A, = UB events refer to those blocking events centered over 45-90°E. 7T R T . | * | N | i o '
0o = 60°N+A, g = 40°N+A > - ‘ , 2 o indicates UB based
0O — ! S - / | .
A=-6°-3° 0° 3° 6° |atitude Event observed = - EEE BN saann ws  BEEEE on observation
rTr T Yes No NS e i =T N R e
. . pe . . . £ Yes A B 20 b - 29 T SR
+* Verification metrics (Watson and Colucci, 2002) Event forecast NG C D b . . , | e Fpn EERR
- measures whether events Bias = (A+B)/(A+Q). Greater than one indicates that the event is overforecast and less than ° 1 e SRER : W Tg= S = :
Bias | are overforeacst or L : 8 1 RS R B s i
one indicates the event is underforecast. RN EEEEEn IR R AR A Co
underforecast R 5 e e s ey DEC 1 e DEC 1 oy
a verification of measure of _ Perfect forecasts receive an HSS of 1. Forecasts equivalent to randomly o T mm e oo E
: HSS= 2 ((AD- ) : S :
HSS categorical forecast BC))/([(A+C)(C+D)+(A+B)(B+D made forecasts receive a skill score of 0, indicating no skill. Forecasts
performance based on the ) worse than the reference (random) forecast receive a score of less than
hit rate 0.
a verification measure of
categorical forecast FAR ranges from zero to one. Low FAR scores denote more accurate
FAR performance equal to the FAR = B/(A+B) forecasts (less false alarms) and high FAR scores denote less accurate
number of false alarms forecasts (more false alarms).
divided by the total
number of event forecasts
BS
BSS=1-
Relative skill of the n BSciim BSS ranges from - to 1. Negative values mean that the forecast is less
BSS | probabilistic forecast over BS — lz( - 0.)? skillful than a climatology. 0 means no skill compared to the reference
that of climatology N . Pi— 0 forecast. 1 means perfect skill compared to the reference forecast.
=
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= Ural blocking is related to cold air outbreak in East Asia promoting advection of polar air masses.

Possible impact of the MJO on UB prediction
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1. Introduction 3. Variability of seasonal climate extreme

* Recent, the frequency of extreme weather and climate such as heatwaves, cold waves, g e | flmente
drought and flooding have been increasing and this have been identified in previous Wi N e s B
studies through the researches of climate modeling and observation (Janssen et al. 2016; b ( o
Pepler et al. 2015; Asadieh and Krakauer 2015; Alexander 2016). }Hﬁﬁﬁﬂ HHHHHHWHHWWHHWH - jHHHHHHHHWHgﬂﬂﬁmﬂﬁmﬁﬂﬁﬂﬁﬁﬂﬂﬁﬂw
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* The reliable information of climate extreme forecast on a seasonal time scale is necessary S R

to cope with severe events. i T

125 — 0 DJF(-0.09/35years) = 050 g 280 — 0 DJF(0.23/35years)

il e

°* In this study, we examines the observed spatial and temporal variation of extreme
temperature and precipitation over the globe for the period 1982~2016 and evaluate the

skill of forecasts for climate extremes, defined by upper and lower 15th percentile from QZZTSMM‘ il T T
climatological distribution, from individual models and MME in a both deterministic and = T
probabilistic sense. Fig.1 Interannual variability of the upper/lower Fig.2 Recent trend Iin the occurrence
15% extremes for JJA/DJF temperature (a, <) probability of the upper/lower 15% extremes
and precipitation (b, d) over globe for the for JJA/DJF temperature (a, ¢) and precipitation
2' Data and MEthOdf)lOgy period 1982-2016. (b, d) for the period 2006-2016.
* Observation * Qver the last 35 years (1982-2016), the frequency of occurrence for upper 15th percentile
Temperature (NCEP Reanalysis Il), Precipitation (CMAPS-OPI) (lower 15 the percentile) extreme seasonal temperatures has increased (decreased).
 Model * During the recent 11 years, probability of occurrence for upper 15th percentile extreme

temperature is also significantly enhanced over the globe.

Table 1 Overview of climate models used in this study

4. Deterministic forecast of seasonal climate extreme
Last 10 days(12Z) of previous month from

. . 1 O Llou et a I 1 997 a) Temperature, JJA b) Precipitation, JJA
NCEP Reanalysis version2 e — " Tom o
Restart files from long running ECHAM4.5 24 Barnston et al. 2010
GODAS Ocean initialization 1 O Jeong et al, 201 2 | 19|82 19|84 19|56 19|88 19|90 19192 19|94 19|9>6 19|98 EOIGO 20|02 20|04 | 19|82 19|84 19|86 19|88 19|90 19192 19|94 19|96 19|98 20|()0 20|02 20|04
c) Temperature, DJF o5 d) Precipitation, DJF F|g3 |ﬂte I’aﬂnual Va I'Ia blllty Of the Upper 1 5%
. , ¥ S extremes for JJA/DJF temperature (a, ¢) and
The CMC Global 4D-var analysis 20 Merryfield et al. 2013 Bk o

precipitation (b, d) during the period 1982-2005
from the individual models (circle) and their
simple averaged MME (solid line), with the

MERRA reanalysis 9 Vintzileos et al. 2003 03 \0gr % PN : . .
0 s e s B S corresponding observation (dashed line).

CFS data assimilation system each day at e—— —
00Z, 06Z, 1ZZyand 187 ' <0 >aha et al. 2006 m;]zﬂpm = o " ;)P:pm = o Fig4 Symmetric Extremal Dependency
o 050 ] o Index (SEDI) of upper 15% extremes for
NCEP/NCAR Reanalysis 2 in AGCM, OISST 5 Park et al. 2004 ] o x : JJA/DJF a) temperature and b) precipitation
data in OGCM | e I R Y - - from individual models and MME. Dashed
Nudging to the analyses from the Australian . \ (solid) line indicates the average of the
Community Climate and Earth System 30 Lim et al. 2012 HH H HH HH H 1 HH HH §I |nd|.V|duaI models’ SEDI in JIA (DJF) for the

Simulator A e A A AR period 1982-2005.
Operational analysis ECMWF/ 9 Alessandri et al. 2010 * In deterministic sense, the individual models well capture the variation of extreme
SIEORIRS-UNILE gmellsie temperature and the MME shows better skill than individual models when considering
* Extreme climate overall performance across all seasons.
Decile (top 10% of historical record) determined by fitting Gaussian distribution to * However, in precipitation, it is failed to capture climate extreme even though MME using
observations and forecasts from 1982-2010 at each grid point state of the art models.

5. Probabilistic forecast of seasonal climate extreme

Table 2 List of probabilistic multi-model ensemble approaches considered for this study. 1o lemeeraute, JA ’ SenSitiV.ity experiments on different
= | vl percentiles (10/15/20%)

a) Tempature, Upper 10%
78

e
@

0.8 4

0.6

Hit Rate

04—_ /,

Observed Relative Frequency
(=]

Probabilistic multi-model ensemble with average of individual models, with an empirical

ranking method for estimation of forecast probability N N A °l § I §
A . ; L : : T e v e e o Fig.8 The aggregated
Probabilistic multi-model ensemble with average of individual models, with an Gaussian R oot : ch)c ccore ogegr globe

— 1.0 b) Temperature, Upper 15%
fitting method for estimation of forecast probability : for different threshold of

oy . . o« . . g’ / o cwe go:a- N S '.ﬂ' e TN
Probabilistic multi-model ensemble forecast based on an empirical ranking method by L I 2 eoe Al B ?F(]tre?eld .temperature).
. o = |/ : : \ reshold is upper a
OOlln tO ethel’ the IﬂdIVIdua| mOde|S 4] r’/ y 3’ o, ::2:: 7 B AMMELE (S0 B:MMEpE

il 3 nyy e DML RN Semmnm 10%, b) 15% and c) 20%
Probabilistic multi-model ensemble forecast based on a Gaussian fitting method by pooling N A - W T e 1 L TenORESS, U0 20% from  climatological
together the individual models oo o2 oa s oo g P distribution. Dashed line

Indicates the aggregated
ROC . score of " tercile

Fig.7 ROC curves and Reliability diagrams of fﬁl\l

o _ . . MMEp predictions for JJA/DJF temperature e
Non-parametric vs. Parametric Method @ b /c d) based on GAUS method. =iz =i | forecast (above. fiormal)
00 8) Temp'erature. a) Temperature, JJA | » __Re.awenp . r 9 .
I : i Model — e — * The threshold of upper and lower 15t percentile for the definition of extreme is
L e e S Fig.5  Difference  in e TR appropriate when considering all aspects of the predictions from operational prediction
S T O W T Y probability of upper 15% B on | ol g system and the definition of “extreme”.
x extremes for a) ﬁHH HH HH HH N
® W] temperature from two oo IO L LR ORI et
different methods (EMP ToTommom TR mRomomm e e 6. Summary
20_:”° ?gricaifufgbatgmtie;'mate R ﬁ * We examine the skill of probabilistic forecasts for climate extremes during the period
o P | . e 01 [IE ; 1982-2005, defined by upper and lower 15th percentile from climatological distribution,
Mean o LT T Wl from individual models and MME in a both deterministic and probabilistic sense.
Fig.6 ROC score aggregated over globe of probabilistic HH HHH HH ol 1 * The superiority of the multi-model concept is more clearly evidenced in a_probabilistic
forecast of upper 15% extremes for a) JJA and b) DJF LI LA LA L b | framework.
temperature. * A parametric Gaussian fitting method and pooling approach.is the most appropriate way
* Parametric Gaussian fitting method in estimation of forecast probability is a slight to estimate forecast probability and to combine individual models’ prediction for global
superiority comparing to empirical ranking method. climate extremes.
* Pooling approach outperforms comparing to another method, which is to separately ¢ The current prediction systems are capable to predict extreme temperature but the
compute a probabilistic forecast for each individual model and then combine them. predictability of extreme precipitation' on seasonal scale is still limited.
_ International Conferences on Subseasonal to Decadal Prediction,
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