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Abstract— In this paper we discuss a data mining application 

for predicting peninsular Indian summer monsoon rainfall, 

and propose an algorithm that combine data mining and 

statistical techniques. We select likely predictors based on 

association rules that have the highest confidence levels. We 

then cluster the selected predictors to reduce their dimensions 

and use cluster membership values for classification. We 

derive the predictors from local conditions in southern India, 

including mean sea level pressure, wind speed, and maximum 

and minimum temperatures. The global condition variables 

include southern oscillation and Indian Ocean dipole 

conditions. The algorithm predicts rainfall in five categories: 

Flood, Excess, Normal, Deficit and Drought. We use closed 

itemset mining, cluster membership calculations and a 

multilayer perceptron function in the algorithm to predict 

monsoon rainfall in peninsular India. Using Indian Institute 

of Tropical Meteorology data, we found the prediction 

accuracy of our proposed approach to be exceptionally good. 

Key words: Closed Itemsets, Association Rules, Cluster 

Membership, Dense Datasets, Peninsular Indian Summer 

Monsoon Rainfall Prediction 

I. INTRODUCTION 

The Indian summer monsoon is an important phenomenon 

that aff ects the agriculture sector, contributes significantly to 

India’s gross domestic product (GDP), and plays a major role 

in socioeconomic growth. Indian summer monsoon rainfall 

(ISMR) occurs in the months of June, July, August, and 

September (JJAS). Due to its importance to India’s 

development as well as an indicator of global climate eff ects, 

its prediction is of great interest to the people in the 

subcontinent and to the global communities. To facilitate 

ISMR prediction, the country has been classified into four 

geographically homogeneous rainfall regions, including 

Northwest India, Central India, Northeast India, and South 

Peninsular India. Long-range ISMR forecasts for each region 

are made prior to the season. 

Since the earliest days of ISMR forecasting for 

India’s subdivisions, those made for peninsular India and 

Northwest India have not been as accurate as those for the 

other regions. While ISMR prediction research has been 

carried out worldwide, the behavior of the ISMR is only 

partially understood and has been consistently difficult to 

predict. This being the case, predictions for scaled-down 

geographical units such as the four regions noted above are 

complex and even more difficult. Despite all the eff orts, 

Peninsular Indian summer monsoon rainfall (PISMR) model 

development is considered to be in its infancy and there is 

wide scope for the development of new prediction models and 

predictors (Satishkumar and Maity, 2012). 

In this paper, we present a model and a set of 

selected predictors for better predicting PISMR. Based on our 

correlation analysis results, we also suggest a few additional 

PISMR predictors. The proposed algo-rithm predicts the 

PISMR with considerably good accuracy. This paper is 

further organized as follows- in Section 2, we present a 

literature review, in Section 3 we discuss the predictors we 

considered and their relevance, our database and data sources, 

the calculations performed, and the algorithm used, as well as 

our techniques. In Section 4, we present selected association 

rules, clustering results, and prediction results and in Section 

5 we summarize and draw our conclusions. 

II. LITERATURE REVIEW 

The India Meteorological Department (IMD) was established 

in 1875 to study climate-related issues in the Indian context. 

One of the important reasons for its establishment was the 

study of rainfall history and the prediction of monsoon 

rainfall in India. Research on the prediction of SMR includes 

two important aspects: the identification of predictors or 

features and the technique used for prediction. Blanford was 

the first to predict ISMR, and used the extent and thickness 

of the Himalayan snows as predictors for forecasting 

monsoon. Later (Lockyer, 1904) discovered three large-scale 

pressure seesaw patterns - the North Atlantic Oscillation 

(NAO), North Pacific Oscillation (NPO) and El Niño 

Southern Oscillation (ENSO). The ENSO was of particular 

interest, as it is related to many global phenomena (Kumar et 

al., 1995). The predictors can be grouped into regional 

conditions, ENSO indicators, cross-equatorial flows, and 

global hemispheric conditions (Krishna et al., 1995). 

Significant research contributions in predictor detection 

include global conditions such as the Darwin pressure 

anomaly studied by Shukla and Paolino (1983); Ihara et al. 

(2006) concluded that there is a negative association between 

Indian SMR and the zonal wind anomalies over the equatorial 

Indian Ocean during El Niño events. Charlotte et al. reported 

that the zonal wind observation on the Equatorial Indian 

Ocean Oscillation (EQUINOO) (Francis and Gadgil, 2013) 

its atmospheric component EQWIN, during the pre-monsoon 

month can give indications of the performance of the 

forthcoming monsoon season. The following paper 

references have addressed the relationship of inland 

conditions with the SMR-(Parthasarathy et al., 1990, 1992, 

1991; Xi et al., 2015). We can see that when a global 

condition exists, a change occurs in the cross-equatorial flow, 

which in turn aff ects inland conditions. Thus, a dependency 

has been established among these predictors with respect to 

the summer monsoon season. Since the efficiency of 

predictors and their influences may vary, due to changes in 

climatic phenomena due to global warming, deforestation, 

pollution, or other factors, there is always a need to identify 

eff ective predictors. 

  Three main approaches to SMR prediction have 

evolved: (1) statistical, (2) empirical, and (3) dynamic. 

Statistical models rely on historical relationships (Rajeevan 

et al., 2000, 2004, 2005; Delsole and Shukla, 2002), empirical 

models are based on time series analyses and do not use 

predictors (Goswami and Srividya, 1996; Iyengar and 

Raghukanth, 2005), and dynamic methods use general 
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circulation models (GCM), which are mathematical models 

that simulate the circulation of the atmosphere and ocean 

based on fluid dynamics equations. These models have had 

varied degrees of success in their prediction capabilities. The 

GCM developed by Sperber and Palmer (1996) exhibits 

limited skills in simulating intraseasonal variations in the 

ISMR. The long-range prediction capabilities of GCMs are 

not satisfactory, and as yet statistical models, such as 

regression models, are preferred. The problem is that the 

development of these mathe-matical and statistical models 

are very complex undertakings and require massive 

computing power (Mooley and Parthasarathy, 1984; Kumar 

et al., 1995). Rajeevan et al. experimented with multivariate 

PCR, NNs, and LDA techniques, but as noted above, all the 

model errors were large for 1991, 1994, 1997, and 1999, and 

showed deteriorating predictive skill after 1988 for both 

Northwest and peninsular India. These problems led 

researchers to readdress pre-dictor identification and model 

development, and various approaches have been used to do 

so, including NNs (Guhathakurta et al., 1999; Singh and 

Borah, 2013), genetic algorithms (Satishkumar and Maity, 

2012; Dwivedi and Pandey, 2011), and data mining (Dwivedi 

and Pandey, 2011; Dhanya and Nagesh Kumar, 2009; 

Vathsala and Shashidhar, 2015). While these techniques have 

produced good models with better prediction capabilities, 

their performances must be further refined to improve the 

prediction of homogeneous regional SMRs by careful 

predictor subset selection in combination with other techni-

ques. Based on the literature, it is evident that scant work has 

been carried out in the field of homogeneous region SMR 

prediction. From the few studies available, we know that 

prediction accuracy for homogeneous regional SMR is 

insufficient, so it is necessary to design better prediction 

models and to select more suitable predictors for 

homogeneous regional SMR prediction. 

In view of the scant research that has been carried 

out in the field of homogeneous regional rainfall prediction, 

in this work, we develop a model for predicting PISMR with 

reasonably good accuracy. The main contribution of our 

study is our algorithm that handles the maximum number of 

known predictors in order to better predict the PISMR. This 

Algorithm uses a combination of data mining and statistical 

techniques. 

III. METHODOLOGY 

A. Database 

Totally 27 predictors are used in the current work. The 

predictors are identified based on the previous research 

reports and CC of MSLP, temperature and wind. 

The database used in the current work includes 

global variables - Darwin sea level pressure (DSLP), El Niño 

southern oscillation (ENSO) events (NINO4 and NINO3.4), 

and southern oscillation index (SOI) as given by Vathsala and 

Koolagudi (2016). The other local variables considered are as 

given below. 

1) March-April-May minimum (min), maximum (max) air 

tem-perature of the south Indian region (20°N–7.5°N, 

60°E–100°E). 

The observed data as provided in Indian institute of tropical 

meteorology (IITM) website has a 1°X 1°(longitude and 

latitude) resolution for the averaged March-April-May values 

for the max and min temperatures. This data are subjected to 

CC calculation against PISMR data. Top seven and the five 

grid points with highest CC amongst the calculated 

coordinates are considered under max, min temperature 

respectively. The selected coordinates for the max tem-

perature are (9.5°N, 77.5°E), (10.5°N, 77.5°E), (11.5°N, 

76.5°E), (12.5°N,76.5°E), (12.5°N, 77.5°E), (12.5°N, 

78.5°E), (13.5°N, 78.5°E) .The  selected coordinates for the 

min temperature are (18.5°N,83.5°E),(19.4°N,83.5°E), 

(19.5°N, 82.5°E),(20.5°N, 84.5°E), (20.5°N, 83.5°E)  . The 

map in Fig. 1 shows these coordinates. 

2) Mean sea level pressure (MSLP) – MSLP is the average 

mean sea level pressure of the south Indian region and 

the Indian Ocean above the equator (20°N–5°N, 60°E–

100°E). 

The observed data downloaded from the National Centers for 

Environmental Prediction (NCEP) and the National Center 

for Atmospheric Research (NCAR) which have 2.5°X 2.5° 

(longitude and latitude) resolution. This data is subjected to 

CC calculation against PISMR data. Top five coordinates 

with highest CC amongst the calculated coordinates are 

considered. The selected coordinates are (5°N, 77.5°E), (5°N, 

80°E), (5°N, 82.5°E), (5°N, 85°E), (5°N, 92.5°E) The map in 

Fig. 1 shows these coordinates. 

3) 200 hPa meridional component of wind for the month of 

May in the south Indian region and Indian ocean above 

the equator (20°N– 5°N, 60°E–100°E). 

The observed data downloaded from NCEP-NCAR has a 

2.5°X 2.5° (longitude and latitude) resolution. This data are 

subjected to CC calculation against PISMR data. Top five 

coordinates with highest CC amongst the calculated 

coordinates is considered. The selected coordinates are 

(7.5°N, 92.5°E), (7.5°N, 95°E), (7.5°N, 97.5°E), (7.5°N, 

100°E), (5°N, 97.5°E). The map in Fig. 1 shows these 

coordinates. 

4) Rainfall data for Peninsular India region. 

The observed data of peninsular India is used in accordance 

to Dhanya and Nagesh Kumar (2009) in the current work. 

(Source:ftp://www.tropmet.res.in/pub/data/rain/iitm-

regionrf.Txt). 

We discretized the prepared data into five ranges for 

the purpose of data mining, calculated the range boundaries 

as the values at ± 1 and ±0.5 standard deviation (SD) from the 

average, and then labeled each of these ranges. For example, 

the five DSLP ranges are represented as DSLP-1, DSLP-2, 

DSLP-3, DSLP-4, and DSLP-5. Table 1 lists the  

 
Fig. 1: Longitude & Latitude Coordinates with the Highest 

CCs for Maximum Temperature, Minimum Temperature, 

Wind, and MSLP. 

ftp://www.tropmet.res.in/pub/data/rain/iitm-egionrf.txt
ftp://www.tropmet.res.in/pub/data/rain/iitm-egionrf.txt
ftp://www.tropmet.res.in/pub/data/rain/iitm-egionrf.txt
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Si.no Predictors Label 

1 
Maximum temperature (12.5N, 76.5E) 

in °C 
Max1 

2 
Maximum temperature (12.5N, 77.5E) 

in °C 
Max2 

3 
Maximum temperature (12.5N, 78.5E) 

in °C 
Max3 

4 
Maximum temperature (13.5N, 78.5E) 

in °C 
Max4 

5 
Maximum temperature (11.5N, 76.5E) 

in °C 
Max5 

6 
Maximum temperature (10.5N,77.5E) in 

°C 
Max6 

7 
Maximum temperature (9.5N, 77.5E) in 

°C 
Max7 

8 
Minimum temperature (20.5N, 83.5E) in 

°C 
Min1 

9 
Minimum temperature (20.5N, 84.5E) in 

°C 
Min2 

10 
Minimum temperature (19.5N, 82.5E) in 

°C 
Min3 

11 
Minimum temperature (19.5N, 83.5E) in 

°C 
Min4 

12 
Minimum temperature (18.5N, 83.5E) in 

°C 
Min5 

13 
Mean sea level pressure (5N, 77.5E) in 

millibar 
Mslp1 

14 
Mean sea level pressure (5N, 80E) in 

millibar 
Mslp2 

15 
Mean sea level pressure (5N, 82.5E) in 

millibar 
Mslp3 

16 
Mean sea level pressure (5N, 85E) in 

millibar 
Mslp4 

17 
Mean sea level pressure (5N, 92.5E) in 

millibar 
Mslp5 

18 
Average wind speed (7.5N, 92.5E) in 

meters per second 
Wnd1 

19 
Average wind speed (7.5N, 95E) in 

meters per second 
Wnd2 

20 
Average wind speed (7.5N, 97.5E) in 

meters per second 
Wnd3 

21 
Average wind speed (7.5N, 100E) in 

meters per second 
Wnd4 

22 
Average wind speed (5N, 97.5E) in 

meters per second 
Wnd5 

Table 1: Shortlisted Predictors from Existing Literature 

Along with Other Selected Predictors for Predicting PISMR 

& Their Labels. 

B. Algorithm 

We used a total of 27 features to predict the PISMR, and 

designed an algorithm suitable for handling the memory and 

CPU time constraints while processing high-dimensional 

data. We focused on data mining and statistical approaches 

for our prediction. The data mining approaches we use 

include feature selection and dimensionality reduction. For 

prediction, we used a statistical technique known as the 

backward propagation NN function. 

1) Algorithm Overview 

Input: Prepared dataset. 

Output: Predicted class labels. 

1) Derive closed itemsets. 

2) Derive association rules. 

3) Select top association rules for each behavior being 

studied. 

4) Use antecedent variables as selected features. 

5) Obtain cluster membership using simple-K-means 

approach. 

6) Apply multilayer perceptron function to the cluster 

membership data to predict the labels. 

We discuss the steps included in the Algorithm 

overview 3.2.1.  

1) Step 1. Support and confidence (Vathsala and 

Koolagudi, 2016) are important terms in the current 

context related to data mining. An itemset is closed if 

none of its immediate supersets has the same support as 

this itemset. For example, if {Bread, Milk} is an itemset 

that has support=4, and all of its supersets have support 

< 4, then {Bread, Milk} is a closed itemset. Closed 

itemset mining is a technique for overcoming large and 

frequent itemset problems that cause memory and CPU 

time constraints without leaving out any important 

associations or compromising the quality of the rules. 

2) Step 2. The basic concept of association rule (Agrawal et 

al., 1993) mining is to identify the set of all itemsets that 

frequently occur in the database. These frequent itemsets 

are used to frame rules that tell us how a subset of items 

influences the presence of another subset. 

3) Step 3. Rules with high confidence levels are derived 

from highly correlated items. The degree of dependence 

between items in a transactional dataset is described by 

its confidence level. Hence, to ensure that the predictors 

in the rule have the highest degree of correlation with 

rainfall behavior, we only extracted rules with the 

highest confidence levels in the categories of Flood, 

Excess, Normal, Deficit, and Drought. 

4) Step 4. The left-hand side proposition of the rule is called 

the antecedent and the right-hand side is the consequent. 

An association rule states that an antecedent occurs with 

the consequent. Thus, designating antecedent items as 

selected features gives highly correlated predictors that 

imply a particular rainfall category, which is a 

consequent, thus resulting in accurate classification. 

5) Step 5. Clustering is a process of grouping a set of data 

into meaningful sub-classes based on their similarities, 

thus leading to a reduction in the dimensionality of a 

problem. Here we use a simple-k-means algorithm for 

clustering. 

6) Step 6. We apply a multilayer perceptron (MLP) function 

to the clustered data for classification, which serves as a 

prediction tool. 
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Fig. 2: Peninsular Indian summer Monsoon Prediction Based on Various Predictors and Data Mining Rules

C. Software Overview 

Fig. 2 shows a flow diagram of the software process, where 

the prepared data, preprocessed for data mining, are given as 

input. The software processes the data and generates closed 

frequent itemsets with respect to the minimum support 

supplied, and the minimum support used in this work is 0.054. 

There are many derived closed frequent itemsets that do not 

contain the required attributes relating to rainfall. We 

removed these unwanted combinations, and so reduced the 

number of closed frequent itemsets. Then, we used these 

closed frequent itemsets for association rule mining without 

specifying any minimum confidence threshold. We group 

together the association rules related to each category of 

rainfall, and chose rules with the highest level of confidence. 

Then, using the selected features, we combined the selected 

rules of all the groups to characterize their unique antecedent 

attributes. We also clustered the data of selected features to 

reduce their dimensionality. We used the k-means algorithm 

for clustering to reduce the data dimensions to the number of 

clusters produced. Finally, we applied the MLP function to 

the clustered data for classification, as a prediction tool. 

D. Applying the Algorithm to PISMR Data 

Table 2 shows the considered categories of rainfall in 

peninsular India, whose value ranges we obtained by dividing 

the rainfall data as follows: Flood, Excess, Normal, Deficit 

and Drought. We determined the threshold values by 

identifying the values at ± 1 and ±0.5 standard deviation (SD) 

from the average (Dhanya and Kumar, 2009), in order to 

predict a particular year’s rainfall as Flood, Excess, Normal, 

Deficit or Drought based on other related climate attributes. 

The ranges can be narrowed down more precisely by 

considering data over more years, and dividing the rainfall 

into more ranges than five. Again, in our experiment, we used 

a total of 27 predictors, based on historic data over a 37-year 

period (1969–2005). 

As such, our study was confined to the 1969–2005 

period. Table 1 lists the predictors and their labels. In our 

experiment, we divided each of these predictor values into 

five ranges. The extraction of association rules with a lower 

minimum support threshold, from a data set containing 27 

variables and 37 records imposes memory constraints. In the 

current data set, we can see that the total number of Flood 

occurrences is four, which means that the frequent items that 

result in association rules related to Flood are repeated two, 

three, or four times. 

In view of this, if we want to designate an attribute 

that repeats at least twice in 37 years as a frequent attribute, 

then according to definition of support, minimum support is 

given by 2/37=0.054, which is the low support threshold. 

Even generating a frequent itemset attribute can cause a 

memory constraint. Variables that appear at least twice in the 

whole data base are regarded as frequent, and are eligible for 

inclusion in the association rules. If there is a relatively low 

minimum support then there is a chance that more variables 

will be regarded as frequent, hence causing an exponential 

increase in association rules, and thus posing a memory 

constraint. To overcome this problem, we employ frequent 
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closed itemset mining, in which we discard closed frequent 

itemsets that do not have the required rainfall attributes. Thus, 

we reduced the number of itemsets from thousands to a few 

hundreds. We derived association rules from these closed 

frequent itemsets without specifying any minimum 

confidence threshold, and arranged them in descending order 

of confidence for each rainfall category. In later experiments, 

we selected only those rules that have the highest confidence 

levels from each rainfall category, and used the antecedents 

of the selected rules as selected predictors. 

Dimensionality reduction is used to filter out 

important attributes by removing noisy or irrelevant 

attributes, and thereby reducing computational cost. 

Clustering can be considered to be a dimensionality reducing 

mechanism. Clustering groups of similar items means that 

they can be used to achieve better classification accuracy. 

More accurate classification results may be assured when 

only relevant attributes are considered. Considering the eff ect 

of hidden or absent variables, along with the relevant 

variables that have a strong correlation with the behavior 

under study, can produce better prediction results. In our 

research, we used a density-based clustering mechanism to 

calculate cluster memberships for the selected predictors, 

using the simple-k-means algorithm, which works by 

determining the centroids of the k clusters, then calculating 

each item' s distance from the centroids, and assigning the 

item to a cluster with the minimum distance from the item. 

Using this density-based clustering mechanism, we 

partitioned the 26 years of training data and 11 years of test 

data into nine clusters. The Drought, Deficit, Normal and 

Flood behaviors of rainfall each have two clusters, although 

Excess had just one cluster, which may be due to the fact that 

this rainfall behavior (Excess) was seen only once in test and 

train data sets. 

The MLP classifier is a neural network with a feed 

forward property, which works with one or more layers 

between the input and output layers. We trained this MLP 

algorithm with the back propagation learning mechanism, 

and used the MLP classification algorithm as a probabilistic 

classifier for rainfall prediction. We tested the model with 

three scenarios: (1) tenfold cross validation, (2) fivefold cross 

validation, and (3) 70% training and 30% testing sets. We 

obtained 90% prediction results using the 70% training set. 

IV. RESULTS & DISCUSSION 

Our association-rule-based feature selection resulted in 20 out 

of 27 variables being selected as attributes for predicting 

PISMR. Table 3 lists the association rules, their confidence 

levels, and the selected attributes. The rules shown in the 

table can be justified based on previous studies in this field. 

From the literature, we know that El Niño, ENSO, EQWIN, 

and EQUINOO together can explain much of the ISMR 

variability (Gadgil, 2003). The land and ocean temperature 

gradient initially drives the monsoon flow in the early Indian 

summer monsoon season. Once the monsoon is set up, 

convective heating maintains the tropospheric temperature 

gradient and drives the monsoon flow throughout the season 

(Taniguchi et al., 2010). This is evident from the obtained 

association rules, as in all categories of rainfall we see that 

the rules consist of land, ocean, and atmospheric attributes. 

This indicates that global conditions like ENSO indices do 

not necessarily explain the rainfall variations in peninsular 

India (Satishkumar and Maity, 2012). Almost all the rules are 

dominated by land conditions like the MSLP, the max and 

min temperatures, and Ocean conditions such as wind. When 

there is an MSLP drop in Northern India the moisture bearing 

winds gush into low pressure regions, dumping rain on parts 

of India all along the way. Land conditions and global 

conditions together explain variations in rainfall in peninsular 

India. In accordance with Gadgil (2003), we know that lower 

values of EQWIN indicate drought, and an above normal 

DMSLP with other land conditions indicate a flood. High 

temperature and low atmospheric pressure regions that 

gradually develop over the Indian subcontinent during the 

pre-monsoon months of March, April and May lead to large-

scale influxes of maritime air from the south Indian Ocean 

into India. This justifies rules like (1) mslp14⇒ Drought, (2) 

DMSLP-2 Mslp4-1 Mslp3-1 Mslp2-1⇒ Flood, and (3) 

Wnd3-5 Wnd2-5⇒ Flood. From these rules, (1) Mslp1-4⇒ 

Drought, (2) DMSLP-2 Mslp4-1 Mslp3-1 Mslp2-1⇒ Flood, 

we can see that the MSLP values are inversely related to the 

PISMR. This might be due to the fact that Mslp1, Mslp2, 

Mslp3, and Mslp4 at 5°N latitude between 77.5°E and 92.5°E 

longitude, which is below the land mass of the Indian 

subcontinent and near to peninsular India, if the MSLP drops 

in this region, the winds carrying moisture become 

concentrated near 5°N latitude and do not enter the interior 

parts of the subcontinent, which leads to good rainfall in 

peninsular India. In addition, if the MSLP is high at 5°N 

latitude between 77.5°E and 92.5°E longitude, the winds 

carrying moisture enters the interior land mass, which leads 

to normal to less rainfall in peninsular India. The relationship 

between Mslp1, Mslp2, Mslp3, Mslp4, and the MSLP of 

diff erent parts of all of India can give a better understanding 

in this regard. Association rules also have shown interesting 

instances of atmospheric conditions, such as the fact that a 

combination of low minimum temperatures with normal 

Nino4 yields a drought. Most of the rules generated in the 

PISMR prediction can be justified by the diff erential heating 

theory of Halley (1686). Other theories and conclusions from 

previous research may also be used for justifying many of the 

rules derived in our study. 

Cluster membership: To improve prediction model 

efficiency, cluster membership may be used to enrich the 

quality of the dataset. Achieving accurate classification 

results depends on the way the data is prepared, such that inter 

and intrarelationships between the attributes are incorporated 

into the model with respect to the behavior under study. 

While the latter is addressed by feature selection, the former 

is realized by the cluster membership mechanism. The k-

means clustering algorithm is a partition-based cluster 

analysis method, in which k is the initial number of cluster 

centers, whose value is specified as 2 by trial and error. A k 

value of 2 yielded good results in this study. We calculated 

the distance between each cluster center and each instance 

and then assigned the instances to their nearest cluster. We 

repeated this process until the criterion function converged. 

We then assigned membership values to these instances, 

which is its probability of belonging to a particular cluster. 

Figs. 3 and 4 show the cluster information of the training and 

test sets, respectively. In Fig. 3, the simple-k-means 
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clustering technique grouped the 26 input instances of the 

training set into nine groups, and clearly partitioned each 

rainfall behavior into two clusters, except for Excess 

behavior, which was grouped into a single cluster. In this 

figure, there are two instances of Drought represented in blue, 

seven instances of Deficit represented in red, nine instances 

of Normal rainfall represented by green, one instance of 

Excess represented by gray, and seven instances of Flood 

represented by pink. Two clusters are specified in the input, 

hence, where ever possible, the k-means algorithm divides 

the input instance of each rainfall category into two clusters. 

Clusters are derived by giving each instance a probability 

based on the predictor values, to assign the instance to a 

particular cluster. For example, Fig. 3 presents ten graphs in 

three rows and four columns. The last graph in the third row 

and the second column shows the total instances of all rainfall 

categories and all the other graphs represent clusters. The 

graph on first row and first column shows that one instance 

of the Drought rainfall category has a probability range of 

0.76–0.99, while all other rainfall category instances have a 

0.00 to 0.24 probability of belonging to this cluster, so we 

named this cluster Cluster_Drought_0. Similarly, the second 

graph in first row and second column shows that the other 

instance of Drought rainfall has a probability range of 0.75–

1, thus belonging to the second cluster, as compared to all 

other instances, which have 0.00 to 0.25 probability, hence 

we named it Cluster_Drought_1. Similarly, for each category 

of rainfall two clusters are formed (except the Excess rainfall 

category, due to presence of only a single instance in this 

category), which uniquely identify a few instances belonging 

to a particular cluster. After clustering, the dimensionality of 

the experiment was reduced from 20 selected attributes to 

nine clusters. These variables can now be visualized as nine 

in number with 26 values each. Similarly, in Fig. 4, the 

simple-k means clustering technique has grouped the 11 input 

instances of the test set into nine groups following the training 

set, thus clearly partitioning each rainfall behavior into two 

clusters, except for Excess behavior, which is grouped into a 

single cluster. The difference between the training and test set 

clusters is that in the training set the probability ranges are 

narrow, so there is a strong chance that the instances will 

belong to a particular cluster. In the test set, however, the 

probability of a particular instance belonging to a particular 

cluster ranges widely, thus indicating more chances for this 

particular instance to belong to another cluster, but with lesser 

probability. As described above, MLP consists of an input 

layer, hidden layer(s), and an output layer. The hidden layer 

contains layers of neurons that work with the data and adjust 

the weights for backward propagation learning. The current 

model has nine input neurons, in accordance with the input 

attributes after applying the cluster membership function to 

the 20 selected attributes. There is one hidden layer with 

seven hidden neurons, in accordance with the following 

formula: 

Hidden neurons= (number of input attributes + number of 

classes)/2 

                                           =(9 + 5)/2  

                                           =7 

There are five output neurons in accordance with the 

number of output classes, i.e., Flood, Excess, Normal, 

Deficit, and Drought. These model parameters i.e., the 

number of hidden neurons, the learning rate, and the number 

of epochs, are determined on a trial and error basis. Fig. 5 

shows the relationship of the model parameters to the 

prediction accuracy. From the figure, we can see that the 

model performs with considerably good accuracy with seven 

hidden neurons, a 0.3 learning rate, and 300 epochs. Fig. 6 

shows the artificial neural network model used in this study. 

Table 4 shows results and statistics for the tenfold and 

fivefold cross validations with the 70% training set. From 

these statistical results, we can see that the model 

performance is very good, with around 94.5% accuracy in the 

tenfold and fivefold cross validation and 90% accuracy with 

the mutually exclusive training and test sets. The Kappa 

coefficient is a more robust measure than the simple percent 

agreement calculation, as it takes into account the agreement 

occurring by chance. We also used the mean absolute error to 

measure how close the forecasts or predictions are to the 

actual Outcomes. 

 
Fig. 5: Variation in the Prediction Capability of the Model 

with an Increased Number of (A) Hidden Neurons, (B) 

Number of Epochs, & (C) Learning Rate  

The root mean squared error (RMSE) represents the sample 

standard deviation of the differences between the predicted 

and observed values. The coverage of cases specifies whether 

we tested all class available in the training set using the test 

set. We see good results in the 70% training set case. In the 

cross validation cases, the results are also good with a 

comparatively small amount of error. In the confusion matrix 

shown in Table 5, for the tenfold cross validation, we can see 

that two instance of Excess have been incorrectly classified 

as Normal rainfall. During the division of instances in the 

tenfold cross validation, two available instances of Excess 

might have been put into two different groups, although the 

predictor values match those of Normal rainfall, they are 

actually Excess rainfall. This instance occurred once in our 

cross validation group, whereby the instance was not grouped 

under Excess, but instead under Normal rainfall, which has 

similar features and lower probability. A similar reason can 

be given for the faulty prediction of Excess as Deficit and 

Normal in the fivefold cross validation, and for predicting 

Excess as Normal in the 70% training set case seen in Table 

5. On average, the proposed model performs well in 
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prediction. Table 6 presents a comparison of the proposed 

model predictions with those of state-of-the-art models. In 

previously reported studies, we know that researchers have 

experimented with neural network models with eight and six 

parameters, and that these models predicted erroneous results 

in 1997 and 1999. However, all the models demonstrate 

deteriorating predictive skill after 1988 for peninsular India 

(Russell and Robert, 1999). In contrast, our proposed model 

accurately predicts all extreme PISMR events in the study 

period. The model accurately predicted the Excess PISMR of 

1997 and the Drought PISMR of 1999. According to the 

IMD's Monsoon Monograph (Volume 2) the predicted and 

actual values of the PISMR of 2003 were very different. Our 

proposed model presented here correctly predicts the Deficit 

PISMR of 2003. Compared with the other models that exhibit 

deteriorating predictive skills after 1988, the performance of 

our proposed model is better, with 94.5% accuracy in cross 

validation schemes. The PISMR is a complex phenomenon. 

To improve PISMR prediction skills, we recommend further 

experimentation with and the inclusion of more PISMR 

predictors related to northeast monsoon, and the 

consideration of more Excess rainfall instances in the datasets 

to satisfy the minimum support threshold for correctly 

grouping it under the Excess rainfall category. 

 
Fig. 6: Prediction Model with Nine Input Neurons, One 

Hidden Layer with Seven Neurons, & Five Output Neurons. 

Legend: Clu-Cluster, Dr-Drought, D-Deficit, N-Normal, E-

Excess, & F-Flood. 

V. SUMMARY & CONCLUSIONS 

In this paper, we presented an algorithm for accurately 

predicting the peninsular Indian summer monsoon. This 

algorithm has three main components: 1) feature selection, 2) 

dimensionality reduction, 3) classification for prediction. The 

main rationales for including feature selection and 

dimensionality reduction are discussed in the paper. We 

employed closed-itemset-generation-based association rule 

mining for feature selection, a cluster membership function 

for dimensionality reduction, and the multilayer perceptron 

function for classification. We demonstrated and justified the 

association rules derived for the Flood, Excess, Normal, 

Deficit, and Drought categories leading to 20 selected 

features. The cluster membership mechanism reduced the 

dimensionality from 20 to nine by grouping closely related 

instances into one cluster. The multilayer perceptron model 

with a single hidden layer with seven hidden neurons yielded 

good accuracy in predicting peninsular Indian summer 

monsoon rainfall. We applied the algorithm to precipitation 

data with 27 variables identified over a 37- year period. The 

algorithm predicts with 90% accuracy, and when partitioning 

data into test and training sets it yielded an accuracy of around 

94% in ten and fivefold cross validations. An insufficient 

number of Excess instances resulted in an incorrect 

classification of two instance in the ten- and fivefold cross 

validations. In future work, the performance of the prediction 

model could be improved by comparing classification 

algorithms, applying the prediction model to different 

homogeneous rainfall regions, and testing the model with a 

greater volume of data. 
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