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N E X T  G E N E R A T I O N  E A R T H  S Y S T E M  P R E D I C T I O N 

THE POTENTIAL VALUE OF S2S FORECASTS TO DECISION-MAKERS

A number of federal, state, and private users presented information to the committee 
about how they make decisions for which S2S Earth system information is or has the 
potential to be a factor. Building on these presentations, the committee developed in-
formation on a large set of sectors and decisions for which S2S forecasts are or have the 
potential to inform decisions (Figure 3.1 and Table 3.1). Case studies later in this chapter 
expand upon some of these examples, including applications to water management, 
public health, emergency response, and national defense. As the case  studies make 
clear, some of the potential value of S2S forecasts lies in their ability to inform decision 
processes that begin months or even years in advance of a potential event.  

FIGURE 3.1 S2S forecasts (shown in blue and green) fill a gap between short-term weather and ocean 
forecasts (shown in red) and longer-term Earth system projections (shown in black). NOTES: They inform 
critical decisions (also shown in blue and green) across many different sectors by providing information 
about likely conditions in between these more established prediction times. SOURCE: Modified from the 
Earth System Prediction Capability Office.
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Operational S2D prediction  

International Conferences on S2D Prediction| Boulder | September 2018 5/24

Operational infrastructure for seasonal forecasts

• 13 Global Producing Centers for Long-Range Forecasts (GPC-LRFs);

• 11 seasonal forecast systems are based on coupled models;

• On a monthly basis, seasonal forecast data is provided to the WMO 

Lead Center for Long-Range Forecast Multi Model Ensembles (LC-

LRFMME) hosted by  the Korean Meteorological Administration 

(KMA).

• https://www.wmolc.org/

SP(13)

https://www.wmolc.org/ 
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Infrastructure for Annual to Decadal Climate 

Predictions (ADCP)

• An effort led by UK Met Office;

• WCRP Grand Challenge on Near-

Term Climate Predictions (NTCP).

• https://www.metoffice.gov.uk/resea

rch/climate/seasonal-to-

decadal/long-range/wmolc-adcp
15 Centers

DP(15)

WWRP 2018 - 4
WCRP Report No. 11/2018
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WWRP/WCRP Sub-seasonal to 
Seasonal Prediction Project (S2S) 
Phase II Proposal

(November 2018–December 2023)

S2S (12)



Opportunities and Challenges of S2D

https://www.wmolc.org/ 

HPC GCM



Finite-volume Atmospheric Model in IAP LASG 
Zhou Bao*  et al.,2014;Zhou Bao* et. al 2015; Bao* et al., 2019;  

He Bao et al, 2019; Li  Bao Liu et al.,2019)

FV3:Lin	and	Rood,	1996；
Lin,	1997,	1998,	2004；
Putman	and	Lin,	2007

Climate system model: CAS FGOALS-f2

FV3:	fast!

Scale-awareness		
Resolved	Convectional	Precipitation	scheme	

(RCP) CAS FGOALS-f2



RESEARCH HIGHLIGHTS National Science Review
0: 1–2, 2020

doi: 10.1093/nsr/nwaa006
Advance access publication 3 February 2020

EARTH SCIENCES

Special Topic: Land–Atmosphere Interaction of the Tibetan Plateau

Recent progress in climate modeling of precipitation over the Tibetan
Plateau
Qing Bao1,! and Jian Li2

Given the controversy regarding the
‘Monsoon Melee’, there is a need for
more accurate Tibetan Plateau (TP)
climate modeling that clari!es its role in
monsoon variations [1]. Because of the
unique geographical characteristics of
the region, TP climate modeling faces
many challenges. One of the largest
modeling biases is the overestimation
of precipitation along the southern
slopes of the TP, which in"uences the
simulation of the monsoon circulation
through the teleconnection associated

Scale-aware
fast
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Figure 1. (a) Schematic representation of the Resolving Convective Precipitation (RCP) scheme (adapted from the cover of [3]). (b) Probability distribution
of daily precipitation; (c) and (d) geographic distribution of boreal summer precipitation over the TP. The FGOALS-f3-L data were obtained from the CMIP6
ESGF nodes [3] and the CMPA01 data are based on a high-spatio-temporal-resolution analysis of merged gauge and satellite precipitation observations.

with the local latent heat "ux. #is also
a$ects estimates of landslide risk and
water resources. Recent advances in
climate modeling of convection, land–
atmospheric interaction and large-scale
dynamics can mitigate the simulated bi-
ases associated with the TP and, in turn,
improve disaster-mitigation planning in
this region.

Physics-based climate-model pa-
rameterizations have been developed
to reduce the biases associated with TP
climate modeling. Bao et al. [2] and He

et al. [3] developed a Resolving Convec-
tive Precipitation (RCP) scheme within
a low-resolution version of the Flexi-
ble Global Ocean–Atmosphere–Land
System model, !nite-volume version 3
(FGOALS-f3-L), and applied this to
the Model Intercomparison Projects
as well as real-time climate-prediction
projects. #e RCP scheme has the
advantage of both scale-awareness
and high computational e%ciency. In
contrast to conventional convective
parameterization, the RCP scheme

C"#e Author(s) 2020. Published byOxfordUniversity Press on behalf of China Science Publishing&Media Ltd.#is is anOpen Access article distributed under the terms of the Creative
Commons A&ribution License (h&p://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original
work is properly cited.
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MJO in FGOALS-f2

diagram (Figure 1). From the lag!longitude diagram, the positive regression coef!cients over the MC area
(100–150°E) and over 0–25 lag days are summed. The sum is then normalized by the TRMM observed
value to yield the MC propagation metric (Figure 2).

Figure 1. Lag!longitude diagram of precipitation for (a) TRMM, (b) 30 CMIP5 mean, (c) 34 CMIP6 mean, and (d—bo) each individual model. The lag!longitude
diagram is obtained as lag!regression of 10°S to 10°N averaged 20! to 100!day band!pass!!ltered precipitation anomalies against its time series averaged over the
85–95°E and 5°S to 5°N. The blue and red colors on the model names indicate CMIP5 and CMIP6, respectively. The red box in each panel indicates the area and
lag days that are used for the MC propagation metric.
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Extreme precipitation over Land
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Fig. 2. Summer (JJA) rainfall frequency–intensity distribution in the (a) observation, 

(b) reanalysis, (c) CMIP5 and (d) FGOALS-f2 datasets. The domain is East mainland 

China (105–140° E, 15–35° N). 
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Fig. 6. Percentage of extreme precipitation amount relative to the total precipitation 

amount in the (a) station observation, (b) CMIP5 models and (c) FGOALS-f2 model. 

The red boxes represent the two centers of maximum frequency of extreme 

precipitation: the lower-middle reach of Yangtze River Basin (LYRB) center (26.5–32° 

N, 112.5–120° E) and the deep South China region (DSC) center (21–26° N, 116.4–

115° E). The numbers at the bottom right denote the domain-averaged percentage over 

the LYRB and DSC, respectively. 
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Fig. 1. Location of the 552 rain gage stations over East China (105–140° E, 15–55° N). 

The station elevation (units: m) is denoted by the color of the dots. 

  

（He, Yang, Bao et al., 2019, JC）



Bao et al.,2020 AOLS
phase obtained from both FGOALS-f3-H and FGOALS-f3 
-L is in the early morning, around sunrise, which is also 
similar to the GPM observations. Therefore, both 
FGOALS-f3-H and FGOALS-f3-L provide reasonable tim-
ings for the peak phase of hourly precipitation. With 
respect to the amplitude of the diurnal cycle associated 
with the hourly precipitation, FGOALS-f3-H shows 
a signi!cant improvement in terms of the hourly preci-
pitation over both land and oceans. The amplitude of 
hourly precipitation can be 3.5 mm h"1 in terms of 
hourly mean results, which is consistent with GPM obser-
vations. This suggests that increasing the horizontal 
resolution of the model improves simulations of the 
hourly precipitation, whereas it has little e#ect on simu-
lations of diurnal precipitation on a global scale. These 
conclusions are consistent with those of a previous study 
using other models (Xie et al. 2019), which showed the 
higher resolution leads to more precipitation being 
resolved as grid-scale precipitation.

During boreal summer, the diurnal variation in pre-
cipitation associated with the Asian Summer Monsoon 
(ASM) shows unique regional features because of the 
stronger air–sea–land interactions and the complex 
topographic thermal and dynamic forcing, which mod-
ulate the monsoon $ow on the multiple time-scales (Yu 
et al. 2007). The boreal summer diurnal cycle of precipi-
tation from GPM products (Figure 3(a)) in the middle– 
lower reaches of the Yangtze River shows an early morn-
ing peak, which has some similarities with equatorial 
ocean regions, whereas the diurnal cycle of the precipi-
tation in Southwest China (downstream of the Tibetan 

Plateau) shows a nocturnal peak phase that is similar to 
most continental midlatitude areas. FGOALS-f3-H (Figure 
3(c)) simulates these morning and evening peaks, 
whereas FGOALS-f3-L (Figure 3(b)) shows mainly the 
peaks around sunset for both regions. Over southern 
Asia and the Indochina Peninsula, the diurnal cyclone 
of precipitation from FGOALS-f3-H shows a near uniform 
nocturnal peak similar to GPM observations, which 
represents an improvement in model performance as 
compared with FGOALS-f3-L. According to GPM obser-
vations, it should also be noted that the intensity of the 
hourly precipitation during boreal summer from 
FGOALS-f3-H is more accurate than that from FGOALS- 
f3-L. This suggests that the model biases exhibited by 
FGOALS-f3-L (i.e. the peak phase and weakened inten-
sity) have been signi!cantly reduced in FGOALS-f3-H on 
a regional scale for the ASM.

5. Usage notes

The original atmospheric model grids are in the cube- 
sphere grid system with a resolution of C384 for 
FGOALS-f3-H and C96 for FGOALS-f3-L. There are six 
tiles in the cube-sphere grid system and it is irregular 
in the horizontal direction. We merge and interpolate 
the tiles to nominal resolutions of 0.25° for FGOALS-f3-H 
and 1° for FGOALS-f3-L on the standard global latitude– 
longitude grids scaled by one-order conservation inter-
polation for public use as required by CMIP6. The format 
of datasets is NetCDF (https://www.unidata.ucar.edu/ 
software/netcdf/workshops/2012/third_party/CDO. 
html), and the post-processing is done by the NetCDF 
Operator (http://nco.sourceforge.net), NCAR Command 
Language (http://www.ncl.ucar.edu), and Python 
(https://www.python.org).

The descriptions of the output variables follow the 
standards of CMIP6 requirements (http://clipc-services. 
ceda.ac.uk/dreq/tab01_3_3.html).

Data availability statement

The data that support the !ndings of this study are available 
from the following sources: https://esgf-node.llnl.gov/projects/ 
cmip6/.

Disclosure statement

No potential con$ict of interest was reported by the authors.

Funding

The research presented in this paper was jointly funded by the 
Strategic Priority Research Program of Chinese Academy of 

Figure 3. The boreal summer mean timing phase (color) and 
amplitude (color density) of the total precipitation (units: mm 
h!1) in the Asian regions from seven years of hourly averaged 
data for (a) GPM, (b) 1° FGOALS-f3-L highresSST-present 
r1i1p1f1, and (c) 0.25° FGOALS-f3-H highresSST-present 
r1i1p1f1. GPM, FGOALS-f3-L, and FGOALS-f3-H are from 
2008–14. In this figure, GPM and FGOALS-f3-H are interpolated 
to 1°, the same as the resolution of FGOALS-f3-L. The thick black 
lines mask the elevation of 2000 m.
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Tropical cyclones in FGOALS-f2

IBTrACS

FGOALS-f2/3-L 
(100km)

FGOALS-f2/3-H 
(25km)

(Li, Bao* et al, 2019, JAMES)
(Li, Bao*, Liu* et al, 2019, JAMES)

Other models: ~100km



Duration of TC

Bao et al.,2020； Li et al , 2021， GMD
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S2D prediction system

• FGOALS-f2  （atm/ocn: 1°） 

• Initialization method: Nudging 

- atm：T/U/V/P/Z3 (FNL/GFS) 

- ocn：OISST/OSTIA 

• Time-lagged ensemble approach 

- Re-forecast: 4 members 

- Real-time Forecast: 16 members 

• Re-forecast period: 1999 ~ 2018 (20 years) 

• Re-forecast frequency : daily
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Operational S2D prediction (100km): “Green” 
(save electricity)

•  16 nodes cluster (4 CPU@2.60GHz）

•  Daily S2S: 16 ensemble members (1-65 days) 
•  Daily SP: 2 ensemble members (1-12 months) 
•  Monthly A2D: 2 ensemble members (1-10 years) 

• Storage : 3T  per year, Grib2 format



FGOALS-f2 Seamless Prediction system（V1.3）

http://project.lasg.ac.cn/FGOALS_f2-S2S/index.php?



Subseasonal: MJO



Subseasonal: TC



Season Prediction



evaluate the dynamical seasonal prediction skill for TCs in
the WP and NA using FGOALS-f2 V1.0 and to determine
how well a 18 dynamical prediction system can predict TC
activity.

The remainder of this paper is organized as follows.
Section 2 introduces the dynamical model and configuration
of the seasonal prediction system. Section 3 introduces the
observational dataset and the TC detection method. In
section 4, the climatology and interannual variability of the
predicted TC activity in the WP and NA are shown. The
impact of ensemble sizes is discussed in section 5. The large-
scale factors and the possible link between TC activity and

ENSO on seasonal time scales are discussed in sections 6
and 7. In section 8, a recent 3-yr real-time forecast skill of
TCs in the WP is given. In section 9, the monthly prediction
skill of TCs is shown. Last, a brief discussion and summary of
the results are given in section 10.

2. Dynamical model and seasonal prediction system

a. Climate system model (CAS FGOALS-f2)

There are four fully coupled components in the CAS
FGOALS-f2 model: atmosphere, ocean, land, and sea ice. CAS

FIG. 2. (a),(b) The observed and FGOALS-forecast TC genesis location density for the WP, and (c),(d) the
observed and FGOALS-forecast TC genesis location density for the NA. The TC density is analyzed in a 18 3 18
grid box with 6-h intervals, and the unit of the color map is number per season (July–November). The
24-ensemble-member results of FGOALS-f2 V1.0 for the WP and NA in (b) and (d) are shown from 1981
to 2015. The IBTrACS data in the same period for the WP and NA in (a) and (c) are also shown as the
observations.
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FGOALS-f2 has a standard horizontal resolution of 100 km.
The atmospheric component of FGOALS-f2, FAMIL2, is
the latest-generation atmospheric model of LASG/IAP/CAS.
It uses a finite-volume method (Lin 2004) as the dynamical
core, which is discretized on a cubed-sphere grid system
(Putman and Lin 2007). The microphysics parameterization
used in FGOALS-f2 is from GFDL (Zhou et al. 2019), and six
species are considered. The cumulus parameterization used in
FGOALS-f2 is a convection-resolving precipitation scheme
(Bao and Li 2020), which involves calculating the micro-
physics in the cumulus processes for both deep and shallow
convection. According to a previous evaluation, FAMIL2
showed stable computing performance on a supercomputer
(Li et al. 2017; Zhou et al. 2012, 2015), and the simulation
performance of TCs at C96 (horizontal resolution of ap-
proximately 100 km) has also been previously reported

(Li et al. 2019). As the atmospheric component of FGOALS-
f2, FAMIL2 has participated in CMIP6 activities (Eyring et al.
2016), the Global Monsoons Model Intercomparison Project
(Zhou et al. 2016; He et al. 2019) and the High-Resolution
Model Intercomparison Project (HighresMIP) (Haarsma
et al. 2016; Bao et al. 2020). The land surface model used
in FGOALS-f2 is version 4 of the Community Land Model
(CLM4.0) (Oleson et al. 2010; Lawrence et al. 2011). The sea
ice model and ocean model used in FGOALS-f2 are the Los
Alamos Sea Ice Model, version 4.0 (CICE4.0) (Hunke et al.
2008), and the Parallel Ocean Program, version 2 (POP2)
(Kerbyson and Jones 2005), respectively.

b. Dynamical seasonal prediction system FGOALS-f2V1.0

Figure 1 shows the main structure of the dynamical TC
seasonal prediction system based on FGOALS-f2 V1.0 in

FIG. 3. As in Fig. 2, but for TC track density.
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OISST is 0.86 (Fig. 10b), which reflecting a robust ENSO re-
sponse in FGOALS-f2V1.0.

Figure 11 shows the difference in track density between El
Niño and La Niña years during 1981–2015 (Camp et al. 2015;
Vecchi et al. 2014; Manganello et al. 2016; Shaevitz et al. 2014).
We used the sameENSOdefinition as Camp et al. (2015)—that
is, El Niño and La Niña years are defined by the average

SST (August–October) anomaly being greater than 0.58C
and less than 20.58C in the Niño-3.4 region, respectively.
There are 11 El Niño years (1982, 1986, 1987, 1991, 1994,
1997, 2002, 2004, 2006, 2009, and 2015) and 10 La Niña years
(1983, 1984, 1988, 1995, 1998, 1999, 2000, 2007, 2010, and 2011)
using this definition in the hindcasts of FGOALS-f2V1.0. Over
the WP, observed TC activity increases east of the Philippines,

FIG. 12. Seasonal anomaly (July–November) of TC track density in theWP from 2017 to 2019 (unit: number per
season). The TC density is analyzed in a 18 3 18 grid box with 6-h intervals, and the unit of the color map is number
per season (July–November). (a),(d),(g) The 35-ensemble-member mean results of FGOALS-f2 V1.0 in the WP,
and (b),(e),(h) the IBTrACS observations. (c),(f),(i) The anomaly percentage (%) of TC numbers andACE for the
entire WP basin from 2017 to 2019.

1770 WEATHER AND FORECAST ING VOLUME 36

DCF E EC HCF :H /15 / 7 , 2 025 , / 5/ 5 5 I 7B9FE BE 9E I C BAC9   0 7

Li, J., Bao*, Q., Liu, Y., et al., Dynamical seasonal prediction of tropical cyclone activity using the FGOALS-
f2 ensemble prediction system, weather and forecasting, https://doi.org/10.1175/WAF-D-20-0189.1

Seasonal Prediction of TC

https://doi.org/10.1175/WAF-D-20-0189.1


2019 Sea Ice Prediction Network Phase 2



Annual trend of precipitation in the next 10 years
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Submission of IAP-CAS (anso) is timely





24~25 days

MJO prediction skill from 1999 to 2018 made by the FGOALS-f2 Version 1.3 from IAP-
CAS (ANSO). The bivariate anomalous correlation coefficient (ACC) measured by the 
RMM index from 16 individual members (gray) and 16-member ensemble mean (red) 
with a time-lag method. ACC decreases as lead day increases, and the dotted line is the 
ACC’s threshold of 0.5. The prediction  skill  from 16-member ensemble-mean is about 
28 days, as determined by the maximum lead time with the ACC exceeding 0.5.  
                                                                          (Yangke Liu, Lingjun Zeng and Qing Bao)

Forecast Lead days of  MJO from 1999-2018
 ( reaches 0.5)



24~25 days

MJO prediction skill from 1999 to 2018 made by the FGOALS-f2 Version 1.3 from IAP-
CAS (ANSO). The bivariate anomalous correlation coefficient (ACC) measured by the 
RMM index from 16 individual members (gray) and 16-member ensemble mean (red) 
with a time-lag method. ACC decreases as lead day increases, and the dotted line is the 
ACC’s threshold of 0.5. The prediction  skill  from 16-member ensemble-mean is about 
28 days, as determined by the maximum lead time with the ACC exceeding 0.5.  
                                                                          (Yangke Liu, Lingjun Zeng and Qing Bao)

27 days

MJO prediction skill from 1999 to 2018 made by the FGOALS-f2 Version 1.3 from IAP-
CAS (ANSO). The bivariate anomalous correlation coefficient (ACC) measured by the 
RMM index from 16 individual members (gray) and 16-member ensemble mean (red) 
with a time-lag method. ACC decreases as lead day increases, and the dotted line is the 
ACC’s threshold of 0.5. The prediction  skill  from 16-member ensemble-mean is about 
28 days, as determined by the maximum lead time with the ACC exceeding 0.5.  
                                                                          (Yangke Liu, Lingjun Zeng and Qing Bao)

Forecast Lead days of  MJO from 1999-2018
 ( reaches 0.5)



Forecast Lead days of MJO ( reaches 0.6)

（Vitart，2017）

MJO Prediction and Teleconnections in the S2S Database 2213
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Figure 2. Forecast lead time (in days) when the MJO bivariate correlation between the model ensemble means and control run reaches 0.6. The vertical black bars
represent the 95% level of confidence computed from a 10 000 bootstrap re-sampling procedure. [Colour figure can be viewed at wileyonlinelibrary.com].
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Figure 3. Evolution of the MJO (a) amplitude error and (b) phase error relative to
ERA-Interim as a function of lead time. In (a), a positive (negative) value indicates
a too strong (weak) MJO. In (b), a positive (negative) value indicates a too fast
(slow) MJO propagation. [Colour figure can be viewed at wileyonlinelibrary.
com].

differences are much smaller than the differences between models
and are unlikely to affect the hierarchy of models displayed in
Figure 2. The scores have also been recalculated with ERA-Interim
used for the MJO bivariate index calculation, but the verification
is performed against 20CRv2C and JRA55. Results (not shown)
suggest that most of the difference in the medium-range MJO skill

scores between 20CRv2C and ERA-Interim in Figure 4 is due to
the difference in verification dataset whereas, for extended-range
forecasts, the difference is largely dominated by the choice of the
reanalysis used for the 120 day running mean removal.

Several publications (e.g. Vitart and Molteni, 2010; Weaver
et al., 2011) have highlighted the difficulty of dynamical models
to propagate the MJO across the Maritime Continent. In order
to assess the ability of models to propagate the MJO across the
Maritime Continent (from MJO phase 2/3 to phase 6/7), all the
S2S model forecasts having a strong MJO in the initial conditions
located over the Indian Ocean (MJO phase 2 or 3) have been
identified. The proportion of these forecasts which never reach
the western Pacific (MJO phase 6 or 7), within the next 30 days,
even as a weak MJO, has been calculated (Table 1). According to
Table 1, this proportion is only of about 10% in ERA-Interim, but
it is significantly higher in all the S2S models with a proportion
ranging from 19% to 46% depending on the model. This suggests
that all the S2S models have difficulties propagating the MJO into
the Pacific, with too many MJO events dying over the Maritime
Continent in the sub-seasonal predictions.

5. MJO ensemble spread

A crucial aspect of ensemble prediction is the ensemble spread
which should give a correct indication of model and initial
condition uncertainties. If it is too small then the ensemble
forecast is overconfident; if it is too large then it is underconfident.
A way to measure if the ensemble spread has the correct amplitude
is to compare its evolution with forecast lead time to the amplitude
of the root mean square error. Ideally, the two curves should
overlap. Figure 5 shows the two curves from three S2S models
(ECMWF, NCEP and BoM). The RMS error and spread have been
computed from the real-time forecasts, which have generally a
much larger ensemble size than the reforecasts and are therefore
more suitable for this type of study. According to Figure 5, all three
models are overconfident, with an ensemble spread significantly
smaller than the RMS error. The difference is particularly large for
the NCEP and BoM models. Of course there is some uncertainty
regarding the exact value of the RMS error since ERA-Interim has
been used as the ‘truth’. Using other reanalyses like 20CRv2C or
JRA55 lead to similar estimates of the RMS error.

In a well-designed ensemble system, the ensemble spread
should be related to the skill of the system: smaller ensemble
spread should give more confidence that the forecast will be
more accurate than normal, and a larger than normal ensemble

c! 2017 Royal Meteorological Society Q. J. R. Meteorol. Soc. 143: 2210–2220 (2017)

18 days 

MJO prediction skill from 1999 to 2018 made by the FGOALS-f2 Version 1.3 from IAP-
CAS (ANSO). The bivariate anomalous correlation coefficient (ACC) measured by the 
RMM index from 16 individual members (gray) and 16-member ensemble mean (red) 
with a time-lag method. ACC decreases as lead day increases, and the dotted line is the 
ACC’s threshold of 0.5. The prediction  skill  from 16-member ensemble-mean is about 
28 days, as determined by the maximum lead time with the ACC exceeding 0.5.  
                                                                          (Yangke Liu, Lingjun Zeng and Qing Bao)



Support for Tanker Rescue in Sri Lanka 



China Multi-Model Ensemble (CMME): ENSO Prediction



Qing Bao, Xiaofei Wu, Jin-xiao Li et al., 2018:Outlooks of El Niño and Indian Ocean Dipole for Autumn Winter 2018 – 2019, Chin. Sci. Bull. doi: 10.1360/N972018-00913

A weak Central-Pacific (CP) El Niño  event was predicted 
successfully in 2018-2019



2020-2021 Nepal winter drought

 Outlook in Oct 2020 
from FGOALS-f2

Winter rainfall monitoring 
from Nepal



2022 JJA Outlook for Precipitation



5. Conclusion and Discussion

• Using Resolved Convective Precipitation (RCP) scheme, FGOALS-f2 has 

significant advantages in Extreme precipitation, diurnal variation, tropical 

cyclone and MJO. 

• The sub-seasonal to decadal prediction system (S2D) was established, which 

was achieved the 20-year re-forecasts and carried out for real-time 

prediction from day 1 to year 10. 

• The prediction products cover both the global and regional areas, such as 

ENSO, MJO, TC, Arctic Sea Ice, Tibet Plateau and surrounding Asian 

monsoon regions.  Some typical applications of the seamless system in the 

monsoon region have be introduced .




