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This study investigates the forecast skill and predictability of various indices of south Asian monsoon
as well as the subdivisions of the Indian subcontinent during JJAS season for the time domain of 2001–
2013 using NCEP CFSv2 output. It has been observed that the daily mean climatology of precipitation
over the land points of India is underestimated in the model forecast as compared to observation. The
monthly model bias of precipitation shows the dry bias over the land points of India and also over the
Bay of Bengal, whereas the Himalayan and Arabian Sea regions show the wet bias. We have divided
the Indian landmass into ﬁve subdivisions namely central India, southern India, Western Ghat, northeast
and southern Bay of Bengal regions based on the spatial variation of observed mean precipitation in
JJAS season. The underestimation over the land points of India during mature phase was originated from
the central India, southern Bay of Bengal, southern India and Western Ghat regions. The error growth
in June forecast is slower as compared to July forecast in all the regions. The predictability error also
grows slowly in June forecast as compared to July forecast in most of the regions. The doubling time of
predictability error was estimated to be in the range of 3–5 days for all the regions. Southern India and
Western Ghats are more predictable in the July forecast as compared to June forecast, whereas IMR,
northeast, central India and southern Bay of Bengal regions have the opposite nature.

1. Introduction
The south Asian monsoon brings most of the rainfall over southeast Asia during June–July–August–
September (JJAS) season. The understanding of
the peculiarity in the monsoon and its accurate
prediction is still a challenge for the scientiﬁc
community involved in the process. The economy
of India largely depends on agriculture which is
dependent on monsoon. India receives 80% of its
annual rainfall during JJAS season (Kumar et al.
2010). Hence, the timely and accurate prediction is
not only important to scientiﬁc community but it

is directly related to the society. The India Meteorological Department (IMD) is engaged in giving
long-range forecast of seasonal mean rainfall over
India for more than 100 years with varying degrees
of success (Rajeevan 2001). Improvement in the
prediction skill is not satisfactory even after eight
decades of statistical forecast of IMD (Gadgil et al.
2005; DelSole and Shukla 2012).
The atmospheric general circulation models
(AGCMs) have been used to simulate and predict the south Asian summer monsoon (Kang and
Shukla 2006) but its performance over monsoon
region is not appropriate (Gadgil and Sajani 1998;
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Kang et al. 2002, 2004; Wang et al. 2004; Kumar
et al. 2005). It has been established that the coupled general circulation models (CGCMs) which
include ocean–atmosphere interactions are better
in simulating the south Asian summer monsoon
(Kumar et al. 2005; Wang et al. 2005). The major
modelling centers of the world use the coupled
models for their national seasonal forecasting system. India has also started to provide extended and
long-range dynamical prediction of monsoon with
the help of coupled models on experimental basis.
In the present study, we have used Climate
Forecast System version 2 (CFSv2) of National
Centre of Environmental Prediction (NCEP). The
CFSv2 is a fully-coupled general circulation model
used in seasonal forecasting and has shown better
forecast skill over United States for surface temperature and precipitation and also simulate the
El Nino-Southern Oscillation (ENSO) variability
accurately (Saha et al. 2010). In the present version, all the aspects of forecast system including
model components, data assimilation system and
ensemble conﬁguration are changed (Saha et al.
2010). Recently, CFSv2 has been extensively used
by India for operational long range prediction
(Abhilash et al. 2014b) and a reliable prediction is
obtained (Sharmila et al. 2013).
The CFSv2 was used by Indian Institute of
Tropical Meteorology (IITM), Pune, India for
operational extended range monsoon forecasting
under ‘National Monsoon Mission’ (NMM) (Saha
et al. 2014a; Abhilash et al. 2014b). Extensive
works related to the improvement in the monsoon
prediction on intraseasonal, interannual and decadal
time scale were done in the last 2 years (Pattanaik
and Kumar 2013; Sahai et al. 2013; Sharmila et al.
2013; Goswami et al. 2014; Pattanaik and Kumar
2014). However, the mean monsoon rainfall over
India shows large spatial variations, with the west
coast and northeast India receiving heavy rainfall,
while central and south peninsula receives less rainfall (Rajeevan et al. 2000). Guhathakurta et al.
(2014) have analyzed the trend and epochal variability of Indian summer monsoon over the country as a whole and four homogenous regions and
it is found that, diﬀerent regions of India have
experienced signiﬁcant changes in the frequency of
days in rainfall with diﬀerent intensities. Kashid
and Maity (2012) have shown by genetic algorithm
(GA) that the prediction of Indian summer monsoon rainfall over India is better than diﬀerent
homogenous regions. The accurate and timely prediction at regional level is also important, keeping in mind the needs of the population living in
these regions in terms of agriculture, power, etc.
Although, the forecast over small regions of the
Indian subcontinent is important, it is diﬃcult to
implement the same using statistical techniques

(Rajeevan et al. 2004). The main focus of this study
is related to summer monsoon rainfall over the
entire India as a whole and the subdivisional level
of Indian subcontinent.
The extensive studies have been done for the
atmospheric predictability in the past and it is
established that the instantaneous state of the
atmosphere cannot be predicted beyond few weeks
(Lorenz 1965, 1969; Smagorinsky 1969; Shukla
1985). There are many techniques for the estimation of predictability such as signal-to-noise ratio
(Mohan and Goswami 2003; George and Sutton
2006; Kug et al. 2010) and analysis of variance
(Shukla 1981), etc., of the forecasting model.
Almost all the studies discussed above have used
the forecast on monthly and seasonal time scale for
the predictability analysis.
The forecast error arises due to uncertainty
in the initial condition and model imperfection.
However, the uncertainty in the initial condition
is responsible only for predictability error. It was
proposed by Lorenz (1982, 1985) that the
predictability error provides the upper bound
of predictability, whereas forecast error provides
lower bound. This method is widely used to
estimate the forecast skill and predictability of
various climate models (Shukla 1985; Savijarvi
1994; Shukla and Kirtman 1996; Bengtsson and
Hodges 2006; Rai and Krishnamurthy 2011).
Drbohlav and Krishnamurthy (2010) have assessed
the forecast skill and predictability of the CFS version 1 in predicting the seasonal mean monsoon
rainfall on monthly and seasonal means, whereas
Rai and Krishnamurthy (2011) have done this on
daily means, but these studies are in terms of precipitation on the entire Indian land mass. It has
been reported previously that error growth rates
are diﬀerent for diﬀerent spatial scales (Straus and
Paolino 2009). The doubling time of small errors
in the mid-latitudes is about 2–2.5 days (Lorenz
1982; Simmons and Hollingsworth 2002).
It is also important to understand forecast error
growth on daily time scale in diﬀerent regions of the
Indian subcontinent. The extent to which forecasts
are reliable on daily time scales for diﬀerent regions
of the Indian subcontinent is useful from the point
of view of the socio-economic impact perspective.
The rate of error growth in diﬀerent regions of
India and the time taken to reach the limit of predictability will be estimated in the present work.
This study will estimate the doubling time of small
errors for diﬀerent parts of India in CFSv2. In this
study, we will follow the methods used by Lorenz
(1982) because we want to discuss the growth
of forecast and predictability error on the daily
forecasts and this method has been proved to be
most suitable for this kind of study. This method
was previously used to analyze daily forecast and
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predictability error from CFS version 1 and the
way to compute error doubling time on daily time
scale is given in Rai and Krishnamurthy (2011) and
readers are advised to refer this and the references
therein for further details. The main goal of the
present study is to investigate the forecast skill and
predictability of south Asian monsoon in CFSv2 on
daily time scale for the whole Indian region as well
as diﬀerent regions of the Indian subcontinent.
The model, data and method used in this paper
are described in section 2. The daily climatological monsoon mean rainfall and the monthly model
bias of precipitation will be presented in section 3.
The description about forecast and predictability
error analysis of precipitation will be discussed in
sections 4 and 5, respectively. The summary and
conclusions are described in section 6.
2. Model and data settings
CFSv2 is a fully coupled land–atmosphere–ocean
model which was developed by NCEP (Saha et al.
2010). The atmospheric component of CFSv2 is
NCEP global forecast system (GFS) at T126 resolution (∼100 km) with 64 vertical levels. The ocean
component is Modular Ocean Model version 4p0d
(Griﬃes et al. 2004) of Geophysical Fluid Dynamics Laboratory (GFDL) at 1.0◦ ×1.0◦ grid spacing
with 40 vertical layers having 27 layers in the upper
400 m with maximum depth of approximately 4.5
km. The atmosphere and ocean models are coupled
with no ﬂux adjustment.
The atmospheric and ocean initial conditions
(ICs) for model integrations have been obtained
from the coupled atmosphere–ocean–sea-ice–land
reanalysis from NCEP, known as climate forecast
system reanalysis (CFSR) (Saha et al. 2010). The
main aim of creating these already spunned up
atmospheric and ocean ICs was to run the CFSv2
model in the hindcast or retrospective forecasts
mode to generate seasonal and 45 days of subseasonal time series of model forecasts for the purpose of generating climatology from each model
integration dates for calibration to be used for
operational real-time sub-seasonal and seasonal
predictions. In this work, we have adopted the same
strategy as NCEP implemented for real-time seasonal and sub-seasonal predictions, with an exception that we slightly perturb the atmospheric ICs
obtained from CFSR to generate ensembles of
ICs, in addition to one unperturbed/control one
(Abhilash et al. 2014a).
CFSv2-coupled model runs with the initial conditions on 31 May, 30 June, 30 July, 29 August
and 28 September each year having 11 ensemble
members and each run gives forecast for 45 days
(Abhilash et al. 2014b). The errors were removed in
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the dynamical extended range prediction using an
approach similar to the ‘complex-and-same-model
environment group’ (Buizza et al. 2008) and generate ensembles of diﬀerent initial conditions. The
slight perturbation in the initial conditions of the
atmospheric model with a random number at each
grid point is used and diﬀerent ensemble members
were generated. It is advised that the readers to
refer Abhilash et al. (2014a) and Sahai et al. (2013)
for details on perturbation techniques used in the
model. However, keeping in mind the huge computational power requirement to run large ensemble
members in real-time basis, an ensemble of
10 perturbed atmospheric initial conditions has
been developed in addition to one actual initial
condition.
We will denote the forecast initialized on 31 May,
30 June, 30 July, 29 August and 28 September as
June, July, August, September and October forecast respectively, hereafter. In the present study,
we have taken the ﬁrst 30 days data from each
forecast of 45 days from all the ﬁve initial conditions and in this way we get daily continuous
rainfall data from 1 June to 12 November for 13
years during 2001–2013. We have also used the
45-day forecast with diﬀerent initial conditions for
the estimation of forecast error and predictability error by the model. The observed precipitation
data during 2001–2013 on the daily time scale has
been taken from Global Precipitation Climatology
Project, One Degree Daily Precipitation Observed
Rainfall Data Set (GPCP) version 1.2 on 1◦ ×1◦
resolution for veriﬁcation (Huﬀman et al. 2001).
The observed daily rainfall data have been taken
from IMD for the veriﬁcation over the land points
of India (Pai et al. 2014).
3. Results and discussion
3.1 Mean and bias
The CFS version 1 forecasts of precipitation and
winds on daily time scale has been analyzed and discussed by Rai and Krishnamurthy (2011) and
Krishnamurthy and Rai (2011). In this section, the
performance of the CFSv2 model with respect to
observation in terms of daily climatology and bias
of precipitation will be discussed.
3.1.1 Seasonal cycle
The daily climatology of the precipitation is calculated as the mean over the period 2001–2013 for
each calendar day. We have computed two monsoon
indices (IMR and EIMR) which will be described
in the later section of the paper and the daily climatological mean for these indices are shown in
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Figure 1. Seasonal cycle of daily climatological means of (a) IMR and (b) EIMR indices for observation (green), ensemble
mean (red) and ensemble member of forecasts (yellow). In (a), the IMR index using the IMD observed rainfall is also shown
by violet colour line. The period for computing the climatology is 2001–2013. Units are in mm d−1 .

ﬁgure 1. The seasonal cycles of all the 11 ensemble members, ensemble mean with respect to the
observation during 1 June–12 November are shown
in ﬁgure 1.
The Indian monsoon rainfall (IMR) index is
computed as the area average of precipitation over
the land points of India and is plotted in ﬁgure 1(a)
with respect to GPCP and IMD observation. The
model shows underestimation of precipitation up
to 2–5 mm/day during developing and mature
phase of the monsoon from 1 June to 1 August
with respect to GPCP as well as IMD observation.
However, the model is in agreement with observation during the retreat phase of the monsoon. The
underestimation of precipitation over land points
of India with respect to observation has already
been reported in the previous studies from CFSv2
(Sahai et al. 2013; Sharmila et al. 2013; Abhilash
et al. 2014b; Goswami et al. 2014; Bombardi et al.

2015) as well as CFSv1 (Rai and Krishnamurthy
2011; Abhilash et al. 2014a).
The extended Indian monsoon rainfall index
(EIMR) includes the oceanic region of the Arabian
Sea and Bay of Bengal and is deﬁned as the area
average of precipitation over the spatial domain
70◦ –110◦ E; 10◦ –30◦ N (Goswami et al. 1999). The
model produced EIMR shows good resemblances
with GPCP observation with underestimation of
2–3 mm/day from 15 July to 1 August. This indicates that the model forecast of precipitation is
overestimated over the ocean and it compensates
the underestimated forecast of precipitation over
the land region.
It is also important to study the extent to
which the forecasts are reliable on daily time scales
for diﬀerent regions of Indian subcontinent from
the point of view of the socio-economic needs
of a particular region. We have computed JJAS
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Figure 2. The precipitation climatology for JJAS season from GPCP observation. The ﬁve subdivisions of our interest
are shown in boxes and named as central India (75◦ –85◦ E; 18◦ –30◦ N), northeast (85◦ –100◦ E; 18◦ –30◦ N), southern India
(76◦ –85◦ E; 5◦ –18◦ N), southern Bay of Bengal (85◦ –100◦ E; 5◦ –25◦ N) and Western Ghats (70◦ –76◦ E; 5◦ –18◦ N).

precipitation from GPCP observation and shown
in ﬁgure 2. This shows large spatial variations of
precipitation over India with west coast and northeast India receiving heavy rainfall, while central
and south peninsula receiving less mean monsoon
rainfall. We have divided the entire domain in
ﬁve regions namely central India (75◦ –85◦ E; 18◦ –
30◦ N), northeast (85◦ –100◦ E; 22◦ –30◦ N), southern
India (76◦ –85◦ E; 5◦ –18◦ N), southern Bay of Bengal
(85◦ –100◦ E; 5◦ –22◦ N), Western Ghat (70◦ –76◦ E;
5◦ –18◦ N) and are shown in ﬁgure 2 with the help
of rectangular boxes.
The daily climatological mean of precipitation
of the above regions is calculated over the land
points and are shown in ﬁgure 3. The pattern of
daily mean precipitation for central India is close
to IMR with the underestimation of precipitation

from 1 June to 1 September (ﬁgure 3a). The model
shows good resemblance with the observation for
other regions except an underestimation from 15
July to 1 August for southern Bay of Bengal,
southern India and Western Ghat regions (ﬁgure
3b–e). This indicates that the underestimation
of precipitation during mature phase of monsoon for IMR region comes mostly from central
India, southern Bay of Bengal, southern India
and Western Ghat region, whereas the underestimation during the developing phase comes
from central India and southern Bay of Bengal.
We also compared these indices by including ocean
region and the pattern was found similar to
ﬁgure 3 with an overestimation for Western Ghat
region throughout the monsoon season (ﬁgure not
shown).
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Figure 3. Seasonal cycle of daily climatological means over land area of (a) central India, (b) southern Bay of Bengal,
(c) northeast, (d) southern India, and (e) Western Ghats. The period for computing the climatology is 2001–2013. Units
are in mm d−1 .

3.1.2 Model bias
The model behaves diﬀerently for the months of
June, July, August and September; so we have
computed monthly biases of model with respect to
GPCP observation for these months as shown in
ﬁgure 4. The model shows underestimation over
the land points of India and Bay of Bengal region.
It has been observed that the centre of maxima
for the dry bias is varying from month to month.
However, overestimation for eastern Uttar Pradesh
and Bihar was seen during July–September
(ﬁgure 4b–d). The model shows wet bias over the
Himalayan region and Arabian Sea along with the
coast of Western Ghats consistently during the
monsoon season and this has been pointed out
in some of the previous studies also (Saha et al.

2013, 2014b). We also computed these biases over
land points of the Indian subcontinent with respect
to IMD observation and found similar patterns
(ﬁgure not shown). The dry bias over land points of
India in CFSv1 (Pattanaik and Kumar 2014) still
persists in the CFSv2.
4. Forecast error
The diﬀerence between the predicted and the
observed values are known as forecast error. The
forecast error is generated due to the model imperfection and uncertainty in the initial condition. In
this study, forecast skill of CFSv2 is evaluated by
temporal correlation and error growth for various
monsoon indices deﬁned above.

Daily forecast of precipitation from the NCEP CFSv2

35

Figure 4. Monthly bias for (a) June, (b) July, (c) August, and (d) September with respect to GPCP observation.

4.1 Temporal correlation
The temporal correlation of diﬀerent monsoon
indices is used for the study of interannual variability of forecast skill of the model. It is computed
for the period of Indian summer monsoon season
(JJAS) of each year between the daily time series
of forecast and observation for diﬀerent monsoon
indices such as IMR and EIMR. The correlation
above 0.19 is signiﬁcant above 95% conﬁdence level
for the daily precipitation data of 122 days during JJAS season using Student’s 2-tail t-test. The
temporal correlation of each ensemble member and
ensemble mean of precipitation for IMR and EIMR
indices are shown in ﬁgure 5. Temporal correlation
lies between –0.3 and 0.5 for these two monsoon
indices (ﬁgure 5). The low or negative value of correlation shows that the forecast and observation are
not in phase and model is unable to forecast the
intraseasonal oscillation properly. The IMR index

shows more interannual variability as compared to
the EIMR index and the value of temporal correlation of ensemble mean in this region is >0.19
for 5 years out of 13 years, which is statistically
signiﬁcant at 95% conﬁdence level. It is observed
that the correlations for EIMR region are better
as compared to IMR index because the correlation
values are found to be positive above the signiﬁcant level of 95% after the year 2003. The temporal
correlation for diﬀerent subdivision of Indian subcontinent is also computed and they are not consistent and signiﬁcant during the time domain of
2001–2013 (ﬁgure not shown).
4.2 Forecast error growth
We have computed forecast error by taking the
diﬀerence between the predicted and the observed
values on each calendar day of each year. Further, we have calculated root mean square error
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Figure 5. Temporal correlation between forecast and observation for JJAS season: (a) IMR and (b) EIMR.

(RMSE) during 2001–2013 for each ensemble
member and the ensemble mean is taken. The evolution of daily error growth is computed for IMR
and EIMR regions and is shown for June and July
forecasts.
The RMSE of IMR index with respect to GPCP
observation is shown in ﬁgure 6(a) and it is found
that the error grows slowly for June forecast and
saturates around 7 July. The error growth in
July forecast is faster as compared to June and
it reaches at saturation around 5 July. We have
observed that the rate of growth in forecast error
for IMR region for June forecast is slower as compared to July (ﬁgure 6a). Moreover, the initial
value of error for July forecast is large but their
growth rate is faster, so error reached the saturation value earlier as compared to June forecast. If
the error becomes maximum and it ﬂuctuates or

decreases after this value, then we can say that the
error reached at its saturation. The forecast error
growth with respect to IMD observation has been
computed and shown by dotted line in ﬁgure 6(a).
The pattern is similar from IMD observation as it
was from GPCP. It was observed that the initial
value of forecast error for all the initial conditions
with respect to IMD observation is less as compared to GPCP observation. The error growth rate
for the forecast initialized on 31 May is slow and
it may be due to the fact that the monsoon is in
initial phase and has not reached most parts of the
Indian subcontinent. We have also computed the
error doubling time in the case of forecast error for
IMR using the method described in section 5.2 in
this paper. It is found that the doubling time error
in case of IMR is 4.4 days and 3.5 days for June and
July forecasts, respectively. It is clear from that

Daily forecast of precipitation from the NCEP CFSv2
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Figure 6. RMSE of forecast error with respect to GPCP observation for (a) IMR and (b) EIMR index for June (red) and
July forecast (green). In (a), the IMR index using the IMD observed rainfall is also shown by dotted lines. Units are in
mm d−1 .

the error growth is slower in June forecast and it is
more predictable as compared to July forecast for
IMR.
It is observed that the initial value of RMSE for
July forecast is lower for EIMR as compared to
IMR. It may be due to the fact that EIMR region
includes some parts of Indian Ocean and the model
shows excess rainfall over ocean which compensates
the less rainfall over the land points of India. However, the error growth rate is faster and reaches
saturation early for the June and July forecast of
EIMR index as compared to IMR (ﬁgure 6b). It
may be due to the fact that EIMR includes the
Bay of Bengal and Arabian Sea where the monsoon
rainfall started before the onset of monsoon season
and the model forecast is overestimated over these
regions. The error growth rate of July forecast is
fastest as compared to June forecast for EIMR.

The similar results were also observed in the case
of CFSv1 (Krishnamurthy and Shukla 2011; Rai
and Krishnamurthy 2011).
We have also computed the error growth curves
over the land points for the ﬁve subdivisions
deﬁned above for June and July forecast and are
shown in ﬁgure 7. The rate of error growth is higher
for July forecast as compared to June forecast for
all the subdivisions (ﬁgure 7). These computations
are also done by including the ocean part and a
similar behaviour is found (ﬁgure not shown).We
have discussed the forecast error only for June and
July forecast because other forecasts showed large
ﬂuctuations in the error growth curves and it was
diﬃcult to guess the time of saturation.
CFSv2 is a coupled model and it is very diﬃcult to point towards any particular component for
large RMSE value of precipitation over the land
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Figure 7. RMSE of forecast error with respect to GPCP observation of central India, southern Bay of Bengal region,
northeast, southern India, and Western Ghats for (a) June and (b) July forecast. Units are in mm d−1 .

point of India. There may be multiple factors for
error in prediction over landmasses, such as SST
bias over the Indian Ocean, cloud parameterization schemes used in the model, land-atmosphere
temperature contrast in pre-monsoon season, land
surface feedback, etc. These factors may contribute
to dry bias and large RMSE over the land points
of India and extensive study is required to quantify
the reasons responsible for it.
5. Predictability of model
We have computed predictability error of model
by taking one ensemble member as truth and computed the diﬀerence of precipitation from rest of
the ensemble members with this member. The error
in the forecast is due to the uncertainty in the initial conditions and this error gives the upper bound
of predictability of the model (Lorenz 1982).

5.1 Growth of predictability errors
The method to calculate predictability error is
similar to the forecast error, but we have taken
ensemble member 1 as truth in place of the observation. We have described the predictability error for
June and July forecast only because error growth
curves for other months were showing large ﬂuctuations. Hence it was diﬃcult to guess the time
of saturation in computing doubling time of errors
for other forecasts. The rate of predictability error
growth for IMR region is steeper for July forecast
as compared to June forecast (ﬁgure 8a). It has
been observed that the predictability error for IMR
reaches the saturation level after 25 days and 12
days respectively, in case of June and July forecast (ﬁgure 8a). However, predictability errors for
EIMR grow slowly as compared to IMR and the
time taken to reach the saturation value is similar
for June and July forecast (ﬁgure 8b). This is in

Daily forecast of precipitation from the NCEP CFSv2

39

Figure 8. RMSE of predictability errors for (a) IMR and (b) EIMR indices for June and July forecast. Units are in mm d−1 .

conformity with the previous studies from CFSv1
(Abhilash et al. 2013) and CFSv2 (Pattanaik
and Kumar 2013). However, the predictability of
CFSv1 for IMR is reliable for the period of 1–2
weeks but in case of CFSv2, it extends up to 3 weeks
(Pattanaik and Kumar 2013).
We have also computed the predictability error
over the land points of ﬁve subdivisions deﬁned
above for June and July forecast and shown in
ﬁgure 9. The predictability error of all ﬁve subdivisions, reach saturation level after 23 days and 10
days respectively, in case of June and July forecast
(ﬁgures 9 and 10). The forecast of CFSv2 for the
diﬀerent subdivisions of Indian subcontinent may
be reliable for more than two weeks, whereas it was
only for less than one week for CFSv1 (Pattanaik
and Kumar 2013). It is observed that the error
growth for southern and central India for June
forecast is slower as compared to other regions
(ﬁgure 9a). The error grows slowly in case of June

forecast as compared to July forecast for central
India, northeast and southern Bay of Bengal as
observed for IMR region. However, no change in
the rate of predictability error is observed from
June and July forecast for southern India region.
The Western Ghat behaves diﬀerently and the rate
of predictability error in July is smaller than June
forecast. We also did the above computation by
including the ocean in the ﬁve subdivisions as
shown in ﬁgure 10. The improvement in the predictability was observed when the ocean part is also
included in all the ﬁve regions. The behaviour of
error growth curve show similar nature from June
and July forecast for all the regions except central India and northeast which is obvious because
a tiny portion of this region lies in the ocean
(ﬁgure 10a, b). The quantitative estimates of the
predictability errors of these regions discussed
will be estimated in the later section of this
paper.
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Figure 9. RMSE of predictability error with respect to GPCP observation of central India, southern Bay of Bengal region,
northeast, southern India and Western Ghats for (a) June and (b) July forecast. Units are in mm d−1 .

5.2 Quantitative estimation of growth rate
The method to estimate the forecast and predictability error quantitatively in a nonlinear
dynamical system using the empirical formula by
Lorenz (1982) is applied for the climate models
in many of the previous studies (Krishnamurthy
and Shukla 2011; Rai and Krishnamurthy 2011).
This formula has been found to be useful in estimating the error growth rate of small error. The
Lorenz error equation for the nonlinear part of
error growth having magnitude E is represented as:
dE
= λE − sE 2 ,
dt

(1)

where λ is the growth rate of the error and it is
also known as the ﬁrst Lyapunov exponent of the
system (Krishnamurthy 1993) and s is the saturation value which satisﬁes the condition Es = λ/s.

If the magnitude of error at an initial time t 0 is E 0 ,
then the solution of equation (1) is given by




1
E0
1
−1
E = Es 1+tanh λ(t = t0 )−tanh 1−2
,
2
2
Es
(2)
td = ln 2/λ, where td is the doubling time error of
small error.
We have estimated the value of growth rate (λ)
of predictability error (shown in ﬁgures 8, 9 and
10) by ﬁtting the error with equation (2). The best
ﬁt of error curves to equation (2) was obtained by
the method described in Rai and Krishnamurthy
(2011) and references therein. The daily predictability error curves of ﬁgures 8, 9 and 10 are
used to calculate the value of λ. The daily predictability error curve over land region of central India (ﬁgure 9a) has been plotted along the
best ﬁt curve obtained from Lorenz’s empirical
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Figure 10. Similar to ﬁgure 9, but the ocean part is also included in the ﬁve subdivisions. Units are in mm d−1 .

formula of equation 2 which shows a good approximation (ﬁgure 11). The nonlinear curve has been
extrapolated backward (using equation 2) so that
the initial error growth is in linear phase. In order
to show this backward extrapolation to start at
time zero, the predictability error has been shifted
forward in time in ﬁgure 11. It is obvious that the
magnitude of the initial error falls in the nonlinear
phase of the error growth. However, Lorenz’s nonlinear empirical formula is helpful in estimating the
growth rate of small errors (Rai and Krishnamurthy
2011). The estimated value of λ (=0.18) for land
points of central India gives a doubling time of
small error to be about 3.7 days. The doubling
time predictability errors of the various regions, is
computed and listed in table 1 for June and July
forecasts. It is clear from table 1 that the June forecast in the case of IMR region is more predictable

than July forecast, whereas for EIMR, July forecast
is more predictable as compared to June forecast
(rows 3 and 4 of table 1). However, the doubling
time of each of the ﬁve subdivisions shows diﬀerent doubling time for each forecast. The predictability of the southern Bay of Bengal and Western
Ghats is slightly increased when the ocean parts
are included, but it is decreased or unchanged for
the rest of the subdivisions in case of June forecast
(columns 2 and 3 of table 1). The predictability
over the land points of southern India and Western Ghats is slightly improved for the July forecast as compared to June forecast, whereas opposite was true for IMR, central India, northeast, and
southern Bay of Bengal region (columns 3 and 5 of
table 1). It may be due to the fact that the June
and July forecast gives the forecast from 1 June
and 1 July, respectively. The onset of southwest
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Figure 11. RMSE of predictability error (violet) for central India for June forecast. The green line is empirically ﬁt curve
according to Lorenz’s formula. Units are in mm d−1 .
Table 1. The doubling time of errors of the NCEP CFSv2 forecast for different indices initialized
on 31 May (June forecast) and 30 June (July forecast).
Regions
IMR
EIMR
Central India
Southern Bay of Bengal
Northeast
Southern India
Western Ghat

June forecast
Land and ocean
Land only
–
3.7
–
4.1
–
3.4
3.0

monsoon is supposed to be around 1 June from
the southern tip of India and it is well set over
the southern India and Western Ghats region up
to 1 July. However, very less rainfall occurs in the
month of June for IMR, northeast, central India
and southern Bay of Bengal regions and monsoon
picks up in the month of July for these regions.
This may be the reason that the southern India and
Western Ghats are more predictable in the July
forecast as compared to June forecast, whereas
IMR, northeast, central India and southern Bay
of Bengal regions are having the opposite nature.
The low predictability of central India, IMR and
some parts of northeast region may also be due to
the variation of monsoon trough in Indo-Gangetic
plain in the month of July. The improvement in
the predictability from July forecast is observed
for southern Bay of Bengal region, northeast and

3.9
–
3.7
3.7
3.6
3.6
2.9

July forecast
Land and ocean
Land only
–
3.9
–
5.0
–
3.9
4.0

3.5
–
3.5
3.4
3.5
3.7
3.8

southern India when the Ocean is also included
(columns 2, 4 of table 1).
6. Conclusion
The main objective of this study is to estimate the
forecast skill and predictability of the south Asian
summer monsoon as well as over various subdivisions of the Indian subcontinent in CFSv2. The
evolution of daily, seasonal cycle, monthly bias,
forecast error and predictability error are evaluated
during Indian summer monsoon season.
The seasonal cycles of the daily climatological mean precipitation over the land points is
underestimated by the model and is in agreement with some of the recent studies (Sahai et al.
2013; Sharmila et al. 2013; Abhilash et al. 2014b;
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Goswami et al. 2014; Bombardi et al. 2015) and it is
also found in the previous version of CFS (Rai and
Krishnamurthy 2011; Abhilash et al. 2014a). The
monthly bias shows that the model underestimates
the rainfall over the land points of India and Bay
of Bengal, whereas it overestimates over the Arabian Sea and the Himalayan region as compared
to observation. This underestimation of precipitation over land points of India in CFSv1 (Rai and
Krishnamurthy 2011; Pattanaik and Kumar 2014)
still persists in the CFSv2. The EIMR index shows
a better agreement with respect to observation as
compared to IMR because the overestimation at
oceanic region and underestimation over land are
balanced. We have divided the Indian landmass
into ﬁve subdivisions based on the spatial variation of mean observed precipitation in JJAS season. The seasonal cycle of these subdivisions show
that the underestimation of precipitation during
the mature phase of the monsoon in IMR region
comes mostly from central India, southern Bay of
Bengal, southern India and Western Ghat regions.
The growth of forecast and predictability errors
for all the indices have been computed with respect
to GPCP and IMD observations and it is found
that the growth pattern is dependent on the initial
conditions and spatial domain. The error growth
of June forecast is slower as compared to July forecast in CFSv2 for all the regions as was observed
from CFSv1 (Krishnamurthy and Shukla 2011; Rai
and Krishnamurthy 2011). The predictability error
also grows slowly in June forecast as compared
to July forecast. In the present study, we have
observed that the predictability of CFSv2 is up to 3
weeks, while in the CFSv1, it was about 1–2 weeks
(Abhilash et al. 2013; Pattanaik and Kumar 2013).
It was found that the southern India and Western
Ghats are more predictable in the July forecast as
compared to June forecast and opposite is true for
IMR, northeast, central India and southern Bay
of Bengal regions. The doubling time of the predictability error is in the range of 3–5 days for all
the regions.
It has been observed that the nature of error
growth and saturation time depend on model
initialization and it is diﬀerent for various subdivisions of Indian subcontinent. The model predictability is completely lost when the error of
model reaches to saturation value (DelSole 2004).
The doubling time of error computed in the present
work gives an idea of rate of growth for predictability and forecast error and it may be assumed that
our forecast is good enough until these errors reach
at its saturation value.
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