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Climate Services

Anticipated Assessing

Change Impact

Seasonal prediction
Prediction of weather statistics for
a couple of seasons

Food and Agriculture
Organization of the
United Nations

letters to nature
Foreca_shng Andean rainfall and Using seasonal forecasts

crop yield from the influence of to support farmer adaptation
El Nino on Pleiades VISI'bllltv to climate risks

Benjamin S. Orlove* {, John C. H. Chiangi & Mark A. Cane’



Prob. Forecast & Economic Values

Forecast says “above normal 40%, below normal 60%” (information).

Should | save some water for this dry season?
- Reserving water costs $20

(Farmer A) My crop is very sensitive to drought---

If drought occurs, my crop will die if there is no reserved water - $100
(Farmer B) Nahh--- My crop loves drought---

Although, drought may cost extra $10 for harvesting

You can make a clever choice:

(Farmer A)

Above Below

Reserve | 20 20

No
Action

0O 100

60

(Farmer B)

Above Below

Reserve 20 20 ®

Cost

-
—]
6

No
Action

0 10 0.6



Climate information for decision making

Properties for Usable information (Cash et al. 2003, Kirchhoff et al. 2013)

= Credibility : Quality of information, Provider’s reputation
- Forecast accuracy

= Salience : fitness to context of user
- Scale, Variables, Products

= Legitimacy : cleanness of information from other factors
- Objectivenss, Openness

Co-production by “producers” and “users”



Is a perfect forecast possible?

Initial condition
uncertainty

2 5 15407085
Probability of
precipitation (%)

uncertainty . . . .
Still, there is ‘some’ portion that can be predicted.



Benefit of Multi Model Ensemble

Single model prediction'
= Ax + a + g, + @

future rainfall / models’ A nature’s tricks

predictable part our limitation

Multi-Model Ensemble (MME) prediction:
y =Ax + @) + & +®
future rainfall / models™lies nature’'s-tricks

predictable part our limitation

The ensemble prediction
is to consider intrinsic
uncertainty associated
with initial uncertainty
and chaotic behavior of
dynamical system.

The multi-model
ensemble is to consider

model dependent
uncertainty by combining
different model forecasts.



Beauty of Democracy

* Independent Rational individuals :
- Best decision for the society (in general)

A

' CATTLE WEIGHT GUESSING

— - Vox Populi — 2

V" THE TRUE WEIGHT: V.
1047 lbs (475 kg)

11508 E
-

g == = CROWD AVERAGE
1025 1bs > A

: == o X
WO . v o .
. v o——===(MME Prediction): =il
e 05 105, 2 A 1048 Lbs (475 kq) /

1025 Ibs 1025 Ibs

/ \' ’?f T A =t} = @/ 0 ?l
)'% l\; True Weight: | Average Guess:
i 1047 Lbs ’ 1048 Lbs
ol - leazazasan f* AR RS )

MULTI-MODEL ENSEMBLE (MME) IS LIKE THIS:
Many Independent Models — Better Collective Prediction



;—Iow about the skill? (Single vs MME

0.9 —{ Precipitation Global [0-360E, 90S-90N]
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Operational Seasonal Forecast Models

Country

Institution

Model

Country

Institution

USA
USA
USA
USA
UK
EU

Germany

France

Italy
Japan

Japan

NCEP*
NASA
GFDL
NCAR
UKMO*
ECMWEF

DWD*

Meteo
France *

CMCC
JMA *
JAMSTEC

CFSv2 (100km)
GEOS-S25-2.1 (55km)
GFDL_FLORB (50km)
CCSM4 (120km)
GloSea5 (60km)
SEASS5 (36km)

GCFS2 (100km)
MF_SYS7 (50km)

CPS3 (100km)
JMA-CPS2 (80km)
SINTEX-F (125km)

Canada
Russia
Russia
China
Brazil

South
Africa

Taiwan

Korea

Korea
Korea

Australia

MSC*
MGO
HMC*
BCC*
CPTEC*
SAWS*

CWB*
KMA *

APCC
PNU-RDA
BoM*

CANSIPv2 (150km)
MGO_AM (300km)
HMC_GCM (150km)
BCC_CSM (125km)
CPTEC_GCM (100km)
SAWS_EPS (300km)

GFST119 (120km)
GloSea5 (60km)

SCOPS (80km)
PNU_CGCM (300km)

ACCESS-S2 (60km) and More..




APEC Climate Center

= Established in 2005 by indorsement of 21
APEC economies

aims “enhancement economic opportunities,

reduction of economic loss and protection of

life and properties through: exchange of data,

producing skillful prediction, targeted
research and capacity building... ”

It was institutionalization of APCN (Network)
project since 1998

% . Environment
Canada

7 Met Ofﬁce 2 2 P <

S Meteorologlcal Service
Y, UK Met Office”. /== ¢ H“ { of Canada
Y/ 4 7757 Voeikov Main % _bA R P
/@ X ¢ Geophysical Observatory 5=« 3/ igyCEB,"
g <2 ; > ! National Centers for
//# Météo—France / - IHYDROMETEORULUGICAL f X \* Environmental Prediction

L %, BCC &/
Euro-Mediterranean Center Rermts
on Climate Change

) , / CENTRE OF RUSSIA \
(oL O

Beijing
| _%_Climate Center
[ £

'

[ pBRRR L
B o

Administration
& ‘
.~ INPCC

Central Weather

AAAAAAAAAAAAAAA Japan Meteorological
Admlmstratlon Agency

N\ Q (fi)

nai In nt f PUKYONG i

Ag icattiral Sci

s N
V?f Australian Gove ngnt
P P

c':"?".'h 557 Bureau of Me ronl logy

Multi Model Ensemble participating groups:
10 Countries/16 Organizations

National Aeronautics
Korea Meteorological and Space Administration



APCC-MME seasonal prediction

Min et al. (2025) A Diachronic Assessment of Advances in Seasonal Forecasting: Evolution

of the APCC Multi-Model Ensemble Prediction System Over the Last Two Decades, GRL

(a) Participating Models, Institutions, and Countries

)9 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Models Institutes Countries —o—Ratio of Coupled Models (%)

2021 2022 2023

2024

100%

80%

60%

40%

20%

0%

Ratio (%)

—o—Ratio of Participating Models (%)

Collective improvement of prediction models

Number

(c) Ensemble size
100
80 .
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40 . 0
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(participating group has been changed, better models, more models..)

(a) Skill Difference
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Tailoring climate information

No one lives in ‘global mean’ condition!
Anticipated ) Assessing
Change Impact

= Transforming information to enhance salience (and credibility)

= Scale : Climate info. >> user interest
v Statistical Downscaling

= Form (output) : lack of knowhow to use the info.
v impact modeling
v" analysis of model output



PICASO: hybrid seasonal prediction

PICASO was developed through ROK-PI CliPS#1
\— “Pacific Island Countries Advanced Seasonal Outlook”

Hybrid downscaled seasonal prediction system
« Dynamical: Multi-Model Ensemble (APCC-MME) seasonal prediction system
« Statistical: empirically tailored by experts and customized to your station

{hcee> - Jessiey
et @ | B4 Heouny | 5 |
i S .~ tailored & ‘ v
world’s most skillful seasonal .
prediction system II:> statloh:levle.l

~o APCC oo o s [ .
Z o\ customized

oms ‘ml



PICASO: hybrid seasonal prediction

DFrecCa avdad RO DI E
gioD
APCC
ECMWF
UKMO
a8 NCEP
JMA
0
D) Othe D

world’s most skillful seasonal
prediction system




PICASO: hybrid s

— (0)]

\J

2 PICASO

B A

8 s

8 rabecko

8 Al

Apia, Samoa 2019 Aug-Sep-Oct

AL

tent Forecasts (Apia)

Miss/Miss

tailored &
|

customized

*

Apia

The 2019 ASO precipitation in Apia
(91762) is predicted to be ABOVE
NORMAL (39%) (Lo, ABOVE (39%).

NORMAL (32%), BELOW (29%))
around 148 mm/mon

The prediction skill at Apka (91762) is
Hgh

=

station-level




System Structure

CLiK®: customized dynamic seasonal prediction based on APCC-MME

..................................
———————————————

APCC DB ; SPREP Online System ! Dynamic seasonal predlctlon

—_—“
-

___________

MeZIIIssieemESzocacmm—meocmmmmeanoos

9
CLlKG Monitor Large-scale

“Prediction” Analysis Climate Information

\ Full MME

NMHs Offline Syste[n

\

A PICASO/CoCO

“Downscaled/Consensus”

Forecast Guide

L

Tailored Seasonal Forecast




PICASO Strategy

Past

o Current Climate @ P” C /\S @

, Dynamical prediction is based on
Dynamical Prediction ,"\\ the physical laws that govern the relationship and
Predicted Climate Predicted Rainfall

simulates (predicts) the “future climate.”
Future PICASO further tailors “predicted climate”
v onto
“predicted rainfall” at a given site.




Bringing dynamical MME to your home

Why do we need tailoring?

(a) Model representation of the relationship (b) Coarse model resolution .
_ —— ——— _ 1398 s (e) Bias
60N T RN e (cf. accuracy and precision)
e — Low Vasiance High Variagwe
| 14°5 (41N )
30N - v
2 .
o 15°5 = - + fg
308 - y - jom 165 —
- 2 7 ,; : -
603- T | B TR B | Ui l**u.lx:\ l | | l |
0 30E 60E QOE 120E 150E 180 150W 120W 90W 60W 30W 176°W 174°W 172°W 3 168°W 3
[ .| [ [ [ [ z
06 05 04 0.3 0.3 04 05 06
(c) An example of local effect (topography) (d) Simulation skills
. o
Dry air \ 77 ]
is warmed ) ,/// iy Zone of =
\ 727 /‘/ precipitation
.
v Ly
¢ / ’ /Alrcoolsand
Rain shadow /iy condenses
desert
Island or
Mountain Range N\ Moaist
prevailing

winds



Tailoring procedure : from MME to local

1 Target Pattern T’ '3 The Projection Process 4 Projection Amplitude (Output)
Predictor Weighting Function Projection Amplitude z(t)
: 2(t)=y(®)-T High Projection

(Match)

MME Prediction
y(t)

Target Pattern T'

Low Projection
(Mismatched)

Tin]e-slider

large scale cor. pattern

2 MME Prediction (Input)
Real-time forecast

; Product ‘5 Bayesian Regression
(Projection Process) y P(t) =a#(t)+b

Multi-Model
Ensemble

y(t)

P(t) (Precipitation)

A(t)
Bayesian Regression
and with MCMC sampling

vs. Precipitation



1 Target Pattern T’ 3 The Projection Process 4 Projection Amplitude (Output)
Projection Amplitude (t)
z(t)=y()-T

MME Prediction )
Target Pattern ' y(t)
T Sl
i Low Projection

(K <)
N LSS 0000 (Mismaed)
0 Identif in the redictors (O BS vs MME) large scale cor. pattern Time-slider
I —— -
y g 2 MME Prediction (Input Dot - -
Real-time fnrecast( i i m@mﬁm 5 Ba;g(stl)an: R:g?:ﬂobn
%, e

)

eeeeeeee
y(t,

P(t) (Precipitation)

Observed relationship Simulated relationship

60S

30E GOE 90E 120E 150E 180 150W120W S0W &0W 30W 30E GOE BS0E 120E 150E 180 150W120W 90W G6OW 30W

0.7

30N 30N 0.5
0.3

0 0 0.1

= -0.1

308 308 . Ly 03
60S 605 4N - —— D

0.7

30E 60E 90E 7120E 150E 180 150W120W 90W &60W 30W 30E 60E 90E 120EJ1S0E 180 150W120W 90W 60W 30W

Large scale Predictor for rainfall (+) fy) > x ex) Apia, Sep—Nov



Also consider bias

= Correlation map of global
precip. with station rainfall

gl
-

L

I W P —£
A |

A .
N
T
"""“"*':::::::E;‘.lw

—

Rainfall associate with ENSO

(a) Observation (GPCP)

| 2 MME Prediction (Input)

1 Target Pattern T’ 3 The Projection Process

MME Prediction
y(t)

Target Pattern T

large scale cor. pattern

Real-time forecast

Multi-Model
Ensemble
y(t)

vs. Precipitation

ST
NN

(S Y G A N -~
\\\\\\\wa//\/-\/\, A
——— Sy eyl

24 -18 -1.2

Product
(Projection Process)

4 Projection Amplitude (Output)
Projection Amplitude (t)

HO=¥OT gy projction
(Match)

Low Projection
(Mismatched)

Time-slider

§ Bayesian Regression

4 P(t) =ad(t) +b

P(t) (Precipitation)

A(t)
Bayesian Regression
and with MCMC sampling



© Pattern Projection

x
-0.2

-04

-0.5

0.2

0.3

0.4

0.1

0.5

0.6

(-0.2x-0.3)

+ (-0.4x-0.4)

Extracting the predictor (X) from MME by Matrix Dot Product

1 Target Pattern T’

large scale cor. pattern

1 2MMEPdt (Ipt)

Real-time fore

3 The Projection Process

Target Pattern T

(Projectiof

®

MME Prediction
y(t)

Projection Amplitude (Output)
P| Ampltd 2(t)
#(t) =

mmmmmmmm
TTTTTTTTT

,i Podt 5 Bayesian Reg
) ?P() () b

+ (-0.5x-0.3)

-0.3

-04

-0.3

0.1

-0.2

-0.1

+(0.6x0.1)

=) X




O Bayesian Regression by MCMC

Bayesian Linear Regression & MCMC Exploration

Slope (M} Mean = 1.87, M 95% Credible Interval = [1.33, 2.41],
Intercept (B) Mean = 0.91, B 95% Credible Interval =[0.58, 1.22]

TRUE (2,1)

m

Parameter Space (m, b) & Posterior Exploration

0 1 2 3 - 0.0 0.5 1.0 1.5 2.0

Slope (m) Distribution Intercept (b) Distribution

(1 )

Intercept (b) Prior Std. Dev. |‘ 1 F|

Slope (m) Prior Std. Dev.

1 Target Pattern T’ 4 Projection Amplitude (Output)

Projection Amplitude z(t)
)

3 The Projection Process
z(t) =y(t)- T

Target Pattern T’

large scale cor. pattern

| icti Dot
2 MME Prediction (Input) onguct § Bayesian Regression

200 1 Real-time forecast (Projection Process| )4 P(t) ad(t)+b
A ’ g ek
\ Multi-Model ) e
\ Ensemble | o = ] 7/
250 ot /ﬁ/ S ‘
\ A Alt)
= Bayesian Regression
\ ® vs. Precipitation and with MCMC sampling
@
@
200 e 17 @
/
V)
& ©
150 |} @ °®
I
I
100
3 2 1 0 1 2 3

Problem: Complex climate models make direct integration of
posteriors impossible.

Solution: MCMC, A "Random Explorer" samples the parameter
space to map the posterior distribution

> Application: Extract parameter sets (m, b) from the map to
perform ensemble predictions.

Bayesian Regression via MCMC Sampling

1.Define Priors: Set initial beliefs for parameters P(m,b).

2.Likelihood: Evaluate how well parameters explain the data.

3.Formulate Posterior: Posterior « Likelihood x Prior.

4.MCMC Sampling: Explore parameter space viarandom walk to collect samples.
5.Approximate & Analyze: Build the final distribution and extract statistics.

* Markov Chain Monte Carlo (MCMC, specifically, an illustrative random walk)
- Markov Chain: The next step depends only on the current state, independent of the past.
- Monte Carlo: Repeated random sampling to approximate complex probabilities.



PICASO (Pacific Island Countries Advanced Seasonal Outlook)

= Statistical Downscaling and Bias-Correction

Samoa 2015 ASO

NDJ

@ PICASO

Q ‘Outiook Details CO-PICs Data Guide

31%
3% apd Samoa 2015 ASO SON
Faleol .
The 2015 ASO precipitation in
. Apia (91762) is predicted to be Outlook  Details  CO-PICs Data Guide

BELOW NORMAL (66%; ABOVE
11%, NORMAL 23%, BELOW 66%)
around 96.1 mm/mon.

Afiamalu

Probability Distribution

4 at Apia (ASO, 2015;
o HSS 775 pRman Threshold : 77.8mm
The prediction skill at Apia Upper: 622%
(91762) is High. Lower: 37.8%
| ) "
LEPS 174 0 Rainfel Amourt 100 200 400
751 Seasonal rainfall [mm/mon]
Prediction vs. Observation —— ——
: SR— | PICASO PMME
Recent Forecasts (Apia) . § . .
BELOW NORMAL ABOVE Time Series at Apia (ASO, 2006-2017) i
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PICASO UX: Preview

Oitlook Dﬁtails C%—PICS

| Tercile/Recent Forecasts
| Verification Scores

Matural Language Outlook

Data Giide Sﬁtti ngs

: | Interactive Data Management

_—| Import and Export

| Interactive Probability Scale
| Historical Forecast/Observation

:' Training/Validation Scores/Table

| Detailed Application Guide

_—| Climate Summary

| ENSO/SST outlook
" | Temperature/Precipitation

: Validation and Verification

: Themes and Styles

| Export as PDF/PNG

Where to check information

What is the predicted probability
distribution of my location? = Outlook
& Details

How high is the prediction skill for this
location/season? - Details
|ldentification of predictor weighting
functions 2 Guide

Whatis the global forecast for this
season? = CO-PICs + CLIKp

| would like to generate a good-looking
seasonal outlook = Settings > Exports



Thanks!

Questions/Comments?
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