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The Target of Climate Prediction

Seamless Prediction: WWRP-WCRP
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The Major Prediction Method
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Imperfections of model directly prediction

® Skills for heat wave is about 3 weeks ® Skill for extreme rainfall is limited
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Developing of Multi-Model Ensemble

NMME

THE NORTH AMERICAN
MULTIMODEL ENSEMBLE

Phase-| Seasonal-to-Interannual Prediction; Phase-2
toward Developing Intraseasonal Prediction

SubX ey THE NUMBERS

1 Year of
Forecasts

3 -4 week guidance

for Climate Prediction

Retrospective Center Outlooks

Table 1. The Participating Organizations and Institutes in the APCC MME Prediction

Country Organization/nstitute
Australia Australian Bureau of Meteorology (BoM)
Canada Meteoralogical Service of Canada (MSC)
China Beijing Climate Center (BCC)

Institute of Atmosphenc Physics of China [LAF)
Japan Japan Meteorological Agency (IMA)
Karea Korea Meteorological Administration [KMA]

Mational Institute of Meteorological Research of Korea (NIMR)

Seoul Mational University [SNU)

Pusan National University [PHL)
Pem Meteorohogical and Hydrological Weather Service of Peru (SENAMHI)
Russia Main Geophysical Observatory of Russia IMGD)

Hydrometeorological Centre of Russia (HMC)
Chinese Taipei Central Weather Bureau of Chinese Taipei [CWB)
UsA Center for Ocean-Land-Atmosphere Studies ([COLA)
Intemiational Research Institute for Climate and Soclety (IR1)
National Asronautics and Space Administration MASA)
National Centar for Environmental Prediction (NCEF)

A few MME systems of climate
prediction have been developed in
the world, which can provide MME
seasonal forecasts (e.g., the NMME,
EUROSIP and APCC-MME).

The EUROSIP multi-model seasonal forecasting
system

Operational System number Effective hindcast
o ECMWF Met Offce Metéo-france NCEP JMa Perod
September -4 -f' -3 2 - 1991-2010

2012

December 2012 -4 -3 -3 -E - .199] 2010
January 2013 -4 -8 -4 -2 - .19‘}1-2[}13
wy2t3 4 9 4 2 1m0
July 2014 .4 .'f.l .4 2 . 1891-2010
wy2ts 4 n 4 2 100
June 2016 4 n 5 2 1991-2010
oyts 4 12 s 2 w0
March 2 .4 . 2 ."* .; .2 .199] 2010

® Single model prediction is

inevitably affected by the
uncertainty from initial condition

and physical process

® NMME, ECMWEF, APCC has build

up MME prediction system

Model-1
Model-2
Model-3 Final
: Predictions

Model-N

Uncertainties in IC and model

Chaotic nature of the system

SME vs. MME

Only MME can sample both

uncertainties

Krishnamurti et al., 1999, Science; Kirtman etal, 2014, BAMS; Mishra etal., 2019, CD)
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Prediction skills of SubX

SubX (A Multimodel Subseasonal Prediction Experiment )

NCEP-CFSv2 EMC-GEFS ECCC-GEM GMAO-GEQOS NAVY-ESPC @ RSMA-CCSM4 ESRL-FIM

RSMAS-CCSM4(0.21) ESRL-FIMr1p1(0.25) NAVY-ESPC(0.16) : y——
W GEmECCC
GEFS-EMC

073 @ GMAO-GEOS

W NAVY-ESPC

- B RSMAS-CCSM4 MJ O
@we

0 60E 120E 180 120W 60w 0 60E 120E 180 1200 60w 0 60E 120E 180 120W 60w

GMAO-GEOS V2p1(0.24) EMC-GEFS(0.28) ECCC-GEM(0.23) 0.25

TCC of

2 Week 1 Week 2 Week 3 Week 4
1 B ESRL-FIMrip1
B GEM-ECCC
- . . GEFS-EMC
0 60E 120E 180 120W  60W 0 60E 120E 180 120W  60W 0.75 B GMAO-GEOS
NCEP-CFSv2(0.25) PERSIST(0.12)
B NAVY-ESPC
05 B RSMAS-CCSM4 NAO
NCEP-CFSv2
0.25
- . 0
180 120W 60w Week 1 Week 2 Week 3 Week 4
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Questions and Challenges

® Number of Chinese domestics dynamical models have been developed recently (CMA, IAP,
NUIST, FIO et al), most of them optimize the simulation over East Asian specifically
® |t is necessary to establish China Multi-Model Ensemble (CMME) system and focus on the

prediction skill of East Asian especially
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Introduction of CMMEv2.0
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China Multi-model Ensemble Prediction System v2.0
I
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Based on several climate models and ,
Beijing Climate Center has established the China Multi-model Ensemble Prediction System(CMME).
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It consist of 4 sub-systems and provides the prediction and verification products of basic climate
elements such as temperature and precipitation, as well as the primary climate variability modes.




2.1 CMME-S2D sub-system

CMME-S2D £ St HEZE _ . .
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——
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Initialization of domestic running models

(L Initialization )
Newtonian relaxation nudging

Jda
i Fla,X,t) + Gy - Wy - e5(X) - (@p — @)

e
TR

Lagged Averaged 542 -2-1 0 1232 s 67 8 o0
Forecast (LAF) I

Atmosphere: CRA-40 reanalysis data : ,
wean: GODAS-pentad / ————————— _ ________ :

® For the 3 domestic running models (FGOALS-f2, FGOALS-s2 and NZC-PCCSM4), the Newtonian
relaxation Nudging is used to assimilate atmospheric and oceanic reanalysis data, The standard
isobaric surface wind field, temperature field and altitude field data of CRA-40 reanalysis were
selected for the atmospheric assimilation, and multi-layer ocean temperature data of GODAS
reanalysis data were selected for ocean assimilation.

® The assimilation time window of atmospheric reanalysis is 6 hours, and that of ocean data is 1 day.
The lagged averaged forecast (LAF) method is used to generate the ensemble members .




Products of CMME-S2D sub-system

® Predictand: T2m anomaly, Precipitation anomaly percentage, SST anomaly
® Multi-timescale (Month and Rolling-seasonal) and Multi-domains (Global, Continent and China)

ensemble prediction (9 single models and 1 ensemble mean)

® The products are real-time updated monthly on the NCC official website.
http://cmdp.ncc-cma.net/pred/cn_cmme_s2d.php?cmmeCat=CMME-S2D
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http://cmdp.ncc-cma.net/pred/cn_cmme_s2d.php?cmmeCat=CMME-S2D

Probabilistic Prediction (new!
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2.2 CMME-S2S sub-system (new!)

Farmwork of CMME-S2S

Forecast

. Ensemble Forecast Forecast Hindcast Hindcast Model
DatsECUIEY DI size frequenc eriod strate eriod version
time (d) q Y P gy p
CMME-S2S (subseason-to-seasonal) system 2020- ]
CMA 60 4 2/week On the fly
present years S28v2
1999- :
IAP-CAS 65 16 1/day Fix 1999-2018 Fgoals-f2
present
i CMA IAP-CAS NCEP i NCEP 44 16 1/day Zfeigr;t Fix 1999-2010 enNSSI]IEIEIC
BCC-CPS- CAS-FGOALS- AR | P
CFSv2
S28v2 2-V1.3 2018- Past 20
ECMWF 46 51 2/week On the fly CY46R1
present years
EREFN

‘ﬁ

iLastZweeks e

LEYRY

Multi-model ensemble

Fcst 8-12 pentads

iTE2E R R8-121% :
CMA, 2 fcsti |J\7d 8 bﬂi
Lagged averaged Skill and independen . cst In last ays, o membper
fogriiastv(iA%; weigh:ill)leg o O —, 4 i I
~ ~ — IAP-CAS, inievery day, 16 member}

=izt

—

NCEP-CFS, fcstevery day, 16 membess

ECI\/IWF 1 fcst in last 4 da 51 members

MO

“

B Pentads: PRECanomaly, T2m anomaly

B Ten-days: PRECanomaly percentage , T2m anomaly, H500

B Sub-month: PRECanomaly percentage, T2m anomaly global
B Next-month: PRECanomaly percentage, T2m anomaly, H500

2 festip Jast 13 days, 14 members >

% 1 R00RT



Products of CMME-S2S

PESHEASSTARSE (CMMEv2.0)
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http://cmdp.ncc-cma.net/pred/cn_cmme_v2.php?cmmeCat=CMME-S2S

Divided China into 7 sub-regions based on
K-means method

1 (a) NDJFM . el [ | (D) MIJAS

Establish DSPM for each sub-region in summer and winter

Training Period Prediction Period
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Prediction

Skill improvements (DSPM-BCC)
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2.3 CMME-CPPS sub-system (improve!)
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Climate Phenomenon Prediction System (CPPS):

O System off ENSO Monitoring, Analysis and Prediction (SEMAP)

O ISV/MJO Monitoring and Prediction System (IMPRESS)

O Mid-high-latitude-polar Atmospheric TEleconnections and Sea ice-snow variations (MATES)

O A prediction system of Primary East-Asian Circulation pattErns (PEACE)
(Ren etal, 2017, IMR)



Deterministic Prediction

China Multi-Model Ensemble (CMME): ENSO Prediction
Nino3.4 Index Forecasts 202309-202408 Issued on 20230925
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Probabilistic Prediction

China Multi-Model Ensemble (CMME): ENSO Probability Prediction
Nino3.4 Index Forecasts 202309-202408 Issued on 20230925
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O Provide multi-model deterministic and probabilistic prediction

O Grouped by fully coupled GCM, intermediate coupled model,

O It shows a medium-strength El nino event will be formed during

Participant Models or Methods

Fully coupled GCMs
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Products of other CPPS
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Outlines

1. Backgrounds
2. Establishment and Product
3. Predictability Verification

4. Summary and discussions



Extraction of Dominant SST patterns

® EOF1

The spatial distributions of EOF1 are generally well
captured even at 3-month lead time
The explained variances are Iarqer than obs
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® EOF2

Most models can capture the CP ENSO, except for a
westward shift of maximum positive SSTA
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Prediction skills of Nifo Index

O Correlation skills of CMME for Nino3.4 index reach 0.87 Skills” dependences on initial month

BCC-CSM1.1lm

at 6-month lead, and reach 0.77 and 0.75 for EP and CP
ENSO index, which are higher than all individual models

w w - wo o=

Forecast Lead Time (Months)
w

Forecast Lead Time

Forecast Lead Time

- 4-
4

3 4 5 6 7 8 9% 10 11 12 7 08 9 10 11 12
Initial Month I lM th

O The spring prediction barrier still exist, but become

6 FGOALS 12 s FGOA]_S s2
Z g’ Z
E g 5 E s
. . 2 : 2
o w o
relieved than single model ;- ;. :
% ER EE
- -1 -
g2 g2 g2
o o . " o~ 2 ] 2
Prediction skill of Nifb Index £, £, £,
. . 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
nino34 ninocp ninoep Initial Month Initial Month Initial Month
JMA-CPS3 NUIST-CFS
1.0 1.0 = ‘ o6 6
| o8 755 " Z =
| o 8 08 -1 s 2. ,
g g
at | -1 =
| 3 3 33 3
06 0.6 3 é
2 ER) 2
~J 0.4 - 0.4 % [:% 1 1
1 2 3 4 5 6 7 3 9 100 11 12 1 2 3 4 5 f 7 8 9 10 11 12
. Initial Month PERSISTENCE Initial Month
0.2 - CFsv2 02 0.2 T o6 o6
ECMWF S5 ] El
o 5 o5
==« FGOALS-
52 0.0 + 0.0 — 2 2
004 ———— FGOALS- E 4 E .
-- == == - PCCSM4 a =]
————— BCCOSMI 1 2 3
55 " 0.2 T T T 0.2 T T T T 3 g
-0. T T T T 1 2 3 4 5 6 1 2 3 4 5 6 ? 2 g 2
1 2 3 4 5 6 £ o
LE 1 LE 1

5 6 7 8
Initial Month

| I I
01 02 03 04 05 06 07 08 09




Prediction Skills of dominant ocean modes* )

ntasst Skill of IOBM for different ini months
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Prediction skills for PREC anomaly

TCC skills for JJA at 3-month lead (ini from Mar) TCC skills over East Asian (Land)
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The skill of CMME is better than any single model, especially over East Asian



Real-time Verification of CMME

Global PREC in 2023 OBS FCS(from Mar)

R e Forecast: lead 3 month (issue at MAR 2023) ACC=0.14
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Prediction skills for T2m anomaly

® Skill of CMME is higher than each single mode and persistent prediction, es over Mid-high latitude
® The predictions that target on Oct to Jan are higher than the other months
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Interannual variation of Prediction Skills

® Interannual variations of PCC skills are depended on Regression of DJF PREC against Nifp3.4
the amplitude of ENSO event

® CMME can better capture the modulations of ENSO REG ;ggmogés' Oisrzzf%']:feigé ;22%2016
event, but model tend to over-estimate the influence om0 onis g0  evonaa
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® Relation between Skill over EA in JJA and
ENSO is quite weak in CMME
® SST over North Indian Ocean could be

possible predictability sources | 3.0
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Predictability sources of East Asian

® Yearly PCC skills over EA and SA are related with
SSTA amplitude of NIO
® The response pattern of NIO warming, such as

stronger Meiyu front are better simulated by CMME
East Asian South Asian
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Skill differences between CMMEv2 and v1

B Compared to its previous version, the improvement of T2m over tropics are more significant
B The PREC skill over East Asia during JJA has also been enhanced
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Skill Dependence on Ensemble members

» Question: Whether the ensemble model numbers should be further increased?

® The best skills become saturation after the ensemble models increased to 5-6 models, but
the median skill of random ensemble mean is still increasing

® The optimal sub-group ensemble of 5-6 models could have better skill than 9-model equal-
weighted ensemble mean
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Prediction Skills of CMME-S2S

® Reduce the deterministic forecast error ® Improve the probabilistic skill significantly
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Probabilistic Skill of CMME-S2S

ROC Curve
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Verification of MME prediction of MJO

® Useful skills extend to 27d after MME
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Skill verification

of realtime MJO perdition

® Improvements mainly come from model dlver5|ty, and
the increase of ensemble members also contribute
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Establishment of CMME-VECOM Sub-system

étlz/?l\lll_Ez-z\/EEECOM O VECOM provide hindcast and realtime verification product of PREC, T2m,
SST, and dominant climate phenomenon (ENSO, MJO, 10D, WPSH, EASM etal)
20194 O Both of deterministic and probabilistic verification method are
VECOM-v2.0 applied for CMME models
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Summary

1) System Establishment: The China Multi-Model Ensemble (CMME) prediction system
has been established and updated to its second version (CMMEv2.0), which include 4 sub-
systems (CMME-S2D, CMME-S2S, CMME-CPPS and CMME-VECOM 4). Dynamical-statistical
method has also been developed to further improve the prediction skills.

2) Skill verification: Compared to SME, MME effectively reduce the prediction
uncertainty and improved the reliability for deterministic and probabilistic prediction. The
skills for Nifp3.4 reach 0.87 at 6-month lead and above 27 days for MJO

3) Predictability sources: The predictability sources mainly come from ENSO, but also
from NIO for East Asian. Both of the increasement of model diversity and ensemble

members contribute to the skills improvement of MME, especially for the former one.



Further Development of CMME
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o

Combined with ML and DL model

® Combine MME with artificial intelligence methods such as machine learning and deep learning,
® Build model error correction, optimal ensemble and intelligent downscaling schemes.

® Form seamless (subseaonal to decadal) intelligent grided climate prediction products.
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Figure 2: The architecture of the proposed SwinIR for image restoration.
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WWRP 2018 - 2
WCRP Report No. 6/2018

WWRP 2018 - 4
'WCRP Report No. 11/2018

® Based on dominant predictability sources, physical

statistical models, dynamical models and dynamical-

statistical method has been widely used for prediction

WWRP/WCRP Sub-seasonal to
Seasonal Prediction Project (S2S)
Phase Il Proposal

WWRP/WCRP Sub-seasonal to
Seasonal Prediction Project (S2S)
Phase | Final Report

® Dynamical model has become the most important

(November 2013-December 2017) {Navember 2018-December 2023)

T ® e v foundation for subseasonal to decadal prediction
S2S Database

ﬂgﬁ'iﬁ'ﬁﬁ}ix_ﬁ{bqﬁmﬂﬁx-‘mQX% 250t1a;u1s1o:1 Time Resolution Ens. Size Frequency Re-forecasts Rfclength Rfc frequency Rfc size
Beijing Climate Center Climate Prediction System version 3 o range
( BCC-CPSv3) BoM(ammc) d0-62 | T47L17 3+11 2/week fix 1981-2013 | 6/month 3%11
SEEBARLT RS A BRTG4 PR A BTN WA RG CMA (babj) d 0-60 CMA (babj) - 2/week on the fly past 15 years | 2/week =
e ( BCC-CSM2-HR ) CNR- i : i
s o @ SPPT + LAF J; Ik ISAC(isac) d0-32  075x0.56 154 41 weekly fix 1981-2010 | everySdays |5
A REH-FY: O:Eizﬂ CNRM(ifpw) d0-32  T255L91 51 weekly fix 1993-2014 | 4/month 15
: N} ( E1T)
EE-c/De-RC - [ (coumen W | sw.58m 1AM ECCC(cwao)  d 0-32 | 0.45x0.45140 | 21 weekly  onthefly | 1998-2017  weekly 4
VAR dﬂ ' (WA METT)
ECMWF(ecmf) d 0-46 Tco639/319 L91 | 51 2/week on the fly past 20 years | 2/week 11
'_ ‘ HMCR(rums) d 0-61 1.1x1.4 L28 20 weekly on the fly 1985-2010 weekly 10
PR, ¥ MM PN oL 7= Sh xS B A JMA(rjtd) d0-33  TK79/TI319L100 50 weekly fix 1981-2010 | 3/month 5
_ }"'('\_m,m‘ *?-’f?: J_.m"’ WO PR KRR KMA(rksl) d0-60 | N216L85 4 daily on the fly 1991-2010 | 4/month 3
.llh’.iﬁtizi‘ﬂ!%wmku‘?&lﬁ BB, RO, bR
T R Wil Wil WA NCEP(kwbe) d0-44 | Ti26l64 16 dail fix 1999-2010 | dail 4
KR (k) / g
1235l P ¢ S SR ST the Sochastcly i Rramcttition endocy UKMO(egrr)  d0-60  N216L85 4 daily on the fly 1993-2016 | 4/month 7




Prediction Skills of dominant ocean modes* )

ntasst Skill of IOBM for different ini months
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