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The variability of Indian summer monsoon rainfall
(ISMR; both at interannual as well as intraseasonal
timescales) has a direct impact on various sectors of
public interest and economy such as agriculture, water resource, etc. So, the need of real-time extended
range forecast system of the ISMR (monthly to seasonal scale) is not overstated. The present study is
aimed at developing such a forecast system to predict
rainfall (monthly and seasonal mean) one month in
advance over 34 meteorological subdivisions of India
for climate risk management in agriculture. Three
different statistical approaches, viz. singular value
decomposition-based multiple regression, supervised
principal component regression and canonical correlation analysis are applied on rainfall products obtained
from eight global models. The hindcast (1982–2010)

skills of all the three methods are found to be better
than the simple ensemble mean of all models for allIndia level. However, a large variation in the skill of
each of the techniques is noticed when studied over
smaller regions, i.e. at meteorological subdivision
level. Therefore, a combination of all the three methods has been developed for real-time experimental
forecast of rainfall. In order to incorporate uncertainties in the predictions, the final forecast is also prepared as probability values. These extended range
predictions have been evaluated for the monsoon-2011
against India Meteorological Department observed
rainfall. It is found that the extended range experimental forecasts of rainfall are usable for more than
50% of the meteorological subdivisions as well as the
whole of India at monthly and seasonal scale.

Keywords: General Circulation Model, Indian summer
monsoon rainfall, multi-model ensemble, probabilistic
prediction.

logical Department (IMD) uses a six-parameter statistical
model for providing long-range weather forecasts8. The
performances of dynamic models, which represent the
physical processes within the atmosphere, have also been
examined for prediction of ISMR in seasonal timescale
and proved to be skillful10–16. However, the performance
of these models is not satisfactory for application aspects
in real time17. All these efforts have been carried out to
make seasonal rainfall predictions more reliable and usable by different stakeholders.
For the monsoon rainfall prediction in the monthly
timescale, however, only a few studies are available18,19.
In other words, there has been no significant effort for
the prediction of monthly summer monsoon rainfall. The
drought of 2002 was an extreme situation, where the
active and break cycles of sub-seasonal timescales had an
adverse impact on the ISMR. The deficiency of rainfall in

THE Indian summer monsoon rainfall (ISMR) has a
unique identity due to its large interannual variability
which is mainly governed by the intra-seasonal oscillation (ISO)1. The erratic nature of ISMR directly affects
agriculture, water resources, transportation, health, power
and the very livelihood of people. After the pioneering
work of Blanford2, many researchers have used various
statistical/empirical forecasting models/methods for
seasonal monsoon rainfall predictions3–9. The statistical
models have shown some skill in predicting seasonal
monsoon rainfall, and hence, currently India Meteoro*For correspondence. (e-mail: ucmohanty@gmail.com)
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July 2002 was the most severe in recorded history at
–49% of normal, which adversely affected the agriculture
sector. Since the month of July is most vital for sowing
the kharif crop, the foodgrain production dropped to
183 million tonnes (mt) compared to 212 mt in the previous year20. Such events necessitated an urgent requirement to develop a better technique for providing advance
weather and climate information in extended range timescales. The extended range prediction timescale is mainly
from 15 days to a month21. Therefore, advance information on monthly timescale may help anticipate and manage the weather-associated crop production losses by
treating monsoon aberrations as an intrinsic risk to agriculture22.
Therefore, the extended range forecast is important for
the agriculture sector, especially for policy planning and
strategic decision-making. Moreover, the agricultural
community in India needs spatially and temporally differentiated weather information with an appropriate lead
time. Forecast at regional scale (such as meteorological
subdivision level) is thus required by the agriculturerelated service organizations in order to provide input to
farmers, as well as to the policymakers. So far, an appropriate system for providing forecast of ISMR at regional
level in extended range scale does not exist.
Only a few attempts have been made to develop models for prediction at extended range timescale. Goswami
and Xavier18 examined the potential predictability of
extended range forecast of active and break phase and
suggested an empirical method for forecasting ISO of
ISMR 18 days in advance. Vitart and Molteni21 have
shown the skill of the European Centre for MediumRange Weather Forecasts (ECMWF) model in extended
range timescale for June. They found that the ocean–
atmosphere coupled modelling system could enhance the
skill of the forecasting system. In a recent study19, a
multi-model ensemble (MME) technique based on pointby-point multiple regression to evaluate the skill of rainfall prediction for July in extended range scale was used
and the skill of MME over the eastern part of the country
was evaluated.
These limited number of studies in the extended range
scale cannot fulfill the requirement for a regular basis
forecast system. This has motivated a concerted research
effort towards the development and application of extended range forecast system (ERFS) that might be highly
effective for climate risk management in agriculture. This
article deals with a detailed discussion on the approaches
aimed at developing the ERFS. The forecasting procedure
involved the following aspects. Initially, performances
of different Atmospheric General Circulation Model/
Atmospheric Ocean General Circulation Model (AGCM/
AOGCM) outputs obtained from various leading centres
are evaluated and then appropriate bias corrections are
applied. Further, different sophisticated statistical techniques are used to obtain the best possible combination of
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the bias-corrected GCMs. As the extended range rainfall
prediction is intrinsically probabilistic for climate risk
management19, it is required that the predictions should
be conveyed with its uncertainty. In view of the above,
the second aspect of the present study is to make probabilistic forecasts based on the deterministic output
obtained from the MME techniques.
The other important aspect of the system is to disseminate the deterministic and probabilistic forecasts to each
of the meteorological subdivisions in real time. This
objective is fulfilled by collaboration with the State
Agricultural Universities which prepare advisories for
agricultural practices for prospective farmer communities. Moreover, this research work is crucial in the
Indian context as it involves extended range forecasting
of monsoon as well as climate risk management in agriculture.

Brief description of AGCM/AOGCM products
and observed data
In the present study, products from eight AGCM/
AOGCM are used. The collaboration with International
Research Institute for Climate and Society (IRI), USA
has facilitated the regular availability of a number of
GCM products (rainfall). The model data have been
downloaded from the IRI Data Library (http://iridl.ldeo.
columbia.edu). These models have a long time-series of
hindcast runs (1982–2010) and real-time forecast for the
year 2011 with different lead time. For this study, lead-1
rainfall forecasts of the models have been used. For
example, the GCM forecast initialized in May is used for
making the predictions for June. Similarly, the lead-1
rainfall forecast for June–July–August–September (JJAS)
means forecast initialized in May for JJAS.

AGCM/AOGCM products
Two versions of climate forecast system (CFS) operational at the National Centers for Environmental Prediction, viz. CFSv1 and CFSv2 are used. These GCMs are
fully coupled AOGCMs in which the oceanic component
is the Geophysical Fluid Dynamics Laboratory (GFDL)
Modular Ocean Model version 3 (MOM3) in CFSv1 and
GFDL Modular Ocean Model version 4 in CFSv2.
Among the IRI models, ECHAM–MOM3AC1 (hereafter
referred to as MOM3AC1) and ECHAM–MOM3DC2
(hereafter referred to as MOM3DC2) are the coupled
models having the same atmospheric and oceanic components in which European Centre-Hamburg Model
(ECHAM version 4.5) is used as an atmospheric component coupled with MOM3. The coupling scheme is different
in these two GCMs; ECHAM–MOM3AC1 is anomaly
coupled and ECHAM–MOM3DC2 is direct coupled. IRI’s
mixed layer coupled model ECHAM-GML (hereafter
857
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Table 1.
Model

Resolution

General circulation model outputs used in the study
AGCM

OGCM

CFS v1
CFS v2
ECHAM-MOM3AC1

(T62) ~ 1.8° × 1.8°
(T126) ~ 0.9° × 0.9°
(T42) ~ 2.7° × 2.8°

GFS (2003 version)
GFS (2009 version)
ECHAM4p5

ECHAM-MOM3DC2

(T42) ~ 2.7° × 2.8°

ECHAM4p5

ECHAM-GML

(T42) ~ 2.7° × 2.8°

ECHAM4p5

SINTEX-F
E4p5 (ca sst)
E4p5-CFS

(T106) ~ 1.1° × 1.1°
(T42) ~ 2.7° × 2.8°
(T42) ~ 2.7° × 2.8°

ECHAM4
ECHAM4p5
ECHAM4p5

MOM3
MOM4
MOM3
(anomaly-coupled)
MOM3
(direct-coupled)
CFS-predicted SSTs prescribed
over the tropical Pacific basin
(semi-coupled)
OPA(8.2 version)
Constructed analogue SST
CFS-predicted SST

Ensemble
member

Reference

15
24
24

45
46
47, 48

12

47, 48

12

47, 49

9
24
24

50
47
47

AGCM, Atmospheric General Circulation Model; OGCM, Ocean General Circulation Model.

referred to as GML) is a hybrid single-tier semi-coupled
model, where ECHAM4.5 has been coupled to slab-ocean
mixed layer model. SINTEX-F from Japan Agency for
Marine-Earth Science and Technology (JAMSTEC; hereafter referred to as JAM) is another fully coupled model,
where Océan Parallélisé (OPA) is the ocean component
coupled with ECHAM atmospheric component. In addition to the above AOGCMs, two AGCMs of IRI, viz.
ECHAM4.5casst (forced with prescribed sea surface
temperature (SST) anomalies prepared using constructed
analogue method and hereafter referred to as ECHcasst)
and ECHAM4.5cfssst (forced by CFS predicted SST and
hereafter referred to as ECHcfssst) are also used. A brief
summary of each model, including members, resolution
and relevant citations is presented in Table 1. These models have several ensemble members as mentioned in
Table 1 and in this study, the ensemble mean (EM) of all
AGCM/AOGCM is used.

Observational data
The gridded (1° × 1°) rainfall data based on 2140 raingauge stations, provided by IMD are used in this study as
observed data. The irregular rain-gauge station data are
interpolated into specific grid points using objective
analysis23.

Computational methods
The GCMs are generating outputs at different resolution
as shown in Table 1 therefore these GCM outputs are
brought to the observed rainfall grid points using bilinear
interpolation before doing any statistical post-processing.
Skill of the rainfall outputs from some of the models used
in the present study was evaluated at monthly scale19. It
was found that these GCMs have large variability in predicting the observed rainfall climatology and inter-annual
variability with large bias (systematic and random). There858

fore, a suitable approach is needed for bias removal of
each GCM separately before using them in MME. In a
recent study24, six statistical methods have been applied
on GCM outputs for bias correction to predict ISMR. The
study has identified two methods, viz. quantile–quantile
mapping and standardized–reconstruction techniques as
the best of among them. Quantile–quantile mapping
requires a large number odd datapoints to get a reliable
estimate. In view of the short length of data series (29
years) in the present study, the standardized-reconstruction technique is used for bias removal in rainfall
forecasts from the GCMs.
Each of the bias-corrected GCM output is further combined to get MME output in order to generate predictions
that are expected to be more skillful than individual models. The simplest way for such combination is to assign
equal weights to each of the GCMs (i.e. a simple mean of
all the models). This is referred to as EM and is used as a
benchmark to evaluate others techniques employed in this
study as described below.

Singular value decomposition-based multiple
regression (M1)
This MME technique is popular by the name ‘superensemble’ in the literature25. In this MME, the weighted
mean of all GCMs is evaluated using point-by-point multiple regression method. The covariance matrix becomes
singular while calculating the regression coefficients.
Therefore, singular value decomposition (SVD) is applied
for computation of these coefficients26. The SVD removes the problem of matrix singularity while calculating
the regression coefficients. These regression coefficients
are evaluated for the training dataset to obtain weights for
the GCMs. These weights are used for the calculation of
weighted MME which is referred to as M1. The method
has been used and well documented in a study for the
monthly rainfall prediction over India19.
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Supervised principal component regression (M2)
In the second technique, a concept of principal component analysis (PCA) is used27. In this technique the original set of predictor variables are transformed into a new
set of variables that are orthogonal (independent) to each
other. Moreover, it finds a new set of variables that capture maximum variance from the dataset through a linear
combination of the original variables28. These new transformed variables are then regressed directly into the
regression equation. The supervised principal component
regression (SPCR) is another form of traditional PCR
approach, which gives an extension and modification to
traditional PCR technique29. It differs from traditional
PCR in many ways such as:
• In traditional PCR technique, the principal components (PCs) are selected on the basis of their variances, but in SPCR they are chosen according to their
correlation with observations.
• Two types of tagging are applied in SPCR – one is for
selecting the predictors and the other for selecting the
PCs. This will ensure that only the best correlated
predictors enter the regression.
• The chosen PCs are not directly regressed. They are
regressed by stepwise procedure, whereas in all the
other traditional PCR techniques no such stepwise
procedure is adopted for regress the PCs.

Canonical correlation analysis (M3)
In the third approach, canonical correlation analysis
(CCA) is used for development of forecast model. The
CCA is a multivariate statistical technique which constructs the optimal linear combination of the multivariate
predictors and predictand having maximum correlation,
while the variables are orthogonal to each other30–33. The
transformed new set of variables are known as canonical
variables, which are linearly regressed to obtain the regression coefficients. This concept of CCA which reduces
the original set of variables is used for the development
of prediction model for rainfall. For this the GCM outputs
for rainfall as well as the observed rainfall are extracted
over the extended Indian domain31,32. The observed rainfall pattern is projected to the individual GCM predicted
rainfall by finding a consistent spatial pattern between
them31. Therefore, each GCM prediction is corrected using
the approach and finally a simple arithmetic mean of
these corrected the GCMs is obtained. Hereafter, this
method is referred to as M3.

Performance of the developed models
In the present section the performances of MMEs are discussed on the basis of several skill measures. Before
CURRENT SCIENCE, VOL. 104, NO. 7, 10 APRIL 2013

going to the MMEs, the skill of different GCMs used in
the present study is summarized here. For brevity, skill of
the GCMs at all-India level is shown using a Taylor diagram34. This diagram simultaneously represents correlation, root mean square error (RMSE), and standard
deviation in a single figure due to the cosine properties.
Therefore, the compact representation of the diagram
makes it easy in case the comparison is made between
several GCMs. Bearing in mind the importance of the
Taylor diagram, the skill of GCMs at all-India level is
represented in Figure 1. In the figure, standard deviation
of rainfall (mm/day) is shown on the x-axis with the correlation values on angles. A perfect model will have 0
value for RMSE 0, the observed standard deviation and
perfect correlation with value 1. In the Figure 1, observed
rainfall lies on the x-axis with RMSE 0 and correlation 1
with standard deviation 0.72 mm/day. The atmospheric
model ECHcasst has negative correlation and very large
RMSE. The coupled GCMs have significant prediction
skill and high skill is observed in CFSv1 and CFSv2 with
correlation 0.52, RMSE 0.62 and standard deviation 0.42,
which is consistent with some of the recent studies35. But
the standard deviation is largely underestimated by the
GCMs and the RMSE is also large. Therefore, in the present study several MMEs are applied. The performance of
these MMEs is discussed in the forthcoming section.
The performance of all the above-discussed schemes is
presented for each month and season as a whole (lead-1)
with hindcast GCM outputs (1982–2010). The skill is
discussed for all-India rainfall as well as for all the meteorological subdivisions (except for Lakshadweep, and
Andaman and Nicobar Islands). Though several skill
metrics have been used to evaluate the skill, only the
correlation and RMSE are presented here. Leave-one-out
cross-validation method has been used as recommended
by WMO standardized verification system for long-range
forecasts for skill assessment36. In this method, each year
has been successively withheld from the training dataset,
and the remaining 28 years have been used for calculation
of the model and observed statistics.

All-India level
The skill of the developed statistical models is discussed
at all-India level using the Taylor diagram34. Figure 2
shows the skill of the MMEs (after statistical postprocessing) along with EM for each of the monsoon
months as well as for the season as a whole in crossvalidation mode. It can be noted from Figure 2 a that M2
and M3 have better skill compared to EM for June. For
July and August, M1 (based on the point-by-point regression) shows much better skill compared to the other
MMEs and EM (Figure 2 b and c respectively). The forecast skill for September (Figure 2 d) shows that the skill of
M3 is highest in terms of correlation (highly significant
859
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Figure 1.

Taylor diagram for prediction skill of General Circulation Models for the whole season (JJAS) at all-India level.

correlation at 95% confidence interval) and RMSE (low
RMSE value) compared to the others. The skill for the
season as a whole is shown in Figure 2 e. It can be seen
that except M1, all the other MMEs (M2 and M3) have
better skill compared to EM. From the above discussions,
it may be concluded that in most of the cases (monthly
and seasonal), all the MMEs show better skill than the
simple mean of all the models (EM). However, there is
large variation of skill among these MMEs in terms
of temporal as well as spatial scale. This study also highlights that no single MME can be termed as the best for
all of the months or seasons for all-India average rainfall.

Meteorological subdivision level
An attempt has been made to predict rainfall at meteorological subdivisions (34 subdivisions, excepting Andaman
and Nicobar Islands and Lakshadweep). For conciseness
of the presentation, correlation of observed and predicted
rainfall for all the MMEs including EM is only discussed.
The correlation for rainfall during June is presented in
Figure 3. The EM shows positive skill in the northern
part and central northeastern part of the country. Such a
positive skill is also observed in M1 and the skill is further enhanced in M3. All other MMEs, except M2, have
consistently positive correlation over the northern part
and central northeastern part of the country. For this
month, M3 which is based on the CCA shows positive
skill in 21 subdivisions, which is found to be better com860

pared to other methods. In July (Figure 4), EM has positive skill over the northwestern hilly region as well as
over the central northeast region. The skill is further improved by M1 and similar kind of spatial pattern of skill
is also observed in M3. It can be noted that EM as well as
all the MMEs show low correlation skill for August
(Figure 5). For this month, M3 exhibits best correlation
compared to others. It has been already discussed earlier
that for September, the skill for the M3 model is high at
all-India level. On the other hand, the skill of MMEs at
subdivisional level is less (Figure 6). However, M1
shows better skill compared to the others. For the season
as a whole, the performance of all the MMEs is shown in
Figure 7. In the seasonal scale EM has some skill in the
northern and southern parts, and this skill is further
enhanced by all the MMEs except M2.
From the above results, it can be concluded that for
June, the statistical model based on the concept of correlating the predictand pattern with the predictor pattern
(M3) has the highest skill for all subdivisions. However,
the all-India skill for this month was found better in the
statistical model using PCA (M2). On the other hand, the
weighting on the basis of regression coefficients (M1) of
GCM did improve the all-India skill of forecast for July
and August. The subdivisional skill was also found to be
high for July, while for August the subdivisional skill
was much better in the M3 model. Similarly, for September, the M2 model has shown better skill at subdivision
scale, while M3 has better skill on all-India level.
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Figure 2. Taylor diagram of mean of all the models (EM), singular value decomposition-based multiple regression (M1), supervised principal
component regression (M2) and canonical correlation analysis (M3) at all-India level for June (a), July (b), August (c), September (d) and the
whole season (JJAS) (e).
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Figure 3. Meteorological subdivision-wise correlation skill of (a) mean of all the models (EM), (b) singular
value decomposition-based multiple regression (M1), (c) supervised principal component regression (M2),
(d) canonical correlation analysis (M3) for June.

Figure 4. Meteorological subdivision-wise correlation skill of (a) mean of all the models (EM), (b) singular
value decomposition-based multiple regression (M1), (c) supervised principal component regression (M2),
(d) canonical correlation analysis (M3) for July.
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Figure 5. Meteorological subdivision-wise correlation skill of (a) mean of all the models (EM), (b) singular
value decomposition-based multiple regression (M1), (c) supervised principal component regression (M2),
(d) canonical correlation analysis (M3) for August.

Figure 6. Meteorological subdivision-wise correlation skill of (a) mean of all the models (EM), (b) singular
value decomposition-based multiple regression (M1), (c) supervised principal component regression (M2),
(d) canonical correlation analysis (M3) for September.
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Figure 7. Meteorological subdivision-wise correlation skill of (a) mean of all the models (EM), (b) singular value decomposition-based multiple regression (M1), (c) supervised principal component regression (M2), (d) canonical correlation analysis (M3)
for the whole season (JJAS).

Final consensus forecast and its performance
From the above discussions it can be noted that there are
large variations in the performance of these three methods in space (all-India/meteorological subdivision) and
time (month/season). For real-time practice, the users
might get confused with different forecast outputs. Therefore, we have analysed different statistical techniques to
combine these multiple MME forecasts into a single forecast product. For this purpose, three statistical combination strategies like multiple linear regression (MLR),
composite method and the simple combination are used.
In the first approach, a weighted average of MMEs is obtained and the weights are evaluated using the regression
coefficients. The second approach evaluates the average
of such MMEs having correlation value exceeding a certain threshold (0.2). In the third and final approach, the
simple average of all MMEs is obtained. The above
analysis is carried out at each meteorological subdivision
and further the correlation skill is evaluated in the hindcast mode. The correlation for all the methods suggested
that the performance of MLR is inferior compared to all
other MMEs (figure not shown). The performance of both
the composite and the simple combination method (more
than 56% of the subdivisions having significant correlation for JJAS) is found better compared to MLR (almost
56% of the subdivisions having positive correlation in
864

composite and simple combination and 47% in case of
MLR for JJAS). Although the performance of composite
is found better at few subdivisions, the model is not able
to predict rainfall over areas having low skill. Therefore,
considering these facts the simple combination of MMEs
is used for further analysis and real-time practice, which
is referred to as M4. The incorporation of uncertainty in
different MMEs is also considered in the present study
therefore, the probabilistic forecast is also generated,
which will be discussed later.
The prediction skill (correlation and RMSE) of M4 at
the all-India level is evaluated (figure not shown) in
leave-one-out cross-validation mode. Significant correlation (0.32 for 27 years by t-test at 95% confidence interval) is found for each month as well as for the season in
M4. However, the highest correlation is obtained in July
and the whole season (0.6). The RMSE value is also less
than 1 mm/day for all timescales. Therefore, it may be
stated that the final forecast (M4) is usable at the all-India
level. Further, the skill of final consensus forecast (M4)
in terms of correlation has been evaluated at subdivision
level (Figure 8). It is seen that the number of subdivisions
having significant correlation in the final (M4) forecast is
higher than other methods for June, July and September.
In the southern part of India, M4 has higher skill during
all the months and over the central northeast domain, the
skill is found to be higher in June. We have carried out
CURRENT SCIENCE, VOL. 104, NO. 7, 10 APRIL 2013
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further analysis to quantify the improvement in the final
consensus forecast (M4). For this, difference in the correlation values as obtained from M4 is evaluated against
each of the MMEs (EM, M1, M2 and M3) for each subdivision (figure not shown). In view of large positive and
negative values of correlation we can quantify the enhancement in M4 compared to the corresponding MMEs
(only when all MMEs have positive correlation over that
subdivision). Therefore, the analysis suggests that M4 has
almost similar skill as EM (a simple arithmetic mean of
raw GCMs) in terms of correlation, whereas improvement
is observed in 50% of subdivisions. Beside the subdivision level the correlation is found 0.6 compared to 0.42 in
EM, which shows a large improvement in M4. On the
other hand, compared to different MMEs developed in
the present study, maximum improvement is observed in
M4 compared to M2 for JJAS (almost over 80% of the
subdivisions; figure not shown). Therefore, it can be concluded that M4 is similar or better for large number of
subdivisions, which proves its consistency compared to
the other MMEs.
In summary, the final forecast M4 demonstrates its
consistency and importance with respect to MMEs developed in the present study. The usability of any prediction
technique depends on whether it is better than the available models. Therefore, one of the best models used in
the present study is compared with M4. As discussed
above, the coupled GCMs have better skills compared to
AGCM, which is in agreement with several studies35.
Amongst the coupled models, CFSv1 and CFSv2 have
better skills. Therefore, M4 is compared with CFSv1 and
CFSv2 in terms of statistical measures as well as during
some of the monsoon extreme years. For conciseness, the
assessment of skill is done for JJAS at the all-India level.
Table 2 shows correlation and index of agreement37 for
the whole country. It is observed that M4 has maximum
correlation (0.6) compared to CFSv1 (0.42) and CFSv2
(0.51). On the other hand, the index of agreement37 is
found to be more useful when the comparison is made
between the observed and predicted values. The index of
agreement is found to be relative and bounded between 0
and 1. The value closer to 1 indicates the efficiency of the
forecast. The index of agreement is found very low in
case of CFSv1 (0.37) and CFSv2 (0.36), whereas in M4 it
is 0.73. These skill measures (i.e. correlation as well as
index of agreement) clearly indicate that the final
experimental forecast is better compared to the individual
GCMs and the forecast systems can be useful for practical applications.
Table 2.

Statistical skill for CFSv1, CFSv2 and combined model in
terms of correlation and index of agreement

Correlation
Index of agreement

CFSv1

CFSv2

Combined

0.42
0.37

0.51
0.36

0.60
0.73
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The performance of M4 with respect to CFSv1 and
CFSv2 during extreme years is also evaluated and shown
in Table 3. The final forecast (i.e. M4) is able to predict
the same sign as of observations during all extreme years.
Therefore, the percentage of success for M4 is 100,
whereas it is 87 for CFSv1 and CFSv2 during extreme
rainfall years (deficit as well as excess rainfall years).
Specifically, during deficit rainfall years, the performance of M4 is better compared to CFSv1, whereas it is
similar to CFSv2. On the other hand, the performance of
M4 is better compared to individual GCMs during excess
years. Therefore, it can be concluded that M4 performed
better compared to GCMs, which again supports our
analysis.

Probabilistic prediction methodology and skill
in hindcast
In the deterministic methods used above, inherent uncertainty in the forecasts cannot be represented. Predictions
are more useful if this uncertainty is also estimated, especially for the climate risk management in agriculture.
Probabilistic forecasts have been recently demonstrated
to be a key to use the seasonal timescale prediction38,39.
For prediction of ISMR, few studies40–42 have raised the
issues of probabilistic forecast in the context of MMEs.
Therefore, in the present study the final deterministic
forecast has been converted to the probabilistic forecast
to represent uncertainties associated with it.
A parametric approach is used to build probabilistic
predictions of rainfall under the assumption of the normal
distribution. These probabilistic predictions are generated
for tercile categories: (i) below normal, (ii) near normal
and (iii) above normal, which are based on the observed
climatology. Final deterministic forecast is used as the
mean of the forecast distribution, whereas the spread is
calculated by correlation method41. Rank probability skill
score (RPSS)43 is the one of the skill metrics for assessing the probabilistic prediction. It represents whether a
probabilistic prediction is better or worse than a climatological forecast of equal probabilities for each tercile
category (0.33 of each category). A positive (negative)
value of RPSS means that the prediction is better (worse)
Table 3.
Year
1982
1986
1987
2002
2009
1983
1988
1994

Performance of CFSv1, CFSv2 and M4 prediction model
during extreme deficit/excess monsoon years
Observed
–10
–11
–12.8
–21.6
–13.6
12
15.4
8.0

CFSv1
–3.4
–4.7
–8
–1.6
5.7
–7.3
4.4
5.0

CFSv2
–1.5
–7.4
–7.2
–13
–9
–2
10.3
0.6

Combined
–1.7
–7.8
–12.0
–8.6
–7.6
6.6
5
3.5
865
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Figure 8. Meteorological subdivision-wise correlation of final forecast (M4) for (a) June, (b) July, (c) August, (d) September
and (e) the whole season (JJAS).

than the climatological prediction, while zero means the
skill of prediction is equal to the skill of the climatological prediction. The probabilistic skill is also evaluated for
individual MMEs for each month and season as well. In
view of brevity, the RPSS for individual MMEs is not
included here, while the spatial pattern for RPSS is
almost similar as obtained for correlation for individual
MMEs (figure not shown).
The hindcast skill (by leave-one-out cross-validation)
of probabilistic forecasts has been estimated for the 29
year period, as shown in Figure 9. Positive RPSS values
are found in almost all parts of the country for all months,
except August. In June, 19 of the 34 meteorological subdivisions have better skill than climatology (positive
RPSS in 56% of the subdivisions). On the other hand,
positive RPSS is found in 50% of the meteorological
subdivisions during July and September. The skill of probabilistic forecast for the season as a whole (for predictions made in May) is better than the monthly skill
(almost 62% of the meteorological subdivisions having
positive RPSS). Almost all parts of the country have positive RPSS, including the central, peninsular and the
northeastern part of the country. Therefore, it can be concluded that in almost all the months as well as for the
seasons, the probabilistic prediction skill is better than
the climatological forecast. This indicates the usability
for climate risk management.
866

Case study for monsoon 2011
The summer monsoon season of 2011 was a normal rainfall season with positive departure of 2% from the normal
at the all-India level. The onset of monsoon over Kerala
occurred three days before its normal date. The salient
features of the monsoon 2011 include persistent rainfall
associated with the monsoon low-pressure systems and
active monsoon conditions in the presence of strong
cross-equatorial flow and deep monsoon trough. Only
three meteorological subdivisions (out of 36) received
deficient seasonal rainfall, while the remaining 33 subdivisions received excess or normal rainfall. Observations
of each month and season as a whole are made as percentage departure from the respective long period average
(LPA). Rainfall during the monsoonal months shows
large variability (June: 12% above LPA, July: 15% below
LPA, August: 9% above LPA, September: 8% above
LPA)44.
For evaluation of the skill of real-time forecasts, the
final products are examined for the monsoon 2011. Prediction of monsoon 2011 was carried out following the
same strategy for seasonal and monthly scales, as discussed earlier. Forecasts from each of the MMEs for
monsoon 2011 have also been examined. For brevity,
only results of lead-1 forecasts for total season (JJAS)
and for each month are shown.
CURRENT SCIENCE, VOL. 104, NO. 7, 10 APRIL 2013
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Figure 9. Meteorological subdivision-wise rank probability skill score of final forecast (M4) for (a) June, (b) July, (c)
August, (d) September and (e) the whole season (JJAS).

Verification of forecast at all-India level
For monsoon 2011, predictions from each GCM/AOGCM
used in this study showed positive anomalies which persisted throughout the season and hence influenced the final forecast produced with statistical downscaling. Figure
10 shows percentage departure of the observed rainfall
and the lead-1 final forecast (M4) along with that from all
the MMEs for the season as a whole and for each month.
The observed rainfall departure for the season as a
whole was 2% above normal at the all-India level. Figure
10 shows that the forecasted departure with all the other
methods (including the final product), except M1 (8%
above LPA) is close to the observed value. The probabilistic forecast for all-India also shows high probability of
above-normal rainfall (55%) than the other two categories
(35% probability of near normal and 10% probability of
below normal). Therefore, from Figure 10 it can be concluded that the experimental ERFS forecast for the whole
season could capture the observed rainfall category at the
all-India level.
During June 2011 good amount of rainfall (12% above
LPA) was received over India, which was forecasted well
by M4 (10% above LPA). The probabilistic forecast also
shows higher probability for above-normal rainfall. The
forecast rainfall departure was underestimated by the
other methods – M1 (5% above LPA), M2 (4% above
CURRENT SCIENCE, VOL. 104, NO. 7, 10 APRIL 2013

Figure 10. Observation and final forecast for June, July, August, September and the whole season (JJAS) for monsoon 2011.

LPA) and M3 (1% above LPA). The rainfall received in
July was 15% below LPA. However, the final forecast
was for normal rainfall with positive departure from the
normal (7% above LPA). Among all the three MMEs discussed earlier, only M3 could capture the negative pattern
as that of the observation (9% below LPA), while M1
highly overestimated (19% above LPA) and M2 exhibited
climatological value (0.8% above LPA). For August, the
observed rainfall was 9% above LPA. The final experi867
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mental ERFS product with M4 for this month also
indicated positive departure (5% above LPA). The probabilistic forecast was for normal category rainfall, but
with some high probability of excess rainfall during the
month. For this month, M2 (2.5% above LPA) and M3
(3.5% above LPA) underestimated the observed rainfall,
whereas M1 (8% above LPA) and M4 predicted close to
the observed values. During September, the observed
rainfall pattern was erratic as the country experienced
excess rainfall for the first three weeks and major parts
experienced dry (scanty rain) conditions during the last
week of the month. As a result, rainfall for the month was
observed to be 8% above LPA. The final forecast (M4)
for the month was for excess rain (14% above of LPA).
Among all the three methods, M2 predicted excess (41%
above of LPA) rainfall, while other two methods predicted reasonably satisfactory rainfall as observed. Thus,
except for July, the final ERFS (M4) forecasts were able
to capture the observed monthly and seasonal rainfall
patterns at all-India level reasonably well.

Performance at meteorological subdivision level
In this section, the performance of the MME forecasts of
rainfall for monsoon 2011 at the subdivisional level is
described. The final forecasts (M4) along with three
MMEs for 34 meteorological subdivisions of India have
been evaluated. The experimental forecasts are produced
excess, normal, deficit, scanty and no rain categories.
When rainfall for a particular year is between –19% and
+19% of long-term mean then the year comes under normal category, while >20% of long-term mean rainfall is
treated as excess rainfall. Rainfall between –20% and
–59% of the long-term mean comes under deficit category and rainfall ≤59% of long-term mean falls in the
scanty category. In view of the IMD defined category,
the number of subdivisions matched with observed category is presented in Table 4.
For the whole monsoon season, 92% of the total area
of the country received excess/normal rainfall (33 out of
36 meteorological subdivisions), while the northeastern
part of the country received deficit rainfall. M4 (the final
experimental forecast prepared in May for the season)
also indicated excess/normal rainfall, but overestimated

Table 4. Number of subdivisions matched in
category with the observed category for the year
2011

Whole season
June
July
August
September
868

M1

M2

M3

M4

14
14
12
17
16

25
10
19
13
9

21
11
18
12
11

18
13
15
16
14

the rainfall over the southern part of the country. Out of
34 meteorological subdivisions, final forecast was in the
same category as that of observations for 18 subdivisions.
Probabilistic prediction indicated higher probability of
above-normal rainfall over a large number of subdivisions. M1 forecasted the rainfall in normal category of
over all meteorological subdivisions, while M2 and M3
overestimated the rainfall in some of the subdivisions.
During the month of June, the rainfall was forecasted
in excess category over 15 meteorological subdivisions.
Rest of the subdivisions was expected to have normal
rainfall. Excess rainfall was predicted over the northwestern part as well as over the southern parts of the country.
The observed rainfall over northwest India was also
found to be in excess over majority of the subdivisions.
On the other hand, in July the forecast was not satisfactory over the southern part of India where it was excess
and the actual rainfall was deficit. The individual methods were also representing similar kind of spatial pattern
for the forecast rainfall. The probabilistic forecast also
showed high probability (>40%) of excess rainfall over
hilly regions, western Uttar Pradesh and Haryana. Over
the southern parts, the probability of excess rain was
high. Therefore, spatially the observed pattern was captured only in 13 subdivisions.
Similarly, in the forecast for August, the final forecast
(M4) could capture the observed spatial pattern of excess
rainfall over the southern part as well as over some parts
of northwest India. The probability of excess rainfall was
also high over the southern parts whereas the deficit rain
of the northeastern part of the country was not captured in
M4. As a whole, M4 was able to capture the observed
spatial structure in 47% of the subdivisions. Scanty rainfall during the last two weeks for September over the
southern parts highly affected the total rainfall received
during the month. The final deterministic product (M4)
was able to characterize the observed pattern in 45% of
the subdivisions due to deficient rainfall over the southern parts of the country.

Concluding remarks
In the present study, we have attempted to predict ISMR
(month-wise and season as a whole) in extended range
scale for meteorological subdivisions of India for climate
risk management in agriculture. For this purpose, we
have used hindcasts and real-time products from eight
AGCMs/AOGCMs. As the skill of dynamical models is
not satisfactory at meteorological subdivision scale,
statistical procedures such as bias correction and MME
have been used to obtain usable forecast products with
AOGCMs/AGCMs. Three MMEs, viz. singular value
decomposition-based multiple regressions (M1), supervised principal component regression (M2) and canonical
correlation analysis (M3) are used in this study. The
CURRENT SCIENCE, VOL. 104, NO. 7, 10 APRIL 2013
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hindcast (1982–2010) skills of all three methods are better
than the simple mean of all models (EM). However, no
single method is consistently good for all of the 34 meteorological subdivisions. Therefore, a combination of all three
MMEs (M4) has also been developed for making a final
experimental forecast for further application. The hindcasts of the final products exhibit significant skill for all the
months as well as over larger number of subdivisions.
It is noticed that all the MMEs and final experimental
forecasts have large uncertainties. Thus, prediction
becomes more useful when this uncertainty is conveyed
to the user agencies/stakeholders, such as agricultural
units for climate risk management. Therefore, we have
attempted to make experimental probabilistic forecasts.
Skill of probabilistic forecasts in terms of RPSS has also
been evaluated. The RPSS suggests that the probabilistic
predictions are better than climatological forecasts for
most of the subdivisions. Therefore, the final experimental deterministic as well as probabilistic forecasts have
potential for practical utilization.
On the basis of the above findings, an experimental
real-time ERFS was implemented for the summer monsoon season of 2011, and the skill of the ERFS was
evaluated. It is found that at the all-India level, the forecast is capable of capturing the excess/normal rainfall for
the whole season as well as for each month, except July.
For meteorological subdivisions, the forecast is usable for
each monsoon month and the season as a whole. However, the forecast skill needs to be further improved by
developing new MMEs. It may be noted here that the present work is limited by inadequate length of the study
period, 1982–2010. Such a limited size of the hindcasts is
a challenge for training in statistical schemes. Moreover,
as the forecast procedure depends on AGCM/AOGCM
outputs, overall improvements of dynamical models are
required for improving the present forecast skills of individual models.
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