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The Indian summer monsoon rainfall during the months June, July, August and September (JJAS) has been classified into seven 
climatic zones, according to standard precipitation index. Prediction of rainfall within the six hydrological zones of India was 
attempted with the oceanic predictors, which highly influence the terrestrial precipitation, such as Sea Surface Temperature 
(SST), Sea Level Pressure (SLP), Humidity and zonal and meridional components of Surface Wind (u and v) to quantify the 
rainfall amounts by clustering based artificial neural networks for the distinguishable dry and wet years. In the present analysis, 
we have used data for the period 1960 – 2012, which incidentally had several extreme events (of drought and flood conditions) 
over the Indian subcontinent. Next, the results indicate that the predicted values are well comparable with the actual measured 
values proving the usefulness of this approach. In addition, this approach has improved upon the past and recent attempts to 
model rainfall (including extreme cases) which in turn will have a significant impact on farmers and agriculturists.  
 
[Keywords : Hydrological Zones, Monsoon Rainfall, Clustering, Artificial Neural Networks, Self-organizing Map, Standard 
Precipitation Index] 
 
Introduction 

The Indian monsoon is of historical importance 
to both people of the Indian subcontinent and to 
the ecosystem of Indian Ocean1. Krishna Kumar 
et al. have made a detailed review on seasonal 
forecasting of Indian summer monsoon rainfall 
(ISMR)2. Many attempts were thenceforth 
carried out towards improved understanding of 
this phenomenon in totality with the aid of 
advanced regression and parametric models 
aimed at long range prediction. Once the 
limitations of these statistical methods were 
recognized, attempts were made to develop 
better models using tools like - Artificial Neural 
Networks (ANN), which have the capability to 
capture the patterns hidden in data sets and 
therefore are applied for classification and 
prediction. Guhathakurta et al. developed a 
hybrid principal component model using 8 
parameters3. They used 30 years data (1958-87) 
for training and 10 years (1988-97) for 
validation and the resulting RMSE was found to 
be 4.93%. Nagesh Kumar et al. developed an 

artificial intelligent model for rainfall 
forecasting of Orissa state on monthly and 
seasonal bases4. The empirical method based on 
time series analysis on the other hand uses only 
the past rainfall data and does not use any 
predictors5. Venkateswan et al. have predicted 
Indian monsoon rainfall with the help of certain 
predictors and compared the results with linear 
regression techniques6. Sahai et al. applied 
ANN techniques to the monthly time series 
rainfall data of June, July, August and 
September and observed that ANN gave better 
results than regression models7. Iyengar and 
Raghunath too used ANN for predicting ISMR 
wherein they first divided the whole time series 
into linear and nonlinear parts and then applied 
ANN to the nonlinear part8. These attempts 
were mostly carried out for the whole of India 
and have led to limited predictive results.  
During 1965 and 1966, major parts of India 
were under prolonged and severe drought 
conditions due to deficient monsoon rainfall. 
The Drought Research Unit (DRU) of India 
started conducting studies on different aspects 
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of the Drought Standardized Precipitation Index 
(SPI) developed by Mckee et al.9. The SPI is a 
tool developed for monitoring drought and is 
based on the precipitation data. According to  
the DRU and the Indian Meteorological 
Department (IMD), the years 1965, 1966, 1972, 
1974, 1979, 1982, 1986, 1987, 2002 and 2004 
were identified  as dry/drought/deficit years and 
1961, 1970, 1975, 1983, 1988 and 1994 as 
wet/flood/excess years10. Maya et al. have 
developed a model for long range forecast 
within 10x10 grid of Indian sub-continent for the 
south-west ISMR using the ANN technique11. 
The present work is a further extension of this 
model to predict rainfall in the six hydrological 
climate zones of India and re-identify the 
drought/flood years already categorized 
according to the SPI classification, for its 
successful prediction.  

The empirical forecasting of Indian monsoon 
rainfall had been performed using combinations 
of climatic parameters, such as the atmospheric 
pressure, wind, sea surface temperature (SST), 
snow cover and the phase of El Niño–Southern 
Oscillation (ENSO)5. The regression models 
have been able to predict 60–80% of the total 
seasonal Indian rainfall by the month of May 
preceding the summer monsoon7. In these 
studies, the SST is an important oceanic 
parameter as it directly influences the air-sea 
exchange of heat. Additionally, we have also 
considered the parameters, sea level pressure 
(SLP), humidity, zonal (u) and meridional (v) 
winds for the prediction of rainfall in six 
divisions within India.  

Hydrological Climatic Zones of India 

On the basis of rainfall distribution and other 
meteorological parameters, India has been 
divided into different homogeneous sub-
divisions. Using rainfall data of stations for the 
period 1901-1950, the IMD has published a 
comprehensive Rainfall Atlas of India in 1981, 
which contains 98 maps on different aspects of 
rainfall distribution. According to Koppen 
classification, India is divided into six 
hydrological climatic zones, namely Desert, 
Semi Arid, Hill type, Humid Subtropical, 
Tropical wet and dry and Tropical wet12 (see 
Fig. 1).  The rainfall data for Indian 
subcontinent fall within a total of 347 grids of 10 
x 10. The Desert region (55 grids) consists 
mainly of Rajasthan and falls within 23.50 to 
31.50 N and 69.50 to 75.50E. Parts of Gujarat and 

Karnataka constitute the Semi Arid region of 94 
grids (8.50 to 32.50 N; 70.50 to 79.50 E).  The 
Hill type consists of 51 grids covering Himachal 
Pradesh and Arunachal Pradesh (26.50 to 36.50 
N; 80.50 to 97.50E). The Humid Sub tropical 
consists of Uttar Pradesh having 108 grids 
(21.50 to 31.50 N; 77.50 to 97.50E). The Tropical 
wet and dry includes the states of Tamil Nadu 
and Andhra Pradesh having 104 grids (11.50 to 
23.50 N; 76.50 to 88.50 E).  Kerala and Goa 
constitute 67 grids of Tropical Wet (8.50 to 
21.50 N & 69.50 to 78.50E). 

 

Fig. 1: Hydrological regimes of India [Indian Climatic 
Zone Map, after Koppen (Heitzman and Worden, 1996)12.] 

Materials and methods 

Data  

The inputs needed for the present study such as 
SST, SLP, humidity and the zonal (U) and 
meridional  (V) winds for the Indian ocean (IO) 
region (300S- 300N and 400E- 1200E) were 
extracted from the International Comprehensive 

Ocean-Atmosphere Data Set (ICOADS) sourced 
from site www.esrl.noaa.gov/psd/ 
data/gridded/data.coads.1deg.html in 10 x 10 
grid (60 x 80 grids)13. They have prepared it for 
10x10 boxes since 1960, after the climatological 
outlier trimming14. The variables are 
summarized with a set of 10 statistics, namely 
mean, median and the number of observations15. 
These attributes during the pre-monsoon 
months, viz. March, April and May (MAM) act 
as inputs for the neural network. The daily 10x10 

gridded rainfall data16 were collected from the 
IMD site (http://www.imdpune.gov.in) for the 
period 1960-2004 for the monsoon months, June 
to September (JJAS); and were subsequently 
updated to the year, 201217. 
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Clustering Approach  

We employ clustering to improve the 
understanding of climatic processes, since it is 
difficult to analyze and understand large data 
sets; in order to assess the quality of climate 
model results and to identify prevailing system 
features and their scales for atmospheric 
regimes18, this approach was found effective.  
The goal here is to discover the underlying 
structure within the data. Kohonon's Self 
Organizing Maps (SOM) is a clustering and data 
visualization technique based on neural 
networks in which the networks learn to form 
their own classifications of the training data 
without the help of a supervisor and is referred 
to as unsupervised learning.  Based on ANN, 
the most common neural network model is the 
Multi Layer Perceptron (MLP).  

Cluster Validation 

There are several cluster validity measurement 
techniques proposed by different authors19. The 
criteria widely accepted among them for 
partitioning a data set into a number of clusters 
are: a) the separation of clusters and b) the 
compactness. Halkidi et al. define the clustering 
validity index, S_Dbw based on the cluster’s 
compactness (in terms of intra-cluster variance) 
and the density between clusters (in terms of 
inter-cluster density)20. 

Inter-Cluster Density (ID) - It evaluates the 
average density in the region among clusters in 
relation with the density of clusters. 
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Intra-cluster variance – The average scattering 
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The cluster number that minimizes the above 
index has been considered as the optimal value 
and is used in the present study. 
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Standard Precipitation Index (SPI) 

The meteorological droughts are classified into 
(a) moderate and (b) severe based on rainfall 
deficiency, i.e. 26 to 50% and more than 50% 
respectively. As SPI values fit a typical normal 
distribution (see Fig. 2), we expect these values 
to be within one standard deviation 
approximately 68% of time, within two standard 
deviations, 95% of time and within three 
standard deviations, 99% of the time22.. Table1 
shows the classification of rainfall using rainfall 
values. 

Methodology 

To preserve consistency, the inputs are 
preprocessed and the missing values are filled 
via spline interpolation. The parameters, viz. 
SST, SLP, humidity, u wind and v wind of the 
whole Indian Ocean act as inputs for the 
network. The target data, rainfall is clustered 
using an unsupervised visualization technique 
called SOM. By attempting so, each object in 
the data set is assigned to the centroid which is 
the best approximation of that object23, 24. The 
whole data is divided into 6 hydrological 
climatic zones of 10x10 grids. The 5 inputs are 
fed to the network to predict rainfall in each grid 
for all 6 regions. Forty years (1960-1999) of 
data are used for training, eight years for 
validation (2000-2007) and five years (2008-
2012) for testing. The numerical simulations 
were carried out for different cluster numbers 
ranging from 2 to 20 via two different cluster 
validation techniques and the error was found to 
be minimum for 10 clusters [shown in bold in 
Table 2]. The training of the network was 
carried out using 40 hidden neurons and each 
neuron in the network used a Levenberg - 
Marquardt activation function. The respective 
nets were generated using the feed-forward back 
propagation algorithm and the net converged 
after 500 iterations. The correlation between the 
observed and predicted clusters used in training 
was found to be 0.785 at 99 % level of 
confidence. Once the network was trained, it 
was used to predict the rainfall for the years, 
2008-2012. The actual and predicted clusters for 
this period have a correlation coefficient of 
0.427 at 99% level of confidence. The predicted 
output  is further classified  according to Table 
125. 

 

Fig. 2: The Normal distribution curve drawn in MATLAB. 

 

Table1: Standard Precipitation Index classification.    

Performance Analysis 

The performance of the proposed model is 
evaluated using the following parameters: 

a) Correlation Coefficient 
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where   iO , iP  are the observed and the 
predicted values of rainfall for the year i 
respectively and n is the total number of 
years to be predicted. 

b)Root Mean Square Error 

 
 

2ˆ
i iy y

RMSE
N



      

 where iy  are the observed values, ˆ
iy  are the 

predicted values for rainfall and N  is the 
number of observations.  

c) The normalized root-mean-square error 
(NRMSE) is the RMSE divided by the range of  

 

INDEX INTERPRETATION

>2.0 Extremely wet

1.5 t0 1.99 Very wet

1 to 1.49 Moderately wet

-0.99 to 0.99 Near Normal

-1.0 to – 1.49 Moderately dry

-1.5 to -1.99 Severely dry

< -2 Extremely dry
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observed values of a variable being predicted 
and is expressed as a percentage. 

max min

RMSE
NRMSE

x x



   where maxx and minx

are the maximum  and  minimum of the 
observed values. 

Results and Discussion 

We have been able to predict rainfall of 10x10 

grids within six hydrological climatic zones of 
India using a set of pre-defined parameters from 
the Indian Ocean, by employing clustering. In 
order to verify cluster validity, two approaches 
were attempted, namely the S_Dbw and the 
Silhoutte coefficient; 10 was chosen to be the 
optimized cluster number11 and further 
processing of rainfall data yielded significant 
results pertaining to drought and flood years, 
which are considered as extreme events in 
hydrology. 

Applying this model, we could also very well 
predict the outcome during these years. Table 3 
shows the error percentage in the prediction of 
rainfall for the drought and flood years obtained 
from the proposed model. We find that the error 
percentage for 8 out of 10 years is within 10% 
which is a commendable result. However, in the 
case of flood years, the model holds 
considerably better results with errors less than 
12% [5 out of 7].  Further, the offshoot of 27% 
in 2002 is a result of an isolated severe drought 
year, beyond the expected range of occurrence. 
As with regard to flood years, the off-set is 
limited to 15% or less among the two instances 
in 1961 and 1994.    

Table 4 shows the correlation between the 
observed and predicted clusters for the drought 
years at  0.01 level of significance. The values 
indicate good correlation in most instances [> 
0.70], except for the years 2002 and 2004. This 
shows that the cluster approach is an acceptable 
tool for forecasting. Table 5 gives the range of 
rainfall values included in each cluster and the 
respective centroid. This table has relevance to 
Figs. 3, 6, 4 and 5 which show the observed and 
predicted clusters of the ISMR for the years 
1960 and 2007- both normal years, 1970 - a  

 

 

flood year and 2002 - a drought year, 
respectively. From the figures, it is observed 
that for the normal years, 1960 and 2007 the 
observed and predicted match extremely well 
for 4 hydrological zones namely, Tropical Wet, 
Desert, Hill Type and Humid subtropical; to a 
certain extent cluster based prediction for the 
year 2007 indicates prevalence of dry conditions 
extending towards Central India against lesser 
prediction values but vice versa for the Southern 
Peninsular regions. The percentage error and the 
correlation coefficient for the year 1960 are 
19% and 0.843 respectively, while for the year 
2007 are 32% and 0.545 respectively. The year 
1970 which was categorized under flood year 
exhibits highly acceptable results when 
comparing predicted values to those of observed 
on clusters except for a few (say, 4 - 5) grids of 
Central Eastern India. Most of the locations 
indicate compatibility. With intent, the extreme 
drought year of 2002 has been studied for 
predictive purpose and the same is compared 
with the observed (see Fig. 5). Whereas the 
Desert and Humid Sub Tropical regions do 
indicate promise, parts of Southern India and 
Hill Type regions in the northernmost sector fail 
to create matching responses.  Nevertheless, the 
approach does not fail to satisfy events in the 
rest of the 3 hydrological zones. Figure 7 shows 
the observed and predicted clusters for the year 
2012, which is one of the years used for testing 
the model; the error percentage and the 
correlation coefficient are 19% and 0.626 
respectively. This analysis again is a clear 
indicator of the predictive exercises that an 
ANN can support. Also, 4 hydrological zones 
indicate proven comparison with good cluster 
matching. We propose that the said 
mathematical tool apart from analyzing normal 
or near normal events, could also be applied to 
predict extreme events and in cases of drought, 
better applicability is achieved compared to 
reasonable accuracies in the case of flood 
events. The statistics of the results obtained for 
the training and the test data are depicted in 
Table 6 to further justify the approach adopted 
in this study. As a precursor to the rainfall 
instances, the oceanic state analyzed through 
measurable known variables, will be of 
immense value to an agro based nation like 
India. 
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Table 2: Optimal partitioning found by S_Dbw index and 
Silhoutte coefficient 

 

 

Table 3: Percentage errors in drought and flood years 

 

 

 

Table 4:  Correlation coefficient between the observed and 
predicted clusters at 99 % level of confidence. 

 

 

 

Fig. 3: Observed and predicted clusters representing 
rainfall for the year 1960. 

 

Fig. 4: Observed and predicted clusters representing 
rainfall for the year 1970. 

Number of 
clusters S_Dbw Silhoutte 

coefficient

2 1.8319 -0.4999
3 1.7252 0.2309
4 1.6237 0.4872
5 1.4794 0.7337
6 1.49 0.8016
7 1.5795 0.8453
8 1.4264 0.8915
9 1.3997 0.9245

10 1.3851 0.9444
11 1.7801 0.9463
12 2.4703 0.9121
13 NAN 0.9126
14 2.1425 0.9299
15 2.0444 0.9571
16 1.8905 0.9384
17 1.7894 0.9067
18 1.7315 0.9764
19 1.6489 0.9587
20 1.5692 0.9837

Drought Error  % Observed Predicted Flood Error % Observed Predicted

Years seasonal Seasonal Years sesaonal seasonal 

rainfall (mm) rainfall( mm) rainfall (mm) rainfall (mm)

   

1965 5.60% 12542.8 13738.48 1961 15% 17012.04 15814.83

1966 6.20% 13852.43 14240.03 1970 8% 16515.03 16046.44

1972 9.10% 10937.51 13333.99 1971 10% 15545.61 16315.69

1974 5.60% 14439.39 14298.04 1975 11.80% 16592.09 17013.6

1979 9.10% 12258.17 13520.29 1983 8.50% 16274.9 15035.23

1982 9.80% 12781.56 14214.79 1988 11% 16816.3 15552.18

1986 6.60% 13444.91 14590.73 1994 13.80% 15517 15485.11

1987 10% 12583.22 13485.87

2002 27% 11535.85 15406.84

2004 16.90% 13299.29 15582.12

Drought Correlation Flood Correlation

Years coefficient Years coefficient 

1965 0.872 1961 0.771

1966 0.852 1970 0.857

1972 0.815 1971 0.792

1974 0.861 1975 0.745

1979 0.843 1983 0.816

1982 0.721 1988 0.772

1986 0.893 1994 0.861

1987 0.763

2002 0.686

2004 0.524
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Fig. 5: Observed and predicted clusters representing 
rainfall for the year 2002. 

 

Fig. 6: Observed and predicted clusters representing 
rainfall for the year 2007. 

 

Table 5:  Range of values of the clusters and the centroids 
covering the full period 1960- 2012. 

 

 

 

 

Table 6: Statistics of the results obtained for the training 
and the test data 

 

 

 

Fig.7: Observed and predicted rainfall in clusters for the 
year 2012. 

 

Clusters Range of values Centroid

in which the 

clusters lie 

C1 [ 116.55, 188.90] 129.74

C2 [89.80, 114.69 ] 101.06

C3 [69.90,  88.85] 78.4

C4 [53.52,  69.68] 60.9

C5 [41.76,  53.89] 46.8

C6 [32.59,  41.74] 36.7

C7 [24.62,  32.59] 28.47

C8 [16.97,  24.62] 20.7

C9 [9.30, 16.97] 13.17

C10 [0.02,  9.30] 5.4

STATISTICS DESERT HILL SEMI HUMID SUB TROPICAL TROPICAL 

Seasonal rainfall (JJAS) TYPE ARID TROPICAL WET WET & DRY

TRAINING DATA

Mean observed (mm) 12.84 44.05 21.05 40.86 33.56 24.8

Mean predicted (mm) 13.63 46.22 22.65 41.08 33.92 25.3

SD observed (mm) 8.36 32.18 11.65 24.01 31.26 14.4

SD predicted (mm) 9.61 33.18 15.42 25.75 32.02 16.64

CC between  the actual and predicted rainfall 0.56 0.75 0.56 0.69 0.88 0.62

CC between the actual and predicted clusters 0.59 0.77 0.61 0.69 0.88 0.67

RMSE (mm) 8.57 23.17 13.2 19.6 15.47 12.3

NRMSE 0.14 0.12 0.09 0.1 0.09 0.11

TEST DATA

Mean observed (mm) 14.68 38.42 22.1 38.06 35.7 27.27

Mean predicted (mm) 13.45 44.88 23.09 41.77 34.03 28.43

SD observed (mm) 8.44 33.06 12.73 19.98 34.34 12.32

SD predicted (mm) 12.16 35.69 20.92 31.32 32.77 21.73

CC between  the actual and predicted rainfall 0.28 0.42 0.26 0.42 0.74 0.33

CC between the actual and predicted clusters 0.25 0.46 0.24 0.33 0.74 0.36

RMSE (mm) 11.27 36.3 21.45 29.39 24.08 21.12

NRMSE 0.25 0.23 0.23 0.19 0.15 0.36
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Table 7: Comparison of experimental results of the 
proposed model and the model for training and test data 
after Singh and Bhogeswar (2013)26 

                                               Seasonal rainfall 
(mm) 
                                 
Proposed model  

Singh and 
Bhogeswar ( 2013) 

model 
 Mean 

obser
ved  

Mean  
predic
ted 

 Mean 
obser
ved  

Mean 
predic
ted 

Train
ing 
data      
(1960

-
2007) 

1074.
42                          

1113.
72 

Train
ing 
data       
(1876

-
1960) 

855.3
0                               

852.4
0 

Test 
data            
(2008

-
2012) 

1017.
54                        

1106.
82 

Test 
data    
(1961

-
2010) 

833.0
3                     

825.9
5 

 
Conclusion 
 

The Indian ocean state variables have a high 
influence on the Indian monsoon rainfall which 
can be beneficially used for studies in prediction 
[of rainfall] within the different hydrological 
climatic zones using artificial neural networks; 
the 7 classifications, based on the SPI obtained 
from IMD were more helpful in this respect. 
The model predicts well for almost all grids of 
the hydrological regimes of India [refer to table 
3, providing direct results on the actual and the 
predicted. The drought years have a better 
correlation coefficient of more than 0.70 at 99% 
level of confidence. The minimum rainfall year, 
1972 and the maximum rainfall year, 
1961during the period 1960-2012 have 
correlation coefficient 0.815 and 0.771 and 
could be predicted well with an error of only 9% 
and 15% respectively (Table3). Past and recent 
studies in this context indicate an overall 
improvement in prediction in terms of 
application of newer tools as well as in data 
mining, apart from computing rainfall values 
closer to actuals: the works by Guhathakurta, 
Sahai et al., Iyengar et al., and Pritpal et al., 
have made significant contributions3,7,8,26. For 
example, tables 6 and 7 indicate the statistics of 
the results obtained for the training and the test 
data pertaining to this study as well as from 
recent and past publications respectively and it 
is very obvious that the outcome from this study 
utilizing ocean based predictors for each of the 

hydrological zones will serve the intended 
purpose to a better extent. This study focused on 
extreme events, are thus more relevant in the 
context of rainfall analyzes to mitigate 
hazardous conditions which may prevail on 
either case of drought or flood, within a 
homogenous division. We wish to point out that 
the RMSE,  one among many indicators is 
helpful to reach a decisive conclusion. 
Therefore the model can be used to forecast 
Indian monsoon using the pre-monsoon Indian 
Ocean parameters, even for cases of drought and 
flood. To conclude, the model also shows good 
results for almost all grids, especially for the 
drought years and for the case tested in normal 
years too. 
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