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Climate = EXxpectation




Climate = We need to
Change change our
Expectation




Climate = EXxpectation
prediction of
Expectation

How uncertain!




Prediction

a rigorous, (often quantitative), statement
forecastingwhat will happenunder specific
conditions




Pf@diCtiOn(in Meteorology)

a rigorous, (often quantitative), statement
forecastingwhat will happenunder specific
conditions

What : atmospheric state
Conditions??




Atmosphere is dynamical system

a C
X _F(X.a)
dt

C C { C
X(t, +1) = X(t,) + {jF (X(1). a(t)




Pf@diCtiOn(in Meteorology)

a rigorous, (often quantitative), statement
forecastingwhat will happenunder specific
conditions

What : atmospheric state (weather)

Conditions: Current state, Physical rules,
external forcingactors




Determinism

a C
X _F(X.a)
dt

Perfect prediction is possible when
we have Ifnowledge of all necessary
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Chaos

Small difference In the Initial state
cause huge difference later even In
the deterministic nonlinear system.
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ax =F(X;a)
dt




Our knowledge is never perfect!
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How well we can predict?
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Predictability

Depends onwhat to predict

Prediction of

1. Temperature of this room tomorrow

2. Temperature of this room in 30days later
3. Temperature of this room in 30years later

Lead time()
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Predictabllity

Depends onwhat to predict

Prediction of

1. Temperature o65eoul (Korea)

2. Temperature oflakarta (Indonesia)

3. Temperatureof Villa Lagstrellag Antarctica)

Location




Predictabllity

Depends onwhat to predict

Prediction of

1. Temperature
2. rainfall

3. wind speed

Physical variables




Why Predictability is varying with
location/variables

Characteristics of variabllity is different

I Tropics : weather = local convection (time scale ~ few
hours)

I Extratropics: weather = synoptic system (time scale ~
few days)

~

I Dally rainfall is more chaotic (highly nonlinear) than
temperature/pressure




Predictability

Depends onwhat to predict

Prediction of
1. Mean Temperature during a day
2. Mean Temperature during a month

3. Mean Temperature during a century

Time scale of predictand




Seasonal mean anthtraseasonalpredictability

Global pattern correlation skill of GCPS precipitation forecast (SMIP)
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Seasonal forecast
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Seasonal Prediction

What : state of atmosphereuring a season

Condition :Current state, Physical rules, external
forcing factor

Lead time ~ 1 month (e.g. DJF forecast at Nov)




History of Shortterm (Seasonal)
Climate Prediction
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T. Palmer (1998)




2002 summer rainfall
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Seasonal forecast

How is the seasonal mean What causes change
determined? (variablility) of themean?

pof e A By chance?
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Weather statistics

Primary seasonal weather Seasonal
- mean
statistics : seasonal mean




PNA debates

1. Forced by El Nino

2. Atmospheric internal
variability (random)




PNA debates

1. Forced by El Nino
Predictable (signal)

2. Atmospheric internal
variability (random)

Unpredictable (noise)

TEResis:



Matter
of
Signal
&
Noise

X =Xs+ Xn




Potential predictability

Measured by relative magnitude (variance) of signal
and noise

Signal >> Noise : more predictable

Signal << Noise : less predictable




Signal In Seasonal prediction

AWhatistheSignaK 61 246 ¢S Ol
I Tendency of weather that has be physically
caused by slow varying processes

A What derives the Signal?
I External forcing (or interaction)
i Slow varying processes (ENSO)




Mechanisms of Variability

Internal

Weather: 1. Internal Dynamics of
Atmosphere

Climate: 2. Internal Dynamics of
(seasonal Coupled Oceattand
decadal) Atmospshere

Climate 3. Internal Dynamics of
Change: SunkEarth System

External

wBoundary Condition of SST,
Soil wethess, Snow, Sea ice,
etc.

wSolar, Volcanoes

wHuman effects:

(Greenhouse gases, land use
changes)

From JShukla(2007)




Two scales

A Fast and smadicale processes : noise
I Weather, Tropical cyclone

A Slow and larg@rocesses : signal
I Climate, ITCZ, ENSO




Q90hPa

No. of TCs (SP)

Tropical cycknes <

Two scales

Nicholls et al (1998)
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Degres
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Predictability

A Relative ratio between signal and noise
A.'¢ ¢S R2y QU 1vy29 | Ol
I Estimation of potential predictability by models

I Ensemble prediction

X=Xs+Xn
Xs : ensemble mean

Xn : deviation from ensemble mean




Estimated potential predictability of rainfall
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Potential predictability

A Estimated limit of the predictability given
prediction methods (model)

I Depends omatureitself as well as prediction
model

I We cannot change the nature but model is our
product

I Potential predictability may be able to be
improved (or not) if our model is improved




00.. \"

»
Seasonal Prediction (2) : ‘

@0 o

. .O
. Methods 2 8ie%’e.
o .‘. o‘.
00000 o.,-.'q
| 'o 0 @34 9858,
Jin HoYoo e ..‘ ‘.‘,‘

APEC Climate Center M | .' ®

S Qﬂ‘ 0“

! 2.0 0

A[@ﬁ N :‘ APEC CLIMATE CENTER



Methods

A Statistical (Empirical)

I Use observed relationship of climate system to
predict future

I Linear

A Dynamical
i.FLaSR 2y aLKeaAOokf f
SELISOu 02 YAYAO auKS
I Nonlinear




Which one Is better?

Statistical Dynamical

A Simple and cheap A Complex and expensive

A Based on data A Based on Law

A Data is real thing but do we A Is our understanding
have enough? accurate?

APCC



Statistical forecasting

A (0) Climatology WO p)
| Baseline of seasonal forecasting
ifab20KAY 3 LI NIOAOdzt I NE  {
I Deterministic forecast
ARainfall amount will be similar to 30year average

I Probabilistic forecast

ANear normal ?
AL R2Yy QU (VYy26K 000x:2Yoo:Yoo




Statistical forecasting

A (1) Persistence O@ p) o
I Assume that future will be same as it iIs now
I ANOMALY !
ihFTa4Sy [/ f2aS G2 LIS2LIX SQ:
I Effective when the autocorrelation is large
A Often used for ENSO forecast (Nino3.4)
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Statistical forecasting

A (2) Regression DO p D@ O
I The most popular methodnd many variations
I X :predictand(e.g. rainfall at a station)

Iy : predictor (e.g. NINO3.4 SST)




Predict yield of Greek bonds with
Facebook users

A ls it appropriate?

Fig. 1
IS FACEBOOK DRIVING
THE GREEK DEBT CRISIS?

If yes, why?

750m users

If not, why?

3.6

Yield on 10-year Greek
government bonds

. 2005 2011

Frombusiness week



Regression based forecast

A Question #1 WO p O
i How to definepredictor (yP

I By definition, predictor should cause some
changes in variation giredictand

I Predictand my mood in the morning
I Predictor?




Regression based forecast

A Question #2 WO p O
I How to definea andb?
i@2dz2NJ OK2AO0S® [AYSINE V;
AComplex one is not necessarily better.

I Predictand my mood in the morning
I Predictor :
I a,b?




Regression based forecast

AQuestlon #1 : Predictor selection

" Should be based on Physical relationship betweer
predictors andoredictands

Predictor cannot be tiny signal in the seasonal
forecast

YSSL) dR2dz0 G ¢ 2y OGKS LI2.
chance

Selected predictor should be validated with
separate data




Regression based forecast

A Question #2 : appropriate Function

WO p) O

WO p) OO GO

WO p) WO p OO OO

A One to One : often not very satisfactory, limited cases
A One to Multi: easy tooverfit (lie)
A Multi to Multi : looks nice but often produce nothing practical

A If they gives similar result, the simpler is the better



Dynamical forecast

A Use GCM : Global Climate Model
iLO dzaSR (2 o06S OIFIffSR a




Dynamical forecast

A Governing Equations
I Written as computer program code (NWP)
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Numerical modeling

A Issue
I Digitization (physical variable is continuous, but
O2YLJzi SN ySSRaA RAIAGAT |
AResolutionsubgridscale parameterization

I Unknown processes, tunable parameters
I Initialization (for forecasting)




GCMs

A Coupled GCM oy

. \ atmosphere e::i;ls‘irjrlas
| Atmosphere cam

anthropogenic
'I' O Cean emissions
I Sealce land ice |
. g | sea ice
| Laﬂd Surface \ | / CICE
I Chemistry ) -
| Biosphere / R

i 1 or
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Initialization

Estimating Current status of climate system

A Preparing the beginning climate state of GCM
with available observation

I Balance between Wrong GCM vs Wrong OBS.
I Balance between componentatm, Ocn
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Ensemble Forecasting

A Run many times
| Starts from slightly different initial conditions

B-hourly Track and Intensity (kt) for ISAACOSL
GFDL ensemble forecast for the 126 hrs from 06725AUG2012 ) )
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Multi Model Ensemble Forecasting

A Run with many models

Mid-Jun 2015 Plume of Model ENSO Predictions
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Use all!

Pattern correlation : summer monsoon precip.

0.32 (indv.)
0.44 (MME)

1982 1984 1986 1988 1990 1992 1994 1996 1998 2000

year

APCC
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Predictability of Multi Model Ensemble

Correlation skill of a single model R = \/\%(Y.)
Correlation skill of MME ) W 1 ME V() g_ V(y))
V)=yMA"y R ~ Nov((y) _Vg? V((y)) 9_<R> V((y)
R)= AR VYD = Vagy - V() - (V@) - CE@)
__R _(R T
Rum (=rza8a-
VYD V) a

Observation: x = X, + X

Forecasty=y ., +y, =X +te+y,

APCC




Temporal correlation skill (SUMMER MEAN PRCP)

R
Multi -model ensemble V((Y) =Vsingie- MT'1<V(yn)>- I\/'T'l«v(e)- C(e))
correlation skill
Contribution of systematic error
(conditional) cancellation
0.55
0.5
0.45
0.4
<R> 0.35
Mean correlation skill of
- . . 0.25
individual models
<r>-1/2

Inflation factor of
correlation skill by multi -

model ensemble Independentand goodmodels :
Best forecast result (on average)
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