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Abstract The seasonal prediction skill of the Asian
summer monsoon is assessed using retrospective predictions (1982–2009) from the ECMWF System 4 (SYS4) and
NCEP CFS version 2 (CFSv2) seasonal prediction systems.
In both SYS4 and CFSv2, a cold bias of sea-surface temperature (SST) is found over the equatorial Pacific, North
Atlantic, Indian Oceans and over a broad region in the
Southern Hemisphere relative to observations. In contrast,
a warm bias is found over the northern part of North Pacific
and North Atlantic. Excessive precipitation is found along
the ITCZ, equatorial Atlantic, equatorial Indian Ocean and
the maritime continent. The southwest monsoon flow and
the Somali Jet are stronger in SYS4, while the southeasterly trade winds over the tropical Indian Ocean, the
Somali Jet and the subtropical northwestern Pacific high
are weaker in CFSv2 relative to the reanalysis. In both
systems, the prediction of SST, precipitation and low-level
zonal wind has greatest skill in the tropical belt, especially
over the central and eastern Pacific where the influence of
El Nino-Southern Oscillation (ENSO) is dominant. Both
modeling systems capture the global monsoon and the
large-scale monsoon wind variability well, while at the
same time performing poorly in simulating monsoon precipitation. The Asian monsoon prediction skill increases
with the ENSO amplitude, although the models simulate an
overly strong impact of ENSO on the monsoon. Overall,
the monsoon predictive skill is lower than the ENSO skill
in both modeling systems but both systems show greater
predictive skill compared to persistence.
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1 Introduction
The global monsoon (Webster et al. 1998; Wang et al.
2011a) is a major component of global climate system,
affecting the global climate and weather such as floods,
droughts and other climate extremes. The Asian monsoon
influences almost half of the world’s population with their
agriculture, life and society depending on monsoon climate. Therefore, understanding the physical processes that
determine the character of monsoon systems and also
providing accurate extended range predictions on a seasonal timescale is crucial for the economy and policy
planning in the monsoon regions. Individual dynamical
models and multi-model simulations have played an
important role in monsoon prediction. It has been shown
that the sensitivity in monsoon prediction/simulation
depends on model features, primarily on the presence of
ocean–atmosphere coupling, model resolution and
improvement of the model physics (Kang et al. 2002;
Wang et al. 2005a, and many others). These model
improvements are providing substantial advances in seasonal prediction. Several coupled model hindcast intercomparison projects have shown that recent ocean–
atmosphere coupled models are able to capture the gross
feature of Asian monsoon variability from the intraseasonal
to seasonal timescales (Kumar et al. 2005; Wang et al.
2005b; Kim et al. 2008; Kug et al. 2008; Wang et al. 2008;
Lee et al. 2010).
Several modeling centers routinely provide operational
seasonal forecast with ocean–atmosphere coupled model
systems. In this study we focus on the European Centre for
Medium-Range Weather Forecasts (ECMWF) System 4
and Climate Forecast System version 2 from the National
Center for Environmental Prediction (NCEP CFSv2). ECMWF and NCEP have been operating coupled ocean–
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atmosphere seasonal prediction systems since 1997 and
2004, respectively. ECMWF System 3 was introduced in
March 2007 (Anderson et al. 2007), showing improved
skill for seasonal prediction relative to previous versions
(Tompkins and Feudale 2010; Stockdale et al. 2011).
Recently, ECMWF upgraded its operational seasonal
forecasts to System 4, which has been operational since
late 2011. System 4 utilizes ECMWF’s the most recent
atmospheric model version, with higher resolution and a
higher top of the atmosphere, more ensemble members and
a larger reforecast data set (Molteni et al. 2011). The NCEP
CFSv1 has been examined in simulating and predicting El
Nino-Southern Oscillation (ENSO) variability (Wang et al.
2005b); Asian-Australian/Indian monsoon (Yang et al.
2008; Liang et al. 2009; Pattanaik and Kumar 2010) and
climatic variation in the U.S. (Yang et al. 2009). The NCEP
CFSv2 (http://cfs.ncep.noaa.gov/) is an upgraded version
of CFSv1 (Saha et al. 2006) and became operational since
2011. The NCEP CFSv2 represents a substantial change
from CFSv1 in all aspects of the forecast system including
model components, data assimilation system and ensemble
configuration, and shows important advances in operational
prediction (Weaver et al. 2011).
The capabilities of individual coupled systems for
predicting the Asian monsoon have been analyzed previously for various target seasons, different regions and a
wide range of variables. However, the ECMWF system 4
and NCEP CFSv2, which are the most recently upgraded
systems, have not been compared using the same validation methods. An overall assessment of simulation
ability and prediction skill of these two modeling systems
will be of interests to the scientific, operational and user
communities, providing information to support the choice
Fig. 1 Climatological summer
mean (JJA) bias (modelobservation) of (top) SST
(K) and (bottom) precipitation
(mm/day) for (a, c) SYS4 and
(b, d) CFSv2
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of which model(s) to use. In Kim et al. (2012), the
seasonal prediction skill and the simulation ability for
ENSO teleconnection for the boreal winter in ECMWF
system 4 and NCEP CFSv2 have been compared. Here,
we compare the simulated climate variability and seasonal prediction skill for the Northern Hemisphere (NH)
summer monsoon, with special focus on the Asian
monsoon region. Section 2 introduces details of the reforecasts and observation data sets. Section 3 examines
the simulation and prediction of monsoon in the two
modeling systems. Section 4 focuses on the ENSO and
the monsoon prediction capabilities. Discussion for the
failure in monsoon prediction is given in Sect. 5 and the
summary in Sect. 6.

2 Data
ECMWF System 4 (hereafter SYS4) and NCEP CFSv2
(hereafter CFSv2) are fully coupled atmosphere–ocean
forecast systems that provide operational seasonal predictions together with reforecast data to evaluate and calibrate
the models. The SYS4 seasonal reforecasts include 15
member ensembles and consist of 7 month simulations
initialized on the 1st day of every month from 1981 until
2010. Details for the ECMWF System 4 can be found in at
www.ecmwf.int/products/forecasts/seasonal/documentation/
system4. The CFSv2 reforecasts are a set of 9-month reforecasts initiated every 5th day with four ensemble members for
the period from 1982 to 2010. Initial conditions for the
atmosphere and ocean come from the NCEP Climate Forecast
System Reanalysis (CFSR, Saha et al. 2010). Details of the
system can be found in http://cfs.ncep.noaa.gov.

Asian summer monsoon prediction in ECMWF System 4
Fig. 2 Climatological wind
vector and zonal wind anomaly
at 850 hPa (shading) in (a) ERA
interim and biases of (b,
d) SYS4 and (c, e) CFSv2 from
ERA interim and CFS
reanalysis

We investigated the forecasts initialized in spring with
the aim of assessing the prediction skill of the boreal
summer season. We match the ensemble size, as well as
lead-time for the comparison of the SYS4 and CFSv2
forecasts, as prediction skill depends strongly on the
ensemble size (Kumar and Hoerling 2000). The SYS4 reforecast set consists of 15 ensemble members initialized on
May 1st. The CFSv2 set consists of 16 ensemble members
initialized from April 21st to May 6th. Particular variables
are followed from their initial date through June to August
(JJA), which we define as the period of the NH summer. A
total of 28 NH summers are examined in the 1982–2009
period.
For forecast evaluation, Global Precipitation Climatology Project (GPCP) version 2.1 combined precipitation
dataset (Adler et al. 2003) is used. Sea surface temperature
(SST) data is obtained from monthly NOAA Optimum
Interpolation SST V2 (Reynolds et al. 2002). The wind
data at 850 hPa and 200 hPa are obtained from the ERAInterim (Berrisford et al. 2009) and CFSR products. ERAInterim (hereafter ERA) is the latest global atmospheric
reanalysis dataset produced by the ECMWF. The CFSR is
a major improvement over the first generation NCEP reanalyses (NCEP R1 and R2) and is the product of a coupled

ocean–atmosphere–land system at higher spatial resolution
(Saha et al. 2010).

3 Monsoon simulation and prediction
3.1 Seasonal mean bias and prediction skill
To assess the general capability of the two modeling systems in simulating and predicting seasonal mean climate
variability, we first compare their seasonal mean biases.
The long-term mean of the 28 year simulation of ensemble
mean for SST, precipitation and low level winds for the NH
summer are compared with the observations (Figs. 1, 2).
Although the simulated climatology in both modeling
systems generally matches the observed patterns, systematic biases are found. In both systems, a cold bias of SST
occurs over the equatorial Pacific, North Atlantic, Indian
Ocean and a broad region over the Southern Hemisphere. A
warm bias is found over the northern part of North Pacific
and North Atlantic (Fig. 1a, b). These findings are similar
to the NH winter biases (Kim et al. 2012). In the ENSO
region, a strong cold bias is apparent in both systems and a
strong warm bias is found in the cold tongue region in
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Fig. 3 The climatological mean
for the annual range of
precipitation (mm/day) defined
by the boreal summer mean
(JJA) minus winter mean (DJF)
precipitation in (a) observation,
(b) SYS4 and (c) CFSv2.
Contour interval is 5 mm/day

CFSv2 (Fig. 1a, b). The summer mean precipitation shows
an excessive precipitation along the Inter-Tropical Convergence Zone (ITCZ), equatorial Atlantic, equatorial
Indian Ocean and maritime continent (Fig. 1c, d). Both
systems show a dry bias over the East Asia monsoon region
and northern part of South America. In SYS4, a strong dry
bias is found over equatorial central Pacific (Fig. 1c, d).
The monsoon climate is defined as a shift in the wind
direction caused by differential heating of major landmasses and adjacent oceans that brings about seasonal wet
and dry rainfall anomalies over the monsoon area. Figure 2
shows the climatology of 850 hPa lower tropospheric wind
in ERA interim (Fig. 2a) and biases in both modeling
systems (Fig. 2b–e). As the climatology patterns are
slightly different between ERA interim and CFSR, we
show the bias from both ERA interim (Fig. 2b, c) and
CFSR (Fig. 2d, e). An issue in evaluating the reforecast is
the choice of the reanalysis. Kim et al. (2012) showed that
the predictive skill of the surface temperature of the two
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models depends on the reanalysis dataset used due to discrepancies and uncertainties associated with the reanalysis.
Therefore, the analyses in this study were conducted using
both reanalysis datasets.
The observed NH summer mean circulation pattern
(Fig. 2a) is characterized by the easterly trade wind over
the equatorial Pacific, anti-cyclonic flow in the North
Pacific, southwest monsoon flow over the tropical Asia and
the cross-equatorial Somali Jet in the Indian monsoon
region. These major circulation features are captured in
each reanalysis set. However, the southwest monsoon flow
and the Somali Jet are stronger in SYS4 but weaker in
CFSv2 relative to both reanalyses (Fig. 2b–e). The strong
monsoon flow in SYS4 is dynamically consistent with the
high precipitation in the western Indian Ocean, while the
bias of monsoon flow in CFSv2 is consistent with the wet
anomaly in the equatorial Indian Ocean. In CFSv2, the
southeasterly trade winds over the tropical Indian Ocean,
the Somali Jet and the subtropical northwestern Pacific

Asian summer monsoon prediction in ECMWF System 4
Fig. 4 Correlation coefficients
for (first line) SST (second line)
precipitation and zonal wind at
850 hPa with (third line) ERA
interim and (fourth line) CFS
reanalysis for (left) SYS4 and
(right) CFSv2. Solid black
(gray) line represents statistical
significance of the correlation
coefficients at 99 % (95 %)
confidence level

high are weaker than observed in a manner similar to
CFSv1 (Yang et al. 2008). In both modeling systems, the
stronger-than-observed easterly trade wind and convergence over the western North Pacific is consistent with the
wet bias over the western Pacific warm pool and central
Pacific (Fig. 1c, d). The weaker-than-observed anticyclonic
flow over the western North Pacific and weaker southerly
from South China Sea is consistent with the deficiency of
East Asian monsoon precipitation as less water vapor is
transported to the monsoon region. These biases over the
Asian monsoon region were also found in previous studies
(Yang et al. 2008; Lee et al. 2010). The mean bias in the
two simulations relative to the CFSR shows similar characteristics to the mean bias with ERA interim but with
regional differences (Fig. 2d–e).
Wang and Ding (2008) proposed a set of metrics to
assess model performance in simulating the mean climate
and annual cycle of the global monsoon. The metrics
include evaluation of the annual mean skill and the

predictive skill of the leading modes of annual variation.
Lee et al. (2010) applied these metrics to evaluate the
performance of 13 coupled models simulating the global
monsoon. The first mode that represents a solstice global
monsoon mode can be reproduced by the differences
between summer and winter precipitation (Wang and Ding
2008). The simulation ability of the global monsoon mode
is assessed by the annual range (AR) of precipitation
defined as JJA mean minus DJF mean precipitation. JJA
(DJF) mean precipitation is 1–3 lead month average that
uses May (November) initial condition. Details for the
reforecasts data for NH winter (DJF) are described in Kim
et al. (2012). The AR of the simulated precipitation fields is
compared with the GPCP satellite-based observations in
Fig. 3. Both modeling systems simulate the solstice global
monsoon mode well with good representation of the AsianAustralian and Africa monsoons. The model bias is consistent with the precipitation bias shown in Fig. 1. The
major deficiencies of the AR precipitation in SYS4 forecast
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Fig. 5 Monsoon indices:
(a) WY index (b) IM index and
(c) WNPM index from 1982 to
2009 for ERA interim (black),
CFS reanalysis (gray), SYS4
(red) and CFSv2 (blue).
Numbers indicate the temporal
correlation coefficient
(multiplied by 100) compared
with (left) ERA interim and
(right) CFS reanalysis

are found over the South China Sea and in the East Asian
monsoon, whereas wet biases are found over the ITCZ,
equatorial Atlantic and maritime continent. In CFSv2, an
excessive AR precipitation is found along the ITCZ,
especially over the western to central Pacific and equatorial
Atlantic.
To examine the seasonal mean prediction skill in both
systems, the correlation coefficients between the observation and the reforecast anomalies are calculated for the
ensemble mean over 28 years. Figure 4 shows the JJA
mean seasonal prediction skill for SST, precipitation and
850 hPa zonal wind anomaly from simulations initialized
on or around May 1st. In both systems, the skill for all three
variables is greater over the tropical Pacific than over the
extra-tropics and greater over the ocean than over land
(Peng et al. 2000, 2011). SST prediction has its greatest
skill in the tropical belt, especially over the central to
eastern Pacific and equatorial Atlantic where the influence
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of ENSO is dominant (Fig. 4a–b). SST prediction skill is
statistically significant at the 99 % confidence level in most
of the regions. The precipitation prediction skill is generally lower than that of the SST. It also has the greatest skill
over the equatorial Pacific but the significant values
are only limited over the equatorial Pacific (Fig. 4c, d).
Figure 4 shows that the Asian monsoon region, especially
the Indian Ocean, has low skill in precipitation where the
correlation coefficients do not exceed the significant confidence level. The skill of the lower tropospheric zonal
wind prediction is compared with both the ERA interim
and CFSR. The SYS4 shows greater skill over the tropical
Pacific and Indian Ocean compared to CFSv2 when the
simulations are compared with both ERA interim and
CFSR (Fig. 4e–h). The better performance of SYS4 in
simulating the lower tropospheric circulation field in the
Asian monsoon region may result in the higher prediction
skill for the monsoon indices compared to CFSv2.

Asian summer monsoon prediction in ECMWF System 4

3.2 The Asian summer monsoon
We now examine the capability of SYS4 and CFSv2 in
simulating the spatial pattern and the year-to-year variability of the Asian summer monsoon. Several monsoon
indices are compared between the reforecasts and the two
reanalyses (ERA interim and CFSR). Webster and Yang
(1992) introduced a monsoon circulation index (hereafter
WYI) defined by zonal wind shear between 850 and
200 hPa averaged over the South Asia from 40° to 110°E
and from the equator to 20°N, reflecting the year-to-year
variability of the broad scale South Asian summer monsoon. The Indian monsoon index (IMI) and the western
North Pacific monsoon index (WNPMI) were introduced
by Wang et al. (2001). The IMI is defined as the difference
between the 850 hPa zonal winds between 5°–15°N, 40°–
80°E and 20°–30°N, 70°–90°E while the WNPMI is
defined as the 850 hPa zonal wind difference between a
southern region (5°–15°N, 100°–130°E) and a northern
region (20°–30°N, 110°–140°E) in the Asian monsoon
domain. The IMI and WNPMI represent the dominant
modes of interannual variability of the Indian summer
monsoon and western North Pacific summer monsoon,
respectively (Wang et al. 2001). Each index shows robust
interannual variability over the 28 year period (Fig. 5). The
numbers in parentheses refer to the correlation coefficients
(multiplied by 100) between the reforecasts and the ERA
interim and CFSR, respectively. The limiting value of
significant correlation coefficient is 0.47 (0.37) at the 99
(95) % level.
Comparing with the ERA interim, the interannual variation of WYI is quite well reproduced by both reforecasts,
with correlation coefficient of 0.78 and 0.74 for SYS4 and
CFSv2, respectively, which exceeds 99 % statistical significant level. The correlations between CFSR and the
predicted index are 0.63 for both modeling systems
(Fig. 5a). Although the low level zonal wind is not well
reproduced in either reforecast data set (Fig. 3c), the high
skill of WYI could result from the high skill in the upper
level zonal wind (not shown). However, the IMI shows
insignificant skill, ranging from 0.2 to 0.3 in both reforecast
products (Fig. 5b). Both models perform poorly in capturing the variability of the monsoon component measured
by IMI, given the difficulties in simulating the circulation
field for Indian monsoon region. The low prediction skill in
IMI could result from the small area used to define the
index. The WNPMI (Fig. 5c) is well captured in both
modeling systems, having correlation coefficient ranging
from 0.57 to 0.77.
To measure the variability of the monsoon precipitation, first we compare the variability of the model precipitation with the observations (GPCP) over the Asian
monsoon region for each forecast system (Fig. 6). The

Fig. 6 Standard deviation of JJA precipitation (mm/day) for
(a) GPCP, (b) SYS4 and (c) CFSv2

variability is calculated using the standard deviation of
JJA mean precipitation anomalies over the 28 year period.
The standard deviation of the forecast precipitation
anomalies for each ensemble member is calculated individually and then averaged. Both modeling systems show
similar gross patterns to the observations with maximum
variability over the Bay of Bengal, southern part of China
Peninsula, southeastern Indian Ocean, tropical western
Pacific, maritime continent and the East Asian monsoon
region (Fig. 6). CFSv2 overestimates the amplitude of the
variability over the entire Asian monsoon region about
2–3 times and SYS4 overestimates the amplitude along
the equator.
To analyze the variance and the systematic bias of the
Asian monsoon variability in both modeling systems, an
empirical orthogonal function (EOF) analysis is applied to
both the observed and predicted JJA precipitation anomaly
over the area of 40°–240°E and 25°S–40°N. The EOF
analysis is applied to the predicted anomaly of individual
ensemble member and then averaged. Figure 7 represents
the eigenvector of the first and second EOF mode from
observations and for the two modeling systems. The two
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Fig. 7 Eigenvectors of the (left)
first and (right) second EOF
mode for JJA precipitation
anomaly for (top) observation,
(middle) SYS4 and (bottom)
CFSv2. Numbers indicate (left)
the percentage of total variance
of precipitation anomaly and
(right) the pattern correlation
coefficient with observation

leading EOF modes of the observed fields explain almost
34 % of the total variance (Fig. 7a) and have distinct
relationship with ENSO. The first mode explains 23 % of
the total variance and the eigenvector is characterized by
positive components over the central and equatorial eastern
Pacific where the wet anomalies extend northwestward to
the Philippine Sea, the northern South China Sea and the

Fig. 8 Principal components of
the first and second EOF modes
of precipitation anomalies from
observation (black), SYS4 (red)
and CFSv2 (blue). Numbers
indicate the correlation
coefficient between reforecasts
and observation over 28 years
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Bay of Bengal. This mode is associated with the transition
from warming to cooling in the eastern-central Pacific in El
Nino summer (Wang et al. 2008). The strong ENSO
forcing modulates the Walker circulation inducing sinking
motion (negative precipitation anomaly) over the western
Pacific, especially over the maritime continent and the
equatorial eastern Indian Ocean (Fig. 7a). The second

Asian summer monsoon prediction in ECMWF System 4

Fig. 9 Composite map of precipitation (mm/day, shading) and 850 hPa wind anomaly (m/s) for (top) GPCP and ERA interim, (middle) SYS4
and (bottom) CFSv2 for (left) El Nino and (right) La Nina summer

mode explains 10 % of the total variance and has been
known to be a precursor feature in the summer prior to a
year in which El Nino develops (Wang et al. 2008). The
spatial pattern of the second mode shows positive anomaly
over the WNP region and negative anomalies over the
central Pacific and equatorial Indian Ocean (Fig. 7d). In
both systems, the percentage of total variance of precipitation anomalies is larger than that of the observations,
associated with an overly strong modulation of the Asian
monsoon by ENSO.
The spatial patterns of eigenvectors in the models are
slightly different from the observations. For the first
eigenvector, both SYS4 and CFSv2 capture the positive
anomalies over the central to eastern Pacific and the
negative anomalies over the maritime continent and
eastern Indian Ocean, but they do not represent correctly

the anomalies over the North Pacific and western Indian
Ocean (Fig. 7b, c). The pattern correlation of the first
eigenvector between the reforecasts and observation is
0.72 and 0.76 in SYS4 and CFSv2, respectively. For the
second mode, the SYS4 and CFSv2 capture the gross
pattern but have strong dry anomalies over the equatorial
central Pacific and equatorial Indian Ocean in SYS4
(Fig. 7e) and wet anomalies over the Philippine Sea in
CFSv2 (Fig. 7f). The spatial correlation of the second
eigenvector between reforecasts and observations is 0.72
and 0.77 in SYS4 and CFSv2, respectively. The eigenvectors and their corresponding time series of principal
component (PC) of the two leading modes are related to
ENSO variability. As mentioned above, the first mode is
associated with the transition from warming to cooling in
the eastern-central Pacific, whereas the second mode
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Fig. 10 Anomaly pattern
correlation for (a) global region
and (b) Asian Monsoon region
of the zonal wind at 850 hPa for
SYS4 (red), CFSv2 (blue) and
persistence prediction (green).
The gray bar represents the
ENSO amplitude for boreal
summer. Numbers indicate the
mean correlation coefficient
over 28 years

Fig. 11 Prediction skill of zonal wind at 850 hPa over the Asian
monsoon area [40°–150°E, 20°S–30°N] as a function of ENSO
amplitude from Fig. 10b. ENSO amplitude and correlation coefficients are multiplied by 100. Years are arranged in the ascending
order of ENSO amplitude

provides a precursor for ENSO development (Wang et al.
2008). The PC time series for the models capture the
dominant ENSO variability, although the model’s
eigenvectors show biases in their spatial pattern. The
correlations between predicted and observed PC time
series for the first and second mode range from 0.7 to
0.85 (Fig. 8).

4 ENSO and the monsoon prediction
Previous results show that the Asian monsoon is strongly
modulated by the ENSO forcing in both the observation
and model predictions. ENSO is generally well predicted
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(up to 6 month) in seasonal forecast models (Jin et al.
2008) at least after the April/May ‘‘predictability barrier’’
(Webster and Yang 1992; Webster 1995). For SYS4 and
CFSv2, the correlation coefficients between the observed
and predicted JJA Nino 3.4 index is 0.87 and 0.83,
respectively. The slightly lower skill in CFSv2 compared to
SYS4 could result from the shift in SST bias associated
with the changes in satellite observations that were
assimilated in the CFSR (Xue et al. 2011; Wang et al.
2011b; Kim et al. 2012).
To assess the ENSO-monsoon relationship, we first
compare the predicted spatial patterns determined by the
ENSO forcing. Figure 9 shows the composite map of JJA
precipitation (GPCP) and 850-hPa wind (ERA) anomalies
in four strong El Nino (1982, 1987, 1997 and 2002) and La
Nina (1984, 1988, 1998 and 1999) summers. The El Nino
and La Nina years are defined by the normalized Nino 3.4
index exceeding one standard deviation. The traditional El
Nino pattern is produced by s a shift of the Walker circulation, inducing ascending motion with a wet anomaly
across the equatorial central to eastern Pacific and sinking
motion with a dry anomaly over the maritime continent and
equatorial eastern Indian Ocean (Fig. 9a). Increased rainfall in the central to eastern Pacific is associated with the
cyclonic pattern and the convergence of 850 hPa winds,
while the dry rainfall anomalies are linked to the anticyclone pattern and the divergence of the 850 hPa winds.
Although the La Nina pattern is not exactly a mirror image
of El Nino, the gross patterns are almost opposite from El
Nino (Fig. 9d). Both modeling systems simulate well the
gross pattern of the ENSO response, although the

Asian summer monsoon prediction in ECMWF System 4

(Fig. 10a). Most of the years have greater skill than the
persistence prediction. The prediction skill of the global
zonal wind in both reforecasts shows its highest skill in
1997 and 1998 summer when the ENSO amplitude is
strong.
For the Asian monsoon region (Fig. 10b), the mean
prediction skill is 0.52 and 0.31 for SYS4 and CFSv2,
respectively. The skill is higher in both model predictions
than the persistence prediction and the highest skill is
apparent in the strong ENSO years in both modeling systems. Figure 11 shows the mean prediction skill of Asian
monsoon zonal wind from Fig. 10b, plotted in descending
order of the ENSO amplitude and arranged according to the
absolute value of the ENSO amplitude. A 5-year moving
average is applied both to the ENSO amplitude and the
prediction skill ranges from the largest to the smallest
ENSO amplitude, in the same manner of Kim et al. (2012).
It is clear in both modeling systems that the Asian monsoon
prediction skill increases with the ENSO amplitude. This
suggests that a significant portion of the Asian monsoon
prediction skill in both modeling systems comes from the
ENSO forcing (Liang et al. 2009; Yang et al. 2008).

5 Discussion: Failure in Asian monsoon prediction

Fig. 12 Correlation coefficients between JJA Webster and Yang
index (WYI) and SST anomaly for (a) observation, (b) SYS4 and
(c) CFSv2

magnitudes are larger than the observed anomalies, especially in CFSv2.
To assess the impact of ENSO on the monsoon prediction skill, the pattern correlation between the predictions
and the reanalysis (ERA interim) in 850 hPa zonal wind is
calculated over the entire globe (0–360°E, 70°S–70°N) and
the Asian monsoon region (40–150°E, 20°S–30°N) over
the 28 summers. For comparison, the persistence skill has
been included. The zonal wind anomaly in the month
previous to the starting date is used as a measure of persistence. For example, the 3-month-persistence (JJA)
hindcasts starting on the 1st of June are obtained from the
anomaly of the previous May. Figure 10 shows the year-toyear variability of the 850 hPa zonal wind prediction skill
with ENSO amplitude. The ENSO amplitude is defined as a
standard deviation of JJA mean Nino 3.4 index. Over the
entire globe, the prediction skill shows strong interannual
variation and the mean prediction skills over 28 years are
0.31 and 0.24 for SYS4 and CFSv2, respectively

The Asian monsoon appears to be well predicted during
years with strong ENSO forcing. In addition, ENSO itself
is well predicted in both modeling systems after April/May.
However, the monsoon prediction skill, especially the
Indian monsoon, is not as high as the ENSO prediction
skill. Therefore, it is natural to ask why both modeling
systems perform so poorly in predicting the Asian monsoon
on seasonal timescales. To answer this question, first we
examine the relationship between ENSO and the Asian
monsoon from observational and modeling perspectives.
Figure 12 shows the simultaneous correlation coefficients
between the WYI and SST anomaly for both observations
and model predictions for JJA. Observations show that a
strong Asian monsoon is associated with SST cooling over
the central to eastern Pacific and Indian Ocean, with SST
warming over the tropical and northern part of the western
Pacific (Fig. 12a). The relationship between ENSO and the
monsoon is similar to the observed pattern for both model
predictions, with a large temperature gradient between the
east–west tropical Oceans (Fig. 12b–c). In both modeling
systems, the connection between ENSO and monsoon is
much stronger than in the observations, resulting in overly
strong impact of ENSO on the Asian monsoon (Hu and
Huang 2007; Misra and Zhang 2007; Yang et al. 2008). We
note that it has been found that the ENSO-monsoon relationship has weakened during recent years since 1980
(Kumar et al. 1999; Rajeevan et al. 2012). However, the
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Fig. 13 Zonal wind anomaly at 850 hPa (m/s, contour) and SST anomaly (K, shading) in 1982 for (left) May and (right) June in observation,
SYS4 and CFSv2. The contour interval for the zonal wind is 0.5 m/s

model predictions are unable to capture the recent weakening of the ENSO-monsoon relationship, which results in
poorer skill in monsoon prediction. The lack of the capture
of the recent ENSO-monsoon weakening could be due to
many reasons, including natural internal variability, phase
change in multi-decadal variability or model mean biases.
Although the two modeling systems have less skill in
predicting the Asian monsoon than ENSO alone, the model
predictions show clearly greater prediction skill than persistence prediction. The low skill, especially in CFSv2,
results from contributions for a number of years: 1982,
1996, and 2008 (Fig. 10b). The 2003 monsoon seems to be
difficult to predict in both modeling systems (Fig. 10b).
The persistence prediction in 1996 and 2003 shows negative correlations, indicating that the zonal wind pattern in
the initial month (May) changed during the following
summer. One interesting fact is that the CFSv2 prediction
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skill has a strong correlation with the skill in persistence
prediction skill (correlations above 0.5).
Here we examine more closely four case studies in
which the CFSv2 or SYS4 predictions differ significantly
from observation: 1982, 1996, 2003 and 2008 (Figs. 13–
16). Both SYS4 and CFSv2 failed to predict the monsoon
circulation field during 2003. Figure 15 shows the SST and
zonal wind anomaly at 850 hPa for May and June from
observations and two model predictions. Both models
simulate the gross SST pattern and the associated wind
pattern well in the zero-month lead (May), with a strong
negative SST anomaly in the eastern Pacific and warm
anomaly over the central Pacific. The westerly wind
anomaly over the western Pacific is well predicted in both
models. However, the observed circulation pattern shows
dramatic changes in the following month (June) that is not
represented by either modeling system, resulting in poor
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Fig. 14 Same as Fig. 13 except for 1996

prediction skill of monsoon circulations. The underlying
SST anomaly is a strong La Nina in both models, while the
observation suggests a weaker ENSO anomaly relative to
the previous month. The SST pattern over the Indian Ocean
is also quite different in the models relative to the observation. Another reason for poor prediction of year 2003 is
associated with the existence of a strong MJO event
propagating over Africa and into the Indian Ocean during
June 2003, which is poorly simulated by both models.
Although the prediction of the MJO is beyond the scope in
this study, it will be examined in the further work.
Notable failures in monsoon prediction in CFSv2,
compared to SYS4, occur in the summers of 1996 and
2008. In May 1996 (Fig. 13b), observations show cooling
over the central-east Pacific and western Indian Ocean. The
circulation pattern over the Asian monsoon region shows
similar features in SYS4 to the observed fields, while both
the SST anomaly and the circulation pattern is different

from the observations in CFSv2. The observations for June
show a broad area of easterly wind anomalies over the
Asian monsoon region. The one-month lead prediction in
SYS4 represents the June SST anomaly and the wind
pattern similar to observations. However, the CFSv2 shows
a warm SST anomaly in the central Pacific associated with
the different circulation pattern over the western Pacific
from the observations. In 2008, the CFSv2 also has an
opposite sign for the SST anomaly at June with positive
anomaly over the central Pacific, while SYS4 represents
the observed strong negative anomaly very well. The skill
in 1982 is also different in two modeling systems, even
though it is a strong ENSO year (Fig. 13). The SST pattern
in CFSv2 for the one-month lead (June) shows a different
pattern from the observed SST, thus resulting in a poor
prediction of the circulation pattern (Fig. 13).
Here we compared 4 years that show distinct failure in
monsoon prediction. However, it is clear that it is not easy
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Fig. 15 Same as Fig. 13 except for 2003

to generalize the underlying processes that determine
monsoon prediction failure. More analysis is required to
understand this problem.

6 Summary
This study has examined the seasonal predictive skill of the
NH summer using retrospective predictions by the ECMWF System 4 and NCEP CFS version 2. Seasonal predictions of one to three-month lead (initialized in May) for
the boreal summer (JJA) have been investigated with
15–16 ensembles for the period 1982–2009. The ensemble
means for both reforecasts reproduce realistically the gross
pattern of the observed climatology for SST, precipitation
and low-level wind, although systematic biases are found.
In both SYS4 and CFSv2, a cold bias of SST is found over
the equatorial Pacific, North Atlantic, Indian Ocean and a
broad region over the Southern Hemisphere and a warm
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bias is found over the northern part of North Pacific and
North Atlantic. Both systems show a dry bias over the East
Asia monsoon region and northern part of South America
while excessive precipitation is found along the ITCZ,
equatorial Atlantic, equatorial Indian Ocean and maritime
continent.
The southwest monsoon flow and the Somali Jet are
stronger in SYS4, while the south-easterly trade winds over
the tropical Indian Ocean, the Somali Jet and the subtropical northwestern Pacific high are weaker in CFSv2
relative to reanalysis products. Both modeling systems
simulate the solstice global monsoon mode well, with good
representation of the Asian-Australian and Africa monsoons. In both systems, the SST prediction has its greatest
skill in the tropical belt, especially over the central and
eastern Pacific and equatorial Atlantic where the influence
of ENSO is dominant. In the Asian monsoon region,
especially over the Indian Ocean, the prediction of precipitation has low skill, where the correlation coefficients

Asian summer monsoon prediction in ECMWF System 4

Fig. 16 Same as Fig. 13 except for 2008

do not exceed the significant confidence level. The SYS4
shows greater skill for the low-level wind prediction over
the tropical Pacific and Indian Ocean compared to CFSv2
translating into higher predictive skill for the monsoon
indices in SYS4 compared to CFSv2. Both reforecasts
capture the large-scale South Asian summer monsoon
variability quite well, although both models perform poorly
in simulating the Indian monsoon circulation.
The two leading principal EOF components in precipitation that are closely related to the ENSO variability are
captured well by both models, although the model’s
eigenvectors show biases in the spatial pattern. Both
models capture the main ENSO teleconnection pattern of
shifting of the Walker circulation, which induces ascending
motion with a wet anomaly across the equatorial central to
eastern Pacific and sinking motion with a dry anomaly over
the maritime continent and equatorial eastern Indian Ocean
in an El Nino summer. The Asian monsoon prediction skill

increases with the ENSO amplitude, implying that a significant portion of the Asian monsoon prediction skill
comes from the ENSO forcing. However, although both
systems perform very well in simulating ENSO and its
associated teleconnection patterns, the relationship
between ENSO and the monsoon is much stronger than
observed, resulting in an overly strong impact of ENSO on
the Asian monsoon. The inability of the two models to
capture the observed recent weakening of the ENSOmonsoon relationship could be the cause for poor skill in
monsoon prediction. Although the two modeling systems
have less skill in monsoon prediction than for ENSO prediction, both models clearly show greater skill than persistence prediction.
We have assessed Asian monsoon predictive skill in two
reforecast systems. The seasonal monsoon rainfall not only
depends on the magnitudes of the slowly varying boundary
conditions but also on the seasonal average of the
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intraseasonal component (Charney and Shukla 1981;
Webster et al. 1998). Even though ENSO provides a
linkage to the strength of the South Asian monsoon, the
correlations are still rather weak. This may be due to the
role of intraseasonal variability. Hoyos and Webster (2007)
found that the greatest difference between years is found in
the intraseasonal (30–60 day) band. That is, the degree of
variance of a monsoon year comes from the number of
intraseasonal events. Earlier, Lawrence and Webster
(2002) found that the correlation of the phase of ENSO and
the degree of intraseasonal variability was very weak.
Thus, intraseasonal variability, possibly a phenomenon
independent of ENSO, may dilute the overall impact of
ENSO on the predictability of the monsoon. Intraseasonal
variability strongly influences regional rainfall and is a
source of extended range predictability of monsoon
weather (Lawrence and Webster 2001; Webster and Hoyos
2004; Wang et al. 2005a, Hoyos and Webster 2007).
Therefore, it is important to assess the prediction skill of
the monsoon intraseasonal variability in state-of-the-art
ocean–atmosphere coupled forecasting system. Comparison in prediction skill of intraseasonal variability between
ECMWF SYS4 and NCEP CFSv2 prediction will be
explored in a following study.
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