Theor Appl Climatol (2012) 107:441-450
DOI 10.1007/s00704-011-0493-x

ORIGINAL PAPER

Probabilistic prediction of Indian summer monsoon rainfall

using global climate models

Makarand A. Kulkarni - Nachiketa Acharya -
Sarat C. Kar - U. C. Mohanty - Michael K. Tippett -
Andrew W. Robertson - Jing-Jia Luo - Toshio Yamagata

Received: 16 April 2011 /Accepted: 14 July 2011 /Published online: 26 July 2011

© Springer-Verlag 2011

Abstract Probabilistic seasonal predictions of rainfall that
incorporate proper uncertainties are essential for climate
risk management. In this study, three different multi-model
ensemble (MME) approaches are used to generate proba-
bilistic seasonal hindcasts of the Indian summer monsoon
rainfall based on a set of eight global climate models for the
1982-2009 period. The three MME approaches differ in
their calculation of spread of the forecast distribution,
treated as a Gaussian, while all three use the simple multi-
model subdivision average to define the mean of the
forecast distribution. The first two approaches use the
within-ensemble spread and error residuals of ensemble
mean hindcasts, respectively, to compute the variance of the
forecast distribution. The third approach makes use of the
correlation between the ensemble mean hindcasts and the
observations to define the spread using a signal-to-noise
ratio. Hindcasts are verified against high-resolution gridded
rainfall data from India Meteorological Department in terms
of meteorological subdivision spatial averages. The use of
correlation for calculating the spread provides better skill
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than the other two methods in terms of rank probability
skill score. In order to further improve the skill, an
additional method has been used to generate multi-model
probabilistic predictions based on simple averaging of
tercile category probabilities from individual models. It is
also noted that when such a method is used, skill of
probabilistic forecasts is improved as compared with using
the multi-model ensemble mean to define the mean of the
forecast distribution and then probabilities are estimated.
However, skill of the probabilistic predictions of the Indian
monsoon rainfall is too low.

1 Introduction

Seasonal climate prediction is one of the most imperative
and demanding operational responsibilities carried out by
meteorological services all over the world. Seasonal
prediction of the southwest monsoon rainfall over India is
a scientifically challenging subject. Many researchers have
used various statistical/empirical forecasting models/methods
for seasonal monsoon rainfall predictions (Gowariker et al.
1991; Sahai et al. 2003; Rajeevan et al. 2007). Studies on
prediction of monsoon rainfall using global climate models
(or general circulation models, GCMs), as well as coupled
GCMs, have also been carried out (Kang et al. 2004;
Krishnamurti et al. 2002; Kumar et al. 2005; Wang et al.
2005; Pattanaik and Kumar 2010; Acharya et al. 2011). The
availability of forecast products from a variety of GCMs has
led to the development and use of multi-model ensemble
(MME) techniques. The MME techniques are designed to
provide a single reliable product that may have higher skill
when compared with any individual model. An MME can be
constructed using the simple ensemble mean (Hagedorn et al.
2005), regression-improved and bias-removed ensemble mean
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(Kharin and Zwiers 2002), the multi-model super ensemble
technique (Krishnamurti et al. 2000; Yun et al. 2003; Kar et al.
2011), or Bayesian optimal weighting techniques (Rajagopalan
et al. 2002; Robertson et al. 2004). A comprehensive study
describing the skill of many MME methods for seasonal
prediction is available in Kug et al. (2008).

Most of the techniques mentioned in the previous
paragraph are used to generate a deterministic product
without an explicit measure of its inherent uncertainty. The
prediction becomes more useful if this uncertainty is
conveyed to the user along with it. This issue is being
addressed by non-parametric and parametric probabilistic
approaches. In both of these approaches, the categories for
the predictions are made on the basis of observed
climatology. Often, tercile categories, viz. below normal,
near-normal, and above normal (Tippett et al. 2000), are
used to generate the probabilistic predictions. These
categories are equally likely, mutually exclusive, and
collectively exhaustive. Methods to compute the forecast
distribution spread include: ensemble variance (Kharin and
Zwiers 2003), error residuals (Johnson and Bowler 2009),
and potential predictability (Tippett et al. 2005). These
methods essentially allow deterministic predictions to be
converted to probabilistic ones.

For prediction of Indian summer monsoon rainfall, a few
studies (Chakraborty and Krishnamurti 2009; Kar et al.
2011; Acharya et al. 2011) have raised the issues of
probabilistic forecasting in the context of MME techniques.
However, no systematic studies exist on the utilization of
the parametric method for seasonal prediction of the Indian
summer monsoon rainfall. In this study, three different
methods have been used for the computation of the spread
of the forecast distribution. Data from eight different GCMs
have been used to make predictions in tercile categories.
The rank probability skill score (RPSS) has been used to
compare the skill of predictions made by these three
methods. The data used for this study are described in
Section 2. In Section 3, brief descriptions of the categorical
forecasting techniques and skill score are provided. The
results are presented in Section 4, and the concluding
remarks are given in Section 5.

2 Data

In this study, the probabilistic forecasting techniques are
applied to eight different GCMs’ precipitation products for
the monsoon season (June—September). These are lead 1
predictions (model runs use observations up to May 1)
collected for the hindcast period from 1982 to 2009. Both
the (1) two-tier (atmosphere-only GCMs forced with
predicted SSTs) and (2) one-tier (coupled ocean atmosphere
models) are used in this study.

@ Springer

These products are collected from the International
Research Institute for Climate and Society (IRI), Columbia
University, New York, data library. The GCMs used in this
study are as follows. The National Center for Atmospheric
Research (NCAR)’s Community Climate Model 3, version
6 (Hurrell et al. 1998), forced with constructed analog sea
surface temperature (SST) predictions, referred to as
“CCM3v6” and two 2-tier versions of the European
Centre-Hamburg Model (ECHAM, version 4.5), one referred
to as “ECHAM CASST” and the other referred to as
“ECHAM CFSSST” (ECHAM 4.5 forced with CFS forecasted
SST; Li and Goddard 2005) are used. The IRI mixed layer
coupled model referred to as “ECHAM GML” and two
versions of IRI coupled models (ECHAM 4.5 coupled with
Modular Ocean Model) referred to as “ECHAM4p5
MOM3AC” (anomaly coupled) and “ECHAM4p5
MOMS3DC” (direct coupled), respectively, and SINTEXF1
(Luo et al. 2005) from Japan Agency for Marine-Earth
Science and Technology (JAMSTEC) have been used. In
addition to those, the National Center for Environmental
Prediction (NCEP)’s climate forecast system (version 1)
referred to as “CFS” (Saha et al. 2006) has also been
used. These models are also discussed in Acharya et al.
(2011).

The spatial resolution and number of ensemble members
of these models are given in Table 1. India Meteorological
Department (IMD) high-resolution rainfall data (Rajeevan
et al. 2006) for the southwest monsoon season (June—
September, JJAS hereafter) are used as the observational
dataset. Precipitation fields from the GCMs are first interpo-
lated to the 1x1°. These interpolated GCM fields and
observations are averaged over meteorological subdivisions
and then used for the analysis.

3 Methodology

In this study, three categorical forecasting methods based on
a parametric approach are compared. All of the three
methods are based on the linear model.

Y=B+¢, (1)

where Y is the forecast to be given, (3 is the potentially
predictable signal (Kharin and Zwiers 2003), and ¢ is the
residual error part. It is assumed that 3 and ¢ follow normal
distribution with means ug, p. and standard deviations
03 0., respectively, and that 3 and e are mutually
independent. In that case, Y also follows a normal
distribution with mean py and standard deviation oy
These yield one more relation,

ol = o% +0? (2)
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Table 1 Models used in this

study Model Ensemble members Resolution Type
CCM3v6 24 T42 (2.7%2.8°) 2-Tier
ECHAM4.5 CASST 24 T42 (2.7%2.8°) 2-Tier
ECHAM4.5 CFS SST 24 T42 (2.7x2.8°) 2-Tier
NCEP CFS 15 T62 (1.8%1.8°) Fully coupled
ECHAM4.5 GML 12 T42 (2.7%2.8°) Semi-coupled
ECHAM4.5 MOM3DC 24 T42 (2.7x2.8°) Direct coupled
ECHAM4.5 MOM3AC 12 T42 (2.7x2.8°) Anomaly coupled
JAMSTEC SINTEX-F 9 T106 (1.1x1.1°) Fully coupled

The mean of the forecast distribution piy is given by jig
since 1. — ¢. In the present study, the simple ensemble of all
the models is treated as E((). The three methods used in
this study differ in their calculation of o. and, hence, the
spread of the forecast distribution (oy). In the first method
(referred to as ES), the within-ensemble variance pooled
across all the models is used to characterize the error
variance. In the second method (referred to as ER), error
residuals are used to compute the o.. Therefore, in the ER

method of = \/E(Y—ﬁ)2 (Johnson and Bowler 2009),

where E() denotes time average. In the third method
(referred to as CR), o is calculated from the correlation
“r” between vectors Y and (3 as given by the following
equation (Tippett et al. 2005).

1
or = (r_z_ 1)65. (3)
The probability of an event, say @, when Y lies between

two values, y; and y», conditioned on the signal 3 and error
€ can be given as follows.

P(9|B;e) =P(YE(W1,32)|B;e) = P(Y = 1 |Bse) @)
— P(Y = y1|B;¢).
For Gaussian distributions, a calculation yields
P(9IB;) = Fy (y 2P ) — Fy (u) , (5)
OF OF

where Fy is the cumulative normal distribution function. In
practice, the probabilistic forecasts are often delivered in
three categories based on terciles, viz. below normal (Pg),
normal (Py), and above normal (P,). Thus, the required
boundaries y; and y, can be defined by Kharin and Zwiers
(2003) as:

yi=—y=F'(1/3)oy (6)

In this study, the observations and model hindcasts are
first normalized by their respective means and standard
deviations before being used in any of the methods.
Normalization indirectly removes systematic bias from the
model products. The probabilistic predictions generated are

divided into two types. Type 1 predictions are generated
from the MME forecast distribution as described above.
Type 2 predictions are computed by averaging probabilistic
predictions generated from each of the constituent GCMs
separately. CR method is used to compute the spread for
each model in the case of type 2 predictions. Such
averaging of probabilities is similar to a Gaussian mixture
model with equal weights.

These methods are applied in a leave-one-out cross-
validation mode for computing the mean of the forecast
distribution, spread, as well as the skill score. The skill of
the prediction is measured using the RPSS (Weigel et al.
2007) which tells whether a probabilistic prediction is better
or worse than a climatological forecast of equal probabil-
ities for each tercile category. A positive value of RPSS
means that the prediction is better than the climatological
prediction, while a negative value means the prediction is
worse than the climatological guess; zero means the skill of
prediction is equal to the skill of the climatological
prediction. The RPSS is comparable to the mean squared
error, but it is applied in probability space. It is sensitive to
the shape and the shift of the predicted probability
distributions. However, the RPSS shows a negative bias
for ensemble systems with a small ensemble size (Miiller et
al. 2005) when probability values are computed in a non-
parametric manner based on ensemble frequencies. In this
study, parametric models are used on the mean of members
of individual models, and the uncertainties are represented
by assuming a Gaussian distribution. The number of
ensemble member is not explicitly used while deriving the
pdf. Therefore, the skill metric such as RPSS may not have
the negative bias as mentioned in Miiller et al. (2005).
Hence, in this study, de-biased RPSS has not been used;
however, the results and conclusion of this study will not
change if de-biased RPSS is used as the skill metric.

A RPSS score of 1 implies that the observed category is
always forecast with 100% confidence. Hamill (1999) have
discussed sampling techniques for the statistical signifi-
cance of RPSS in a weather forecasting context. Goddard
and Dilley (2005) have used Monte Carlo re-sampling for
the statistical significance of RPSS in a seasonal prediction
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context. In this study, for Monte Carlo re-sampling, two
sets of normally distributed random numbers are gener-
ated of length 28 (our study period is of 28 years) and
treated as dependent and independent variables. While
generating these variables, some positive correlation
(around 0.3 as it is significant at 95% confidence level)
is imposed. Probabilistic prediction in a leave-one-out
cross-validation mode by CR method is made and the
RPSS is computed. The above step is repeated 10,000
times and an empirical CDF of 10,000 RPSS value is
constructed. From the CDF, it is found that at the 95%
confidence level, the RPSS is 0.03, which is just greater
than 0. Therefore, any forecast having positive RPSS is
skillful than climatology.

4 Results and discussion
4.1 Individual model performance

Before using the models for the probabilistic prediction,
their performance in terms of climatological mean and
correlation has been analyzed. Figure 1 shows the observed
as well as the model forecasted JJAS climatological mean
rainfall. All models are able to capture the spatial pattern of
the observed climatology to some extent. Though the
magnitudes of all model predicted rainfall climatology are
less than observed, almost all the models are able to capture
the spatial pattern of seasonal rainfall. Correlation values
between the observed rainfall and ensemble means of the

ECHAM CASST
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Fig. 1 Climatological mean JJAS rainfall over India from the IMD observed data and the model hindcast runs for 1982—-2009, averaged over each
meteorological subdivision. Rainfall areas with >2 mm/day have been shaded
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individual model hindcasts for each of the subdivisions
have been plotted in Fig. 2. The figure shows that among
the one-tier models, rainfall from the CFS model has a
positive correlation with the observed rainfall over the
northern regions of the country. Other one-tier models have
a positive correlation over some parts of southern India. In
fact, the CFS model does not have a very good skill over
southern India. All the one-tier models have a negative
score in one region or the other. The correlation coefficient for
all the models except CCM3v6 is >0.2 in the subdivisions,
viz. Uttarakhand, East Uttar Pradesh, Haryana, Punjab, and
Himachal Pradesh. Almost all the models except “ECHAM
GML” have less skill in terms of correlation in central India.

Noting that the anomaly correlations calculated from the
hindcast ensemble means of the individual GCMs are quite
low, probabilistic hindcasts have been generated using the

ECHAM CASST

different approaches discussed in Section 2. The skill in
terms of RPSS of the individual model using the CR
method is shown in Fig. 3. The regions having positive
RPSS are shaded in grayscale. The models have different
skills in different regions. SINTEXF1 possess the maximum
skill of all the eight models, with positive RPSS in 20
out of 34 subdivisions, while CFS and “ECHAM GML”
show positive RPSS in 15 subdivisions. The CCM3v6
has the lowest skill (positive RPSS only in 5 out of 34
subdivisions).

4.2 Multi-model probabilistic forecast
The simple multi-model ensemble mean (MMM) of all

model predictions is treated as the mean of the forecast
distribution, and the spread of distribution has been

AN
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Fig. 2 Temporal anomaly correlation between the observed JJAS rainfall and the ensemble means of the individual models. Correlations >0.2 are

shaded, with negative correlations less than —0.2 hatched or stippled
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ECHAM CASST

ECHAM CFSSST

<40.05

75 E 9S E

Fig. 3 RPSS for individual model.s Positive values are shaded

computed using the three methods, namely, ES, ER, and
CR. As described earlier, these predictions are referred to as
type 1 predictions. The skill (RPSS) of probabilistic
predictions thus prepared is plotted in Fig. 4. Positive
RPSS is noticed only in the Uttarakhand and Haryana
subdivisions and in the northeast part of India (total of 4 out
of 34 subdivisions) when ES and ER are used to compute
the spread of the distribution. The number of subdivisions
having positive RPSS is increased to 12 when the CR
method is used. Thus, as indicated in Fig. 4, the skill of
probabilistic predictions made using the CR method is
better compared with the other two methods. When
correlation is used to compute the variance, the spread of
the forecast distribution becomes large for small correlation
values and prediction is close to climatology. This reduces the

@ Springer

forecast probabilities and the risk of incorrect predictions, also
reducing the chance of RPSS skill becoming negative. In
contrast, when correlation values are larger, the forecast
distribution becomes narrow, which increases the confidence
of calculated probabilities in the CR method. However, the
other two methods (ES and ER) do not make the forecast
distribution approach the climatological distribution in
the no-skill regions. As a result, the forecasts from the
ES and ER methods become worse than the climatological
forecasts. It may be noted here that the RPSS score for
probability values from individual models have been
estimated using the CR method only (Fig. 3). It is seen
that two of the MME (ES and ER) schemes have poorer skill
than for the individual models themselves. The ES scheme has
poor skill as the ensemble spread (in multi-model context) is a
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Fig. 4 RPSS of the three multi-model ensemble methods. a ES—ensemble spread. b ER—error residuals. ¢ CR—correlation. Positive values are shaded

poor indicator of uncertainty. The skill of the ER scheme may
be worse than CR because CR implicitly includes an
amplitude correction, as described above.

Further analysis in this study is carried out using the CR
method because it shows the best skill in predicting rainfall
probability compared with the other two methods. In order
to compare type I predictions (described above) vs. type 2
predictions, multi-model probabilistic predictions are made
using the probabilities computed from individual member
models and then averaging the probabilities (type 2
prediction). The skill (RPSS) of type 2 prediction is plotted
in Fig. 5a. Comparison between Figs. 4c and 5a suggests
that type 2 predictions have a marginally better skill than
type 1 predictions. As mentioned earlier, the CR method
has an implicit calibration mechanism. In the type 2
method, models are calibrated individually and the proba-
bility values are combined to make multi-model ensemble
forecasts. This method is similar to a Gaussian mixture
model with equal weights in which the forecast probability
density functions of all the models are averaged. As all the
models are calibrated in the CR method before averaging,
poorer models may not have a severe negative impact on
the final result. On the other hand, for the type 1 forecasts,
the same CR method applied to the MMM. As a result, the
impact of poor models may be greater on the MMM. This
may result in poor skill of the type 1 method.

The study period is rather short (28 years) to split into
two periods and estimate changes in prediction skills.
Nevertheless, the skill scores (RPSS of type 1 forecast)
have been computed by dividing the study period into two
parts, viz. first 15 years (1982-1996) and the last 14 years
(1997-2009). It is seen that (figure not shown) there are 13
out of 36 subdivisions which have positive RPSS (skill
better than the climatological forecasts) for the first period,
while for the second period, 8 out of 36 subdivisions show
positive RPSS. However, there are few subdivisions which
had a negative skill in the first period of the study and had
positive skills in the second period. Therefore, though
marginally better skill is seen during the first period (earlier
part) than the second period, it is rather difficult to
conclusively state that the earlier period has better skill
due to the short length of each partition.

In this kind of skill assessment (especially when the
length of data series is small), sampling variability may
play a crucial role, leading to the misinterpretation of the
results. Therefore, the comparison between type 1 and type
2 forecast is also made using randomly generated data with
lengths 30 and 60, repeated 5,000 times. The generated data
in each iteration contain eight independent variables and
one dependent variable to mimic our eight GCM forecasts
and observations. This dataset is used to generate probabi-
listic forecasts using the CR method. The probabilities are

Fig. 5 RPSS obtained by
averaging the individual tercile
category probability hindcasts of
all the models (a) and one-tier
models only (b)

o
RPSS

75 E 85 E

95 E 75 E 85 E 95 E
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Fig. 6 Results obtained using
the CR method to generate type
1 and type 2 predictions from

synthetic datasets of different 0zt
lengths

04

03

01

T T T

-5
= :
!

T

Type-1 (data length is 30)

calculated in the leave-one-out cross-validation mode for
type 1 and type 2 predictions. Subsequently, the RPSS skill
is computed for both type 1 and type 2 predictions for each
of the 5,000 iterations. These results are summarized in
Fig. 6. In this figure, the RPSS is plotted against type 1 and
type 2 predictions of datasets having lengths 30 and 60. It is
seen that the RPSS of type 1 predictions has more spread
than that of type 2 predictions. The results suggest that in
the no-skill limit (or low skill), type 2 predictions suffer less
from sampling variability and are less likely to result in a
negative skill.

4.3 Skill of two-tier vs. one-tier modeling systems

As mentioned earlier, there are two types of models used in
this study, namely, two-tier and one-tier. One-tier models are
either coupled or semi-coupled with an ocean model
component. A type 2 prediction is generated by averaging
one-tier models only, and the skill in terms of RPSS is
plotted in Fig. 5b. It is seen that the skill of the prediction
made by averaging the probability values from individual
one-tier models is marginally better than that made by
averaging all the models. However, there is some improvement
in the skill (in terms of RPSS) over some meteorological
subdivisions such as Kerala, Coastal Karnataka, Telangana,
Rayalseema, Orissa, Vidarbha, and East Rajasthan when only

Type-2 (data length is 30)  Type-1 (data length is 60)  Type-2 (data length is 60}

one-tier model products have been used to generate the
predictions, but this improvement is only marginal. An attempt
is made for predicting the all-India summer monsoon rainfall
(ISMR) using the CR method. The skill of the ISMR prediction
in terms of RPSS is plotted in Fig. 7. It can be seen that the
ECHAM GML possesses the highest skill among all the
models. The skill of respective type 2 predictions is better
than that of the type 1 predictions. The RPSS of type 1
prediction is marginally improved when only one-tier models
are used compared to when all the member models are
considered.

5 Summary and conclusions

A parametric approach is applied to generate probabilistic
predictions that capture the uncertainty in the deterministic
prediction of various GCM’s Indian monsoon rainfall
products. The mean of the forecast distribution is obtained
by taking the simple ensemble average of the eight GCMs
precipitation products. Three different techniques, namely,
ensemble spread (ES), error residuals (ER) and correlation
(CR), are applied to estimate the spread of the forecast
distribution and to generate probabilistic predictions.
Among these three methods, the use of correlation to find
the spread of distribution yields better skill than those using

Fig. 7 Skill of probabilistic pre-
diction of all-India summer 021
monsoon rainfall made using 0.1 -
different models, type 1 and I:l I:l
type 2 methods » 0 T [ — = T T L T T
17
o 01
& 01
-0.2 1
-03 ]
-0.4
° == s = = (3} Q b 7 = ) = o
¢ 59 32 2 5§ 8 X & T 5 % 5
o o g9 o©o F= 5= u o -8 b D]
w o L w [e] o E b= b=
o o ws wg z £ g 5 g
& = 2 - =
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ES or ER. It is also noticed that the average of individual
model’s probabilistic prediction is more skillful than the
probabilistic prediction using a multi-model ensemble
mean. The analysis conducted using synthetic data suggests
that the former method suffers less from sampling variability
and is less likely to lead to a negative skill.

In this study, it is seen that the skill of the state-of the-art
seasonal modeling systems is very low as far as the
prediction of the Indian monsoon rainfall is concerned.
Predictions from such modeling systems can be made
useful by developing appropriate probabilistic schemes so
that the user community is provided with uncertainties in
the predictions. This is the first time that such probabilistic
prediction methods have been used for the Indian monsoon
rainfall in the context of multi-model ensemble schemes.
The main objective of the study has been to document the
present skill level to provide a useful benchmark for further
improvement. It is seen that much usable skill is not
obtained by combining the forecasts first and then
evaluating the categorical probabilities. Improved skill is
obtained when probabilities are combined after calibrating
individual models. In this study, individual model-generated
probabilities have been combined by simple averaging.
This is similar to a Gaussian mixture model with equal
weights. It is planned in future to implement a formal and
weighted combination of probabilities following, e.g.,
Rajagopalan et al. (2002) and Robertson et al. (2004), as
well as a Bayesian approach to further improve the skill of
probabilistic predictions for the Indian monsoon.
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