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Summary

India Meteorological Department (IMD has been issuing long range forecasts
(LRF) for the southwest monsoon rainfall over India (ISMR) for more than 100 years.
Though IMD’s operational LRF system has undergone changes from time to time,
statistical method remained as the main forecasting approach. The new operational
statistical models introduced in 2003 failed to predict the deficient year of 2004. It
may be mentioned that many statistical and dynamical models failed to predict the
recent deficient years of 2002 and 2004. Therefore, new experimental statistical
models with improved performance were developed and tried for the 2005 southwest

monsoon season.

The new experimental models are based on new methods of predictor
selection and new philosophy of model development. These models were developed
to facilitate the IMD’s present two-stage forecast strategy, i.e., the first forecast in
April and an update in June. After carrying out a detailed analysis of various global
climate data sets, two predictor sets (SET-I & SET-Il), each consisting of 6
predictors were selected for the model development. Statistical techniques such as
ensemble multiple regression (EMR) and Projection Pursuit Regression (PPR) were
used for the first time for developing models for seasonal forecasts of ISMR. Two
other techniques, Principal Component Regression (PCR) and Artificial Neural
Network (ANN) were also used. Model performance was evaluated by sliding the

model development period and testing the model with entirely independent data set.

All these experimental statistical models showed better performance than the
models based on pure climatology. In hindcast, these models were able to predict
ISMR correctly during most of the years, particularly during the extreme ISMR years.
The recent two droughts (2002 & 2004) were also predicted correctly. In
comparison, the models based on SET-II predictor set (for the June forecasts) with
RMSE ranging between 5.5% and 6.4% performed better than the models based on
SET-I predictor set. Based on these models, experimental forecasts were prepared

for the 2005 Southwest Monsoon Season.



1. Introduction

In an agricultural country like India, the success or failure of the crops and
water scarcity in any year is always viewed with the greatest concern. A major
portion of annual rainfall over India is received during the southwest monsoon
season (June-September). There are known vagaries of the monsoon as regards
the time of onset as also of the nature and amount of monsoon rains and its
distribution in different parts of the country. Although the regional rainfall has large
year to year fluctuations, the southwest monsoon rainfall over the country as a whole
varies by about 10% of the mean rainfall. However, this small fluctuation in the
seasonal rainfall can have devastating impacts on India’s economy. In spite of
increase in share from the service sector to India’s growth, the performance of farm
sector ultimately is a decisive factor in the growth of GDP of India. The recent two
droughts, 2002 and 2004 made an adverse impact on India’s economy. Therefore,
long range prediction (seasonal prediction) of southwest monsoon rainfall deserves
high priority in India. Since farmers need forecast for sub-regional level, ultimately
operational forecasts should target at sub-regionaO.l level. Nevertheless, an
accurate prediction of monsoon performance averaged over the country as a whole

is also very vital for better planning of finance, power and water resources.

The India Meteorological Department (IMD) has been issuing long range
forecasts of the southwest monsoon rainfall since 1886. It was, however the
extensive and pioneering work of Sir. Gilbert Walker (1923,1924), that led to the
development of the first objective models based on statistical correlations between
monsoon rainfall and antecedent global atmosphere, land and ocean parameters.
Since then, IMD’s operational long range forecasting system has undergone
changes in its approach and scope from time to time. There are good detailed
reviews on the long range forecasting of Indian southwest monsoon rainfall (ISMR)
(Normand 1953, Jagannathan, 1960, Thapliyal and Kulshrestha 1992, Hastenrath
1995, Krishna Kumar et al. 1995, Rajeevan 2001, Gadgil et al. 2005). In a very
recent study, Gadgil et al. (2005) addressed the major problems of the statistical and
dynamical methods for long range prediction of monsoon rainfall. The study revealed
that IMD’s operational forecast skill has not improved over the seven decades

despite continued changes in the operational models.



For the long range forecasting (LRF) of the ISMR, mainly three approaches
are used. The first is the statistical method, which uses the historical relationship
between the ISMR and global atmosphere-ocean parameters (Walker 1914 & 1923,
Thapliyal 1982, Gowariker et al. 1989 & 1991, Navone and Cecatto 1995, Singh and
Pai 1996, Rajeevan et al. 2000 & 2004, Delsole and Shukla 2002, Sahai et al. 2003,
Pai and Rajeevan 2005 etc.). The second approach is the empirical method based
on time series analysis. This method uses only the time series of past rainfall data
(Goswami and Srividya 1996, lyengar and Raghukanth 2004, and Kishtawal et al
2003) and do not use any predictors. The third approach is based on the dynamical
method, which uses General Circulation Models (GCM) of the atmosphere and
oceans to simulate the summer monsoon circulation and associated rainfall. In spite
of its inherent problems, at present, statistical models perform better than the
dynamical models in seasonal forecasts of ISMR. The dynamical models have not
shown the required skill to accurately simulate the salient features of the mean
monsoon and its interannual variability (Latif et al. 1994, Gadgil and Sajini 1998,
Krishnamurti et al. 2000, Kang et al. 2002, Gadgil et al. 2005, Krishna Kumar et al.
2005, Wang et al. 2005).

During the period 1988-2002, IMD’s operational forecasts were based on the
16 parameter power regression and parametric models (Gowariker et al. 1989 &
1991). The forecasts issued during this period were qualitatively correct. However,
the mean forecast error during this period was more than the mean error of the
forecasts based on climatology alone. This model failed to predict the severe
drought of 2002. However, none of the other experimental forecasts based on
statistical and dynamical models also could predict the severe drought of 2002.
Following the failure of forecast in 2002, a critical evaluation of the 16-parameter
power regression and parametric models was made and in 2003, two new models (8
and 10 parameter models) were introduced for the operational work. Further a two-
stage forecasting strategy also was adopted with the provision for a forecast update
by end of Juneffirst week of July (Rajeevan et al. 2004). According to this new
strategy, forecasts for the seasonal ISMR for the country as whole are issued in two
stages. The first stage forecast is issued in mid April and an update or second stage
forecast is issued by the end of June. The 2003 operational forecasts for the

southwest monsoon rainfall based on these new models were proved correct.



However, in 2004, the forecast for a normal monsoon did not materialize, due to

unexpected poor performance of monsoon.

Following the forecast failure in 2004, IMD has critically analyzed two major
issues, a) a re-visit to the identification of suitable and stable predictors, which have
physical relationships with monsoon rainfall and b) critical way of model
development like optimum number of predictors and model development period etc.
IMD also further explored new statistical methods with the objective for an improved

model performance.

In this report, we discuss the details of new experimental models developed
at the National Climate Centre, IMD, Pune, for the long range forecasts of ISMR.

These new statistical models are based on the following techniques.

Ensemble Multiple Linear Regression (EMR)
Projection Pursuit Regression (PPR)
Principal Component Regression (PCR)
Artificial Neural Network (ANN)
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In the section 2, we discuss the data used for this study and in the section 3,
we discuss the identification of predictors. Methodology of model development is
discussed in section 4. In the section 5, results from the various prediction models

are discussed. Finally, the conclusions are presented in section 6.

2. Data used

The southwest monsoon season (June-September) rainfall over the country
as whole (ISMR) is calculated as the area weighted average of the seasonal
monsoon rainfall data of all 36 meteorological subdivisions in India. The long period
average (LPA) (1901-1970) of the seasonal rainfall is 88 cm and the coefficient of
variation is about 10%. The ISMR was expressed as the percentage departure from

the long period average (LPA). When the ISMR during a year is more (less) than



wind parameter which has data only from 1958. Therefore, the data period for SET-II
was considered only 1958-2005, whereas the data period for the SET-I was 1951-
2005.

4. Methodology
4.a. Ensemble Multiple Linear Regression (EMR) Models

The EMR models for the first and second stage forecasts (EMR-I and EMR-II
respectively) were developed using the predictor sets of SET-I and SET-II
respectively. There are 6 predictors each in SET-l1 and SET-Il data sets. Before
developing and testing EMR models, we have addressed the following two
important issues. A) Given the 6 parameters as predictors, how to select the best
model with best combination of predictors? B) What is the best development period

for model development?

The selection of best combination of predictors or optimum number of
predictors in the statistical models is discussed by many researchers (Hastenrath
and Greischar 1993, Delsole and Shukla 2002). For monsoon prediction, these
studies suggested that three or four predictors are adequate for developing a
statistical model with useful skill. Delsole and Shukla (2002) discussed the major
issue of overfitting in the IMD’s previous operational model in which as many as 16
predictors were used for the model development (Gowariker et al. 1989 & 1991).
They have recommended use of small number of predictors for model development.
Kung and Sharif (1982) and McBride and Nicholls (1983), on the other hand have
highlighted the need for regular updating of the prediction models with the latest data
for better predictions. The necessity of updating model equations is due to the fact
that the time series of meteorological parameters are statistically non-stationary. The
non-stationarity of the meteorological series suggests that the use of all available
data for the prediction equation development might not automatically improve its
performance. A near optimum development period has to be identified (Nicholls
1984).
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The most sensible approach for selecting a best subset out of available
variables in a complex linear model is to compare all possible subsets. This
procedure simply fits all the possible regression models (i.e. all possible
combinations of predictors) and chooses the best one (or more than one). Standard
selection procedure like stepwise regression (forward or backward selection) has
some serious problems of selecting the best model. The problems in stepwise
regression method are described in detail by Quinn and Keough (2002). With the
availability of fast computing facilities, trying all possible combination of the

predictors is not a difficult task.

In this study, we have fitted all the possible regression models (63 (= 2°-1) for
6 predictors) and used jacknife method for the selection of 5 best models among
them. For ‘m’ standardised predictors for ‘n’ years, the multiple linear regression
(MR) model equation can be written as Y = BZ + . Where Y is the (nX1) predictand
(ISMR) matrix, B is the (1Xm) matrix of regression coefficients, Z is the (nXm)

matrix of predictors of model size m and ¢ is the (nX1) error matrix.

Jacknife method (Crask and Perreault 1977; Tukey 1958) is the most suitable
for comparing the performance of different models when the data period is small
and testing is to be made using relatively longer period. In this method,
development and testing of the models is possible in the same period. For SET-I,
data for the period 1951-2000 and for SET-II, data for 1958-2000 were used for this
purpose. In the Jacknife method, for each of the possible models, predictions for
each of the years (say i year) within the given data period of k years were done
using the remaining k-1 years. In the case of SET-I, k is 50 (1951 to 2000) and that
for SET-II, k is 43 (1958-2000).

After preparing the hindcasts by a number of different regression models for
the given period, the best performing models can be selected using a suitable
criterion. This criterion is based on the error measure statistics computed for the test
period. While comparing the performance, it is possible that the error measures of
various models particularly with different model size are approximately equal. In

such cases, the principle of parsimony (Box et al. 1994) suggests to give preference
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to a model with smallest model size. There are also various error measures which in
its definition include adjustment for the number of predictors used in the model.

Some of the commonly used error measures for selecting among models with

different model sizes (Quinn and Keough, 2002) are adjusted R* (R?), Mallow’s C,,

Akaike Information Criterion (AIC) and Schwarz Bayesian Information Criterion

(BIC). Ris the estimated multiple correlation coefficient (R) adjusted for the number

of predictors used in the model. Among various models, the best model is the one

having the highestR?value. The Mallow’s C, works by comparing a specific reduced
model to the full model with all predictors included. Among various models, the best
model is the one that having the lowest C, value. Delsole and Shukla (2002) used
this criterion to select best subset of predictors. The remaining two measures (AIC
and BIC) are in the category information criteria, accounting for both sample size

and number of predictors.

In this study, the selection of best among the all possible regression models

was done based on the R? criteria. R? is related to the R? by the following

equation.

p(1-R%)

R? =gz PU=RY)
(k—p—1)

Where k is the number of years in the validation period and p is the model

size. The R’ can also be computed using the following formula.

I(k—p—1)
Ik—1)

residual

SS

=0, SS

total

Where, SSresidual(:Z(Y—\?)z)is the residual sum of squares and

S (= . (Y=Y)?)is the sum of squares of deviation from mean. Y, Y& Yare

respectively the actual, mean and predicted values of the predictand. SSyesiqual & R?

in turn are related by the equation SS ugual = Z(Y —7)2(1 - Rz) .
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The second step in the EMR model development involved of determination of
the correct model development period for each of the selected best models as
suggested by Nicholls (1984). Once the best model development period was
determined, forecast for each year was made by the selected best models, by

keeping this parameter constant.

For this purpose, the performance of the model predictions for a fixed
common period 1986-2000 was examined using a sliding development period
technique (retroactive technique) for all the possible development periods (Mason et
al. 1996). For example, for a case of development period of 15 years, data for 1971
to 1985 were used for predicting rainfall in 1986 and data for 1982 to 1986 were
used for predicting the 1987 value and so on. Similarly for a case of development
period of 25 years, data for 1961 to 1985 were used for predicting the 1986 value.
In this case, the comparison needs to be done of the performance of predictions
over a fixed time period obtained with the same set predictors but using different
development periods. Therefore, we did not use an error measure that is adjusted
for model size for the comparison of performance. We used R and root mean
squared error (RMSE) as the error measure statistics for the purpose. The RMSE

was computed using the following equation;

Z:(Y—Y)2
RMSE = [ =—
k—1

In this report, the unit of the RMSE is percentage departure from LPA of the
seasonal ISMR. For each of the selected best models, the RMSE and R for the
period 1986-2000 were computed for all the possible development periods (starting
from 8 years). Now for each of the selected 5 models, the best development period
was that period for which the RMSE of predictions during 1986 to 2000 was the

least.

The final step in the development of the EMR models was the computation of

ensemble forecasts. Forecasts for each of the 5 selected models were prepared by
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using the best development period and retroactive technique. The ensemble
forecast for each year was then computed as the simple average of the forecasts for

that year obtained from the best 5 models.

The skill of the models was also measured by calculating the model statistics
such as C.C. between actual and predicted ISMR (R) and bias in the model
predictions (BIAS) in addition to RMSE. The BIAS has also the same units as that of
RMSE. The BIAS was computed using the following equation.

BIAS = w

4.b. Principal Component - Regression (PCR) Models

The PCR technique is recommended when there is significant inter-
correlation among the predictors. The PCR model avoids the inter-correlation and
helps to reduce the degrees of freedom by restricting the number of predictors. As
seen in the Table-3, there is significant inter-correlation among some of the
predictors in SET-l and SET-II. Singh and Pai (1996) used Principal Component-
Regression (PCR) model for the prediction of the seasonal (June-September) ISMR
for the country as a whole based on predictors from the Indian Ocean only.
Rajeevan et al. (2000) on the other hand used PCR model for the prediction of

seasonal summer monsoon rainfall over two homogeneous regions of India.

To develop a PCR model, Principle Component Analysis (PCA) is first applied
on the predictor set and then few PCs (principle components) having highest C.C
with the predictand (ISMR) are selected. The selected PCs are than related to the
rainfall time series using a multiple regression equation. In this study, PCR models
for the first and second stage forecasts (PCR-I and PCR-Il) were developed using
predictor sets SET-I and SET-II respectively. The general mathematical formulation

of PCR model is given below in brief.

A set of time series of ‘m’ inter-correlated standardised variables for ‘n’ years

can be represented by (nXm) matrix, Z= [Z;: i=1,.....,n;j=1,.....m]. Z is transformed
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into E via the matrix transformation, eij=Z;ja;, using empirical orthogonal function
analysis (EOFA). Here, e; is empirical orthogonal variable for j'" empirical orthogonal
variable for i year and aji for i empirical orthogonal weight for j variable. In matrix

form above equation can be written as: E = ZA

If in addition, the matrices E and A obtained from EOFA are rescaled
according to: L= AD"? and F = ED"?; the complete procedure is called PCA. Here F
is (nXm) matrix of PC scores each having zero mean and unit variance (i.e. the PC
scores are standardized), L is (mXm) matrix of PC loadings and D is the (mXm)
diagonal matrix whose elements are eigen values of correlation matrix C (= 1/nZ'2)

arranged in descending order of magnitude.

If we select any ‘p’ modes of the PC scores (p<m), we can write the PCR
model as Y = BF’ + . Where Y is the (nX1) predictand matrix, B is the (1Xp) matrix
of regression coefficients, F’ is the (nXp) matrix of selected PC scores and ¢ is the

(nX1) error matrix.

In the PCR models, like EMR models, we used the retroactive forecasting
technique, in which we slide the development period to predict ISMR completely
independent of the training period. For the prediction of the ISMR for each year, data
for the fixed development period just prior to the reference year were used as the
input to the PCA. Out of the 6 PCs, 3 PCs having the highest C.C with the ISMR
were then used in the PCR model. Using the PC loadings so obtained, PC scores for
the selected PCs were calculated for the reference year and the same were then

used for the prediction of ISMR for that particular year.

4.c. Projection Pursuit Regression (PPR) Models

The projection pursuit (PP) was first proposed by Friedman and Tukey
(1974). The basis of the PP technique is the linear projection of the data. However, it
attempts to identify the non-linear structures within the projections. The name

“projection pursuit” is associated to the fact that the technique automatically pursues
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the most “interesting” projections. Huber (1985) proposed Projection pursuit (PP) as
an alternative to the traditional principal component technique to reduce a high-
dimensional data set into a lower-dimensional one. One such application of this
method was the Projection Pursuit Regression. This new method of nonparametric
multiple regression was proposed by Friedman and Stuetzle (1981). Chan et al.
(1998) demonstrated that this technique of regression analysis is superior to
traditional multiple regression analysis, because the PPR technique is capable of
identifying nonlinear relationships between the predictand and the predictors. Chan
and Shi (1999) used this technique to develop models for prediction of summer
monsoon rainfall over south China and obtained useful results.

The mathematical formulation of the PPR technique is explained below.

A classical linear model expresses the predictand Y as linear functions of the

predictor variables

Y ,,2,,2,—- - —2,) =0y + Y, 0,
The PPR technique has the form

M
Y2252, ——~2,) = ) f,(a,2)

m=1

Thatis a = zgm(j)zjand fm is the single-valued (ridge) functions of a single variable,

with M being the number of such functions (i.e., the number of projections). Thus in
the PPR, each response is expressed as the sum of functions of linear combinations
of predictor variables; whereas in linear regression, each response is expressed as
the linear combination of predictor variables. The estimation of the parameters of

i inati w uncti m W u
linear combination a’as well as the functions f,, was done by the least squares

method (Chan et al. 1998).
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Two PPR models were developed, one for the first stage forecasts (PPR-I) in
April using the SET-I data and second for the second stage forecast (PPR-II) in June
using the SET-II data. In this study, M was set to 2 (representing two projections, the
maximum being p, which is the number of potential projections). Thus the predictand
was expressed as the sum of the functions of first two projections. In this case also,

retroactive technique was used to make the independent predictions.

4.d. Artificial Neural Network (ANN) Models

The methodology adopted for the ANN models was almost similar to that
used for the PCR model. As the in the case of the PCR models, PCA was first
applied on the predictor set to select best PCs that having highest C.C with ISMR.
The selected PCs were then related to the predictand through an Artificial Neural
Network (ANN), whereas in the case of PCR model, a multiple regression equation
was used for this purpose. For this case also retroactive technique was used for the

independent predictions.

There are many studies (Navone and Ceccatto 1995, Venkatesan et al. 1997,
Guhathakurta et al. 1999) which used ANN for long range forecasting of seasonal
monsoon rainfall over India. Rajeevan et al. (2000) used ANN with one hidden layer
of 3 neurons for the Longrange forecasts of summer monsoon rainfall over

Northwest and Peninsular India.

For the development of ANN model, we used a simple feed forward mapping
network with one hidden layer consisting of two tangent sigmoid neurons. The
neurons of the hidden layer were connected to the output layer of single linear
neuron. The symbolic diagram showing the architecture of the neural network used

in this study is shown in the Fig.4.

In the hidden layer, the value of the | neuron is H;, is computed in terms of

the input values x; by a tangent sigmoidal function as,

H; = 2/(1+exp(-2 * Net;))-1
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Where, Net; denotes the weighted sum of inputs for j™ hidden layer neuron which is

defined as

p
Net, = Z:Wjixi +9,,

Where W; denotes the weight between i™ input layer neuron & | hidden
layer, x; represents the i™ element of input pattern and 6; represents the bias weight

for the | hidden layer neuron. Now the output Y is computed as:
Y =WH, +W,H, +5

Wy & W, are the weights between output neuron and Hy & H; respectively

and 0 is the bias weight.

There are many back propagation training algorithms. We have used the
Resilient Back propagation algorithm (Riedmiller and Braun 1993) to train the
network. For each case, 20 model runs were made by changing the initial guess
values of weights. The predicted output was then assumed as the average of the
values obtained during the 20 independent model runs. For the development of the

ANN models we have used algorithms available in the Matlab software.

5. Results and Discussions
5.a. EMR Models

Fig.5a shows the R*plotted against the number of predictors for all possible
models (63 models) derived from the SET-I. Fig.5 a clearly shows that the increase
in the number of model predictors need not essentially improve the model
performance. Fig.5 b shows the same details like Fig.5a but for all possible models

from SET-Il. The Tables 4a & 4b respectively show the details of 5 best models

selected using the maximum R criteria.
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Further, the second task of identification of best development period was
undertaken. The RMSE and R were calculated for all the possible development
periods (8 to 35 years) for each of the 10 MR models listed in the Tables 4a & 4b.
Fig.6 shows the variation of R & RMSE with the development period for Model 4
shown in Table -4a, which has 5 predictors of SET-I as the input. It is seen that for
around 23 years of development period, the RMSE has its minimum value and the R
has maximum value indicating the best model performance around this period. Thus,
we can assume that the best model development period for this particular model
was around 23 vyears. Similar exercise on other models revealed that the
best/correct model development period for all the models were in general around 21-
25 years. To keep uniformity in the further analysis, we have taken 23 years as the

model development period for all the models.

For the independent verification of the models, independent forecasts were
generated with the retroactive technique with development period as 23 years. As
the data period of SET-l was 1951-2005, the independent predictions by
corresponding 5 best models were possible for the period of 32 years (1974 to
2005). In the case of SET-Il, as the data period was 1958-2005, the independent
predictions by the corresponding 5 best models were possible only for the period of
25 years (1981 to 2005).

Fig.7 shows the model predictions for the period 1974-2005 by the 5 EMR-1
models, and their ensemble average. Similarly, Fig.8 shows the model predictions
for the period 1981-2005 by the 5 EMR-Il models and their ensemble average.
Table-5 shows the model performance statistics of EMR-I and EMR-II models. As
seen in the Table-5, RMSE for the period 1981-2004 of the best 5 regression models
used in the EMR-I model varied in the range of 7.18-8.37 % of LPA. The RMSE of
the ensemble model was 7.54% of LPA. In the case of EMR-Il, the RMSE for the
same period (1981-2004) of the selected 5 best models was in the range of 5.91-
6.82 % of LPA and that of the ensemble forecast was 5.89 % of LPA. This indicates
that the performance of the EMR-Il and the individual MR models used in its
ensemble was better than that of EMR-I model and the individual MR models used

in its ensemble. The RMSE of predictions based on climatology was 10.3% of LPA.
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The climatological forecast for a given year was obtained as the average of ISMR
during the just preceding 23 years to a given year. Thus the performance of models

EMR-I & Il was far better than that of the model based on climatology.

As seen in the Fig.7, during all the extreme years like 1974, 1975, 1979,
1982, 1983, 1986, 1987, 2002 & 2004, both the individual predictions as well as their
ensemble average showed same sign as that of the actual ISMR. Even the
magnitudes were closer to actual values. But the actual advantage of the ensemble
forecast was more evident in the recent drought years of 2002 and 2004. In the case
of 2004, the individual ISMR forecasts by the best 5 MR models ranged from -8% to
-16%, whereas the ensemble forecast was -13%, which was closer to actual value.
In the case of 2002, two of the five MR model predictions for ISMR were in the range
of -1% to -2 % and the remaining MR model predictions were in the range of -7% to -
8%. The resultant ensemble average was -5%. Thus the ensemble method provides
practically better predictions then the individual MR models. However, there also
years like 1985, 1992, 1996 & 1997 when the sign of the ensemble average was
opposite to that of actual. Of these 4 years, during the latter two years both the

ensemble model forecast and actual ISMR values were close to zero.

As seen in the Fig.8, predictions from EMR-II as well as the individual MR
models in the ensemble showed same sign as that of the actual ISMR. The
magnitudes were also closer to actual values. However, in 3 years (1985, 1989 and
1997) the sign of the EMR-II predictions were opposite to that of the actual ISMR.
On comparing the Figures 8 & 9, it is clear that the year to year performance of
EMR-II during most of the years (particularly in recent years from 1998), was better
than that of EMR-I. This was also evident from model statistics presented in the
Table-5.

5.b. PCR Models

For the independent predictions using the PCR model, retro active technique
with development period of 23 years was used. The performance of the PCR-I &

PCR-Il models is shown in Fig.9. The corresponding model performance parameters
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are shown in Table-6. The RMSE calculated for the models PCR-I & PCR-II for the
common period of 1981-2004 were 7.93% and 6.23% respectively. This indicates
better performance of PCR-Il model in comparison to that of PCR-l. These RMSE
values were also smaller than the RMSE of the climatology based model. On
examining the Fig.9, it can be seen that both the models were able to predict the
correct sign as well as the magnitude of the ISMR during most of the years.
Particularly during the extreme monsoon rainfall years, the predictions were close to
actual value. However, the PCR-| failed to predict correct sign of the actual ISMR
during the years 1975, 1981, 1984 & 1992. The year 1975 was an excess monsoon
year and other three years were normal years. Similarly, the model PCR-II failed to
predict correct sign of the actual ISMR during the years 1981, 1985, 1989 & 1997,
which were all normal monsoon years. In the year 1993, when the actual value of
ISMR was 0, the PCR-I predicted positive sign; whereas the PCR-Il predicted
negative sign. However, 1998 onwards, both the models were able predict the sign
of the ISMR every year. Further, both these models were able to predict the recent
two drought years (2002 & 2004) correctly.

5.C. PPR Models

As in the case of EMR and PCR models, 23 years were taken as the

development period in the retro-active technique for the independent predictions by
PPR models. The relationship between the first projection predictor (Z, =« X) and
ISMR is shown in the Fig. 10a. It is clear that there is a linear relationship between

Z; and ISMR. However, relationship between the residual &(x)=Y - f,(a/ X)

obtained after removing the contribution of Z; in the predictand showed a nonlinear
relationship with the second projection predictor(Z, = a, X). This is depicted in

Fig.10b. Thus the first two most interesting projections of the predictor set
represented the linear and nonlinear relationships respectively between the ISMR
and the predictors. This is one of the import advantages of PPR models in

comparison to the models based on linear regression.

The model performance parameters of both the PPR models are given in the
Table-7. The RMSE calculated for the models PPR-I & PPR-II for the common
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period of 1981-2004 were 6.89% and 6.42% respectively. The year to year
performance of the PPR models is given in the Fig.11. As seen in Fig.11, both the
models were successful in predicting the ISMR during most of the years and
particularly during the extreme years. However, the PPR-I model failed to predict the
sign of ISMR correctly | four normal monsoon years (1981, 1992, 1996 & 1999).
Similarly, The PPR-Il model failed to correctly predict the sign of ISMR in three
normal monsoon years (1985, 1990 &1996). During the year 1993 (ISMR =0), the
sign of the predictions from both models were negative. On the other hand, during
1995 (ISMR=0), the sign of the predictions were positive. Like the EMR and PCR
models, the predictions by PPR models were all correct during the recent years. The
RMSE of predictions by both the models for the common period (1981-2004) were
smaller than that of the predictions by climatology based model. However, as seen
in the Table-7, the PPR-Il performed better than the PPR-I.

5.d. ANN Models

The performance of the ANN-I & ANN-II models is shown in Fig. 12. For ANN
models also, 23 years of data were used as the development period in the retro-
active technique. The performance parameters of the ANN models are shown in
Table-8. The RMSE of the predictions by the models ANN-I & ANN-II for the
common period 1981-2004 were 7.68% and 5.54% respectively. By taking other
model statistics given in the Table-8 also into account, it is clear that the
performance of ANN-II model was better than that of ANN-I. RMSE values of both
the ANN models were also smaller than the RMSE values of model based on

climatology.

Like PCR models, both the ANN models were able to make correct
predictions of ISMR during most of the years. Particularly during the extreme

monsoon rainfall years, the predictions were close to actual values.

6. Conclusions

As per the present operational Long Range Forecasting system, IMD issues

first stage forecast for the seasonal monsoon rainfall over the country as a whole in
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April and the second stage or update forecast in June. These forecasts are based on
the statistical models developed indigenously. Because of the inherent problems in
the statistical models such as epochal variation in the predictand-predictor
relationship, inter-correlation between the predictors, changing predictability etc.,
there is necessity of subjecting statistical models to a constant scrutiny and changes
if necessary (Rajeevan et al. 2004). The changes can be brought out by different
ways like changing the model size, use of new predictors, changing the combination
of the predictors, changing the model development period etc. The changes are
acceptable when the modified model shows better performance compared to the
existing model during a common test period. The continuing efforts towards this end
and attempt to adopt better statistical techniques have resulted in the development
of number of new models that make use novel statistical ideas for forecasting of

seasonal ISMR over the country as whole.

Four models namely EMR-I, PCR-I, PPR-I & ANN-I which were based on a
predictor set needing data up to March only were developed to support the first
stage forecast. Another four models namely EMR-II, PCR-Il, PPR-II & ANN-II based
on another data set requiring data up to May were developed to support the second
stage forecast. All the models showed good skill in forecasting the ISMR during most
of the years correctly. Particularly, during most of the extreme ISMR years, the
predicted ISMR was close to the actual value. All these models were also able to
correctly predict the recent two drought monsoon years (2002 & 2004). The RMSE
during the independent forecasting period for all the models (used for both first and
second stage forecast) was relatively smaller than that for the model based on
climatology. The models developed for the second stage or update forecast showed
better skill in predicting year to year variation of ISMR in comparison to that

developed for the first stage forecast.

This is the first time that the ensemble technique was applied in statistical
models for predicting ISMR. The use of ensemble average of predictions from the 5
best MR models having different predictor combinations as the final prediction
effectively reduces the error resulting from the use of single model that having lower
RMSE. However, it may be mentioned that the reduction of error by the combined

use of a set (ensemble) of models in place of a single model means only less
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chance of failure but no guarantee of correct forecasts in all the occasions. Here we
have used predictions from the best 5 models among all possible multiple regression
models. But other techniques such as neural network, projection pursuit regression
etc can also be used in place of multiple regression technique. We have already
made such experiments successfully and found that there are not much significant

changes from the results that we have presented here.

The PPR is a new nonparametric technique, used for the first time for the
prediction of ISMR. In this method, the ISMR was expressed as sum of two parts.
The first part was computed from the first most interesting projection that
represented the linear relationship between predictors and the predictand. The
second part was computed from the second most interesting projection that
represented non linear relationship between predictor and ISMR. lyengar and Ragu
Kanth (2003) suggested a method of separating the ISMR series into linear and non
linear parts using a decomposition technique and then predicting them individually.
But their method used the time series of ISMR itself only for this purpose and did not
use any predictor parameters. In the PPR method, the predictors (derived from
slowing varying boundary conditions) that having significant physical and statistical
relationship with ISMR were used to predict the linear and non linear parts of the
ISMR. Thus the PPR model is conceptually better placed to take into account the
real non linear relationship that may exist between the predictors and the predictand

while making prediction.

In both the PCR and ANN models, the use of selected PCs as the input was
to reduce the predictor dimension and effect due to the inter-correlation among the
predictors if any. Although the ANN method generally claims to have superior
properties such as adaptivity, robustness, ruggedness, speed (via massive
parallelism), non-linearity and optimality with respect to error compared to liner
regression the results in this study did not show much difference as far as the
prediction of the ISMR is concerned (see the figures 9 and 12) during the data
period considered here. However, it may be mentioned that in this study we have
used only a simple feed forward network having only a single hidden layer. Use of

more complex neural network with better error propagation algorithm may be able to
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account the variability more accurately but only at the cost of reduced degree of

freedom as the more complex network will add more nodes and more dimensions.

Availability of predictions from 4 different models for the similar period but
based on different techngiue provided us an ideal opportunity to try super ensemble
method of prediction like that proposed by Krishnamurti et al. (2000) for dynamical
models. The Fig.13 shows the super-ensemble prediction of ISMR for the first stage
forecasts derived as the average of the predictions generated from the EMR, PCR,
PPR and ANN the super-ensemble prediction of ISMR for the second stage
forecasts. Table-9 shows the model statistics of the super ensemble models for the
first stage and second stage forecasts. As seen in the Figures 13 & 14, noticeable
general improvement was not observed with super ensemble method over the
predictions by the individual models used in the super ensemble. However, as seen
in the Fig.13, in some years like 1984, 1993, 1996 & 1997, when the predictions
using the 4 different models showed large deviation on either side of the actual
values, the super ensemble average was closer to actual value. This only indicates
scope for the use of super ensemble technique in the predictions based on statistical
models if number of models is available in the ensemble and there is large deviation

in the predictions derived from these models.

It is interesting to note that we have used many predictors from Europe and
Atlantic Ocean for the development of LRF models. This is due to improved
statistical relationship of ISMR with the Atlantic and Europe climate anomalies.
Recent studies (Gadgil et al. 2003 and Gadgil et al. 2004) have shown the influence
of equatorial Indian Ocean on the variability of ISMR. We need to explore precursors
for the events in the equatorial Indian Ocean (like EQUINOO) to use as predictors in

the empirical models along with other ENSO-related predictors.

Experimental forecasts for 2005

In view of the satisfactory performance of these models during the recent
years, experimental forecasts for the year 2005 were generated. To generate
ensemble forecast (using EMR-I) for the year 2005, the best models were derived

using data of 1951-2000 as we discussed earlier. Similarly, the best models for
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EMR-II were based on the data of 1958-2000. The forecasts for the 2005 monsoon
season are shown in Table -10. As seen in the Table-10, the first stage forecasts by
various models varied from 101 to 103 and the second stage forecasts varied from
102 to 107.

Various components of the Indian monsoon exhibit significant inter-decadal
variability (see the references given in Goswami, 2005). Modulation of inter-annual
variability by the inter-decadal variability influences predictability of the seasonal
mean monsoon (Goswami 2005). A recent study by Goswami (2004) revealed that
potential predictability of monthly mean summer monsoon climate has decreased by
almost a factor of two during the recent decades (1980s and 1990s) compared to the
decades of 1950s and 1960s associated with the major inter-decadal transition of
climate in mid 1970s. Therefore, to generate forecasts for 2005 monsoon using the
latest data, say after mid 1970s, we have done yet another experiment. We
generated the first and second stage forecasts for the year 2005 using the following
steps. i) Best models were identified by Jacknife method using predictor series of
latest 23 years (1982-2004) and ii) the ensemble forecast was computed as the
simple average of the predictions using the selected 5 models. We found that the
selected 5 models were entirely different from the best five models shown in the
Tables-4a and 4b. The first stage forecast for the year 2005 using new EMR-I was
100% and that for the second stage forecast using new EMR-Il was 103% of LPA.
For the PPR model, corresponding forecasts were 98% and 102% of LPA

respectively.

Preliminary forecasts from these experimental models were included in the
official press releases made by IMD on the long range forecasts for the 2005

southwest monsoon rainfall (http://www.imd.ernet.in).
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Table - 1 : Details of Predictors used for First Stage Forecast (SET-I)

. Spatial C.C with ISMR
No. Parameter Period Domain (1951-2000)
, 20N-30N,
A1 | North Atlantic SST Anomaly | DEC+JAN 100W-80W -0.40
Equatorial SE Indian Ocean 20S-10S,
A2 SST Anomaly FEB+MAR 100E-120E 045
East Asia Surface Pressure 35N-45N,
A3 Anomaly FEB*MAR | 120E-140E 0.39
Ad Europe Land Surface Air JAN 5 Stations 0.34
Temperature Anomaly
A5 Northwest Europe surface | DJF(0)— | 65N-75N, -0.40
Pressure Ano. Tendency | SON (-1) 20E-40E '
Warm Water Volume 5S-5N,
A6 Anomaly FEBHMAR [ 120E-80W 037

Table — 2 : Details of Predictors used for Second Stage Forecast (SET-II)

: Spatial C.C with ISMR
No. Parameter Period Domain (1951-2000)

, 20N-30N,

J1 | North Atlantic SST Anomaly | DEC+JAN 100W-80W -0.40
Equatorial SE Indian Ocean 20S-10S,

2 SST Anomaly FEB*MAR | 100E-120E 045
East Asia Surface Pressure 35N-45N,

I3 Anomaly FEB*MAR | 120E-140E 033

4 Nino3.4 SST Anomaly MAM(O) - 5S-5N, -0.40

Tendency DJF(0) | 170W-120W '

North Atlantic Pressure 35N-45N,

IS Anomaly May | sow-1ow 030
North Central Pacific Zonal 5N-15N,

J6 Wind Anomaly at 850hpa May 180E-150W 040
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Table - 3 : Inter-correlation among the predictors used in SET-I & SET-Il. For the computation of
the C.Cs the data for the period 1958-2000 were used. C.C. values significant at and above 5%
level are shown in bold letters.

A11J1 | A2/J2 | A3/J3 | A4 A5 A6 J4 J5 J6
A1/J1 | 1.00
A2/J2 | 0.02 1.00
A3/J3 | -0.29 0.18 1.00
A4 -0.04 0.16 0.23 1.00
A5 0.05 -0.06 0.04 -0.69 1.00
A6 0.22 -0.47 | -0.07 | -0.06 | -0.01 1.00

J4 0.24 -0.53 -0.18 -0.14 -0.03 0.61 1.00

J5 0.22 -0.06 -0.17 -0.39 0.46 0.21 0.01 1.00

J6 0.08 -0.47 -0.04 -0.20 0.06 0.17 0.12 0.03 1.00

Table - 4a : Best 5 models selected by Jacknife method on SET -I and their
error statistics for the period 1951-2000.

. No of _ Error Measures
Regression Model Predictors Predictors _ (1951-2000)
R RMSE R
Model 1 4 A1, A2, Adand A5 0.47 7.59 0.71
Model 2 3 A1, A2 and A5 0.43 7.91 0.68
Model 3 5 A1, A2, A3, A4 and A5 043 7.76 0.70
Model 4 5 A1, A2, A3, A5 and A6 043 7.75 0.70
Model 5 4 A1, A2, A4, and A6 0.40 8.02 0.67

Table - 4b : Best 5 models selected by Jacknife method on SET -ll and their error
statistics for the period 1958-2000.

No of Error Measures
Regression Model |Predictors Predictors (1958-2000)
R RMSE R
Model 1 5 J1,J3, J4, J5and J6 0.56 6.76 0.78
Model 2 4 J1,J3,J4 and J5 0.55 6.88 0.77
Model 3 5 J1,J2,J3, J5and J6 0.55 6.80 0.78
Model 4 6 J1,J2,J3,J4,J5and J6 | 0.95 6.74 0.78
Model 5 4 J1,J2, J5and J6 0.54 6.99 0.76
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Table - 5 : Model statistics of the Ensemble Multiple Regression Models (EMR-I and EMR-II).
The combination of predictors in the selected 5 MR models used for
the ensemble models are given in Table-3 a & b.

EMR -1 EMR -1l
. Bias | RMSE
c.C Bias RMSE | cc | (%of | (% of

() (o)
(% of LPA) | (% of LPA) LPA) | LPA

1974- | 1981- | 1974- | 1981- | 1974- | 1981- | 1981- | 1981- | 1981-
2004 | 2004 | 2004 | 2004 | 2004 | 2004 | 2004 | 2004 | 2004

Model

Model 1 0.84 | 0.84 | 256 | 411 | 6.78 | 7.34 | 0.81 | -1.25 | 6.04

Model 2 0.82 | 0.80 | 342 | 467 | 7.27 | 796 | 0.73 | -0.08 | 6.82

Model 3 0.85 | 084 | 235 | 3.80 | 6.94 | 7.73 | 0.76 | 0.53 | 6.67

Model 4 0.82 | 086 | 252 | 412 | 6.79 | 7.18 | 0.83 | -0.99 | 5.91

Model 5 0.85 | 0.81 | 3.22 | 454 | 741 | 837 | 0.78 | 1.26 | 6.60

Ensemble | 0.84 | 0.84 | 2.81 | 4.23 | 6.82 | 7.54 | 0.81 | -0.10 | 5.89

Table - 6 : Model statistics of the Principle Component Regression Models (PCR-l and PCR-Il).

Model Performance Parameters

Bias RMSE
Model C.C (% of LPA) (% of LPA)
1974- | 1981- | 1974- | 1981- | 1974- | 1981-
2004 | 2004 | 2004 | 2004 | 2004 | 2004
PCR1 | 0.81 | 086 | 3.85 | 552 | 7.63 | 7.93
PCR-I 0.81 0.47 6.23

Table — 7 : Model statistics of the Projection Pursuit Regression Models (PPR-I and PPR-l).

Model Performance Parameters

Bias RMSE
(% of LPA) (% of LPA)

1974- | 1981- | 1974- | 1981- | 1974- | 1981-
2004 | 2004 | 2004 | 2004 | 2004 2004
PPR-I 0.81 0.82 | 152 | 3.03 | 6.70 6.89
PPR-II 0.78 -0.92 6.42

Model c.C
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Table - 8: Model statistics of the Artificial Neural Network Models (ANN-I and ANN-II).

Model Performance Parameters
Bias RMSE
Model c.c (% of LPA) (% of LPA)
1974- | 1981- | 1974- | 1981- | 1974- 1981-
2004 | 2004 | 2004 | 2004 2004 2004
ANN-| 0.79 0.80 3.4 4.84 7.32 7.68
ANN-II 0.83 -0.25 5.54

Table - 9: Model statistics of the Super Ensemble Models (SEM-I and SEM-II).

Model Performance Parameters
Bias RMSE
Model c.c (% of LPA) (% of LPA)
1974- | 1981- | 1974- | 1981- | 1974- 1981-
2004 | 2004 | 2004 | 2004 2004 2004
first Stage | 0.84 | 0.86 289 | 4.44 6.51 6.88
secondStage 0.83 -0.20 5.69

Table - 10: Experimental forecasts for the 2005 Seasonal (June -September) Indian Summer
Monsoon Rainfall for the country as whole by various models developed in the study.

first Stage | secondStage
Model Forecast Forecast
(% of LPA) (% of LPA)

Empirical Multiple Regression (EMR) 101 102
Principle Component Regression (PCR) 103 104
Projection Pursuit Regression (PPR) 101 107
Artificial Neural Network (ANN) 103 104
Super Ensemble Model (SEM) 102 104
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The predictions were done using retro-active technique

PERFORMANCE OF ENSEMBLE MODEL : APRIL FORECASTS

1974

2002
2004

© © (=] o g © © (=] N g ©0 -] (=]
S S 3 3 3 3 3 3 3 3 3 3 ]
I ACTUAL ENS_AVE
—/— MODELA1 MODEL2
—*— MODEL3 —e—MODEL4
— —+— MODEL5
Fig. 7. Performance of Ensemble MR Model for April Forecasts

45



RAINFALL (% DEP. FROM LPA)

RAINFALL (% DEP. FROM LPA)

N
(5]

N
o
L

-
o
L

=N
o

a
L

o
I

'
(3]
I

[

-

o
L

'

=N

(5]
I

N
o

N
@

N
=]

-
(3]
L

=y
o

(3]
I

o
I

'
[3,]
I

-
o
L

=N
[3,]

R
S
!

3
N
[3,]

PERFORMANCE OF ENSEMBLE MODEL: JUNE FORECASTS

888
—— ACTUAL ENS_AVE
—Z/—MODEL1 MODEL2
—*— MODEL3 —e— MODEL4
— —-+— MODEL5
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