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Abstract. The possibility of predicting average summer-monsoon rainfall over
North and South Assam in India has been analyzed in this paper through Ar
tificial Neural Network models. In formulating the Artificial Neural Networ
based predictive model, three layered networks have been condtwittiesig-
moid non-linearity. The models under study are different in the numitiapat
layers. After a thorough training and test procedure, neural net witinputs is
found to be the best predictive model both for North and South Assarally;

the results are compared with outputs of regression approach. Afigrace

son it is found that for South Assam, Neural Network completely outpers

the regression. But in North Assam regression can be used as aratern
approach to Neural Network.

PACS number: 92.60.Ry, 92.60.Wc, 92.60.Nv

1 Introduction

The word “monsoon” is used to designate seasonally regisioulation sys-
tem and is usually associated with the tropical regions s A$his monsoon
governs the climate of Indian subcontinent. The princigtdrdion is usually
focussed on the surface winds of the summer monsoon of Soulséa. Promi-
nent circulation patterns also exit aloft. Near 150 mb atiradly strong easterly
jetis common. It extends from Southeast Asia to EasterrcAftinat generates
very strong winds over Southern India. The existence oftthjgical easterly jet
implies the existence of a deep layer of relatively warmaits North and colder
air to its South over the Indian Ocean. The heating of thetjags &North arises
from the strong solar heating of the elevated surface of ihetdn plateau which
contributes large amounts of latent heat in the processe Hemid southwest
monsoon air encounters the highlands of Northeastern.India
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Air entering the eastern end, faces the stronger southdieedted pressure gra-
dient that exits within the region of the jet. By this, air feonarily gains a slight
northerly component, which in turn produces an area of ufgvet divergence
to the North of the eastern end of the jet and an area of uppelrdenvergence
to the South. The area of upper level divergence coincidés thée region of
ascending air and heavy monsoon rainfall over Northeastelia.

Northeast India (east of 880 E and north of 210 N) has distimetipitation
and drainage patterns due to its unique location and orbgrfp3]. From
different analysis, it has been established that seasaimdll patterns over the
northeastern region contrasts to that over the rest of thatop During the
months of June to September, southwesterly monsoons sapply 70% of the
annual precipitation. The monsoon period over Assam is fitwrfirst week of
June up to the second week of October. The rainfall is highekine and then
it gradually decreases thereafter.

The maximum annual rainfall of India is due to southwest neons In the case
of Assam, the normal monsoon rainfall (June to Septembeat)asit 164 cm and
forms about 66 per cent of the annual rainfall; but for theviaial months of

the monsoon season, the variability is 19.3 in June, 18.4lin 18.2 in August
and 24.4 per cent in September. The rainfall during the retfteomonths is
made up of a few spells of above or even below normal rainfiliis type of

monsoon rainfall causes floods in certain periods of the mewen when the
total monthly rainfall itself is just normal or even belowrnaal.

The atmosphere is very much chaotic by nature and no priangssons can

be made while developing any model for chaotic atmosphedcgsses. Unlike
the stochastic modelling techniques, the Artificial Neiaetworks (ANN) are

capable of modelling highly non-linear relationships withany prior assump-
tion and can be trained to generalize accurately when pieg@rith a new data
set. The ANN acts as parallel computational models, coragris densely or-

ganized adaptive processing units. The vital characieo$heural networks is
their adaptive nature that makes the ANN techniques veuyiadj in application

domains for solving problems where the internal physicatpsses are highly
complex and non-linear [4].

This paper endeavors to develop an ANN model to forecasageaminfall dur-
ing summer-monsoon period in North and South Assam in Inkhare is devel-
oped statistical model using regression method to prefggcahomaly in Indian
summer monsoon rainfall. The problem has been studied sxtdy by dif-

ferent workers. Some works revealed that Indian summer awnpredictabil-
ity exhibits epochal variation. Kishtawat al. [5] evoked the feasibility of a
nonlinear technique based on genetic algorithm (Artifitiéélligence) for the
prediction of summer rainfall over India. Guhathakurafgif@oduced ANN to

forecast the summer-monsoon rainfall over the Kerala #étatedia. Instead of
choosing a particular state, the present authors impleeddBackpropagation
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ANN to forecast the average summer-monsoon rainfall ovemthole country.
The aroma of newness further lies in the fact that here vanmultilayer ANN
models have been attempted to find out the best fit.

Hu [7] initiated the implementation of ANN methodology in atber forecast-
ing. Various workers utilized ANN as a forecasting tool itwng atmosphere
related phenomena [8,9]. Michaelidesal. [10] compared the performance of
ANN with multiple linear regressions in estimating missirggnfall data over
Cyprus. By implementing ANN, reconstruction of the raihfahe series over
Cyprus has been carried out [11]. Moreover, the method id useinfall pre-
diction by splitting available data into homogeneous sylogetion [12]. Wong
et al. [13] constructed fuzzy rule bases with the aid of SOM and PeamBa-
gation Neural Networks which are used to develop predictiegel for rainfall
over Switzerland by spatial interpolation.

2 Methodology

In the recent years, the ANN has been applied to model lartge wlith large
dimensionality [14]. This paper introduces ANN model skspstep to predict
the average rainfall over North and South Assam during summensoon be-
tween the periods 1871 to 2000 by exploring the data availabthe website
http://www.tropmet.res.in of Indian Institute of Tropiddeteorology.

The ANN approach has several advantages over conventibeaabmenological
or semi-empirical models. It requires known input data Sétaut any assump-
tions [1, 15]. It exhibits rapid information processing aadible to develop a
mapping of the input and output variables. Such a mappingsaasequently
be used to predict desired outputs as a function of suitaplets. A multilayer

neural network can approximate any smooth, measurablédurizetween input
and output vectors by selecting a suitable set of conneuatgights and transfer
functions or activation functions [16].

The model building process consists of four sequentiakstep

e Selection of the input and output for the supervised Bagkagation
learning

e Selection of the activation function
e Training and testing of the model

e Testing the goodness of fit of the model
The advent of Backpropagation algorithm (BP) and the adaptaf steepest

descent method opened up application of Multilayered ANNriany problems
of practical interest [17-21]. A multilayered ANN contaitigsee basic types of
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Figure 1. North Assam rainfall autocorrelation function.

layer: input layer, hidden layer(s), and output layer. Balty, the Backpropa-
gation learning involves propagation of error backwardsnfthe output layers
to the hidden layers in order to determine the update for thights leading to
the units in the hidden layer(s). The non-linear relatigm&etween input and
output parameters in any network requires a function, wharh appropriately
connect and/or relate the corresponding parameters.

The BP algorithm can be mathematically written as
Awij(t+1) = n(t+1)8;(t + 1)oj(t + 1) + pAw;;(2). 1)

Equation (1) is used to compute the entity of weight changstepi (¢ + 1).
Heren(t) is the learning rate at timg §;(¢) is the usual delta factor for unit
as obtained from direct application of the delta rule at timando,(¢) is the
output from the unitj at the same time.

The present study explores the data of June, July, AugusSeaptember cor-
responding to the years 1871-2000. From these 130 yearsttatéast year
data is deleted as it would not lead to any prediction. Pdateveloping ANN

based predictive model, it is necessary to discern wheligeetis any necessity
of adopting neural net approach instead of conventionaktsting techniques.
To do the same, the autocorrelation function has been cadpuy to several
lags and in all the cases it is apparent that the autocdmelabefficient val-

ues are significantly small (Figures 1 and 2). This indictttes there is almost
no persistence in the time series under consideration. [&blsof persistence
implies that no pattern is maintained within the time sedesr a considerable
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Figure 2. South Assam rainfall autocorrelation function.

period of time and finally it can be concluded that there isificant degree of
chaos within this time series. Beauty of ANN in predictinglplem lies in the
fact that it can forecast even in the face of severe uncéytaimd chaos. Thus,
necessity for adopting ANN as our predictive methodologgsigblished.

Now, aim of this paper is to develop a multilayer feed forwAfN model so
that the average summer-monsoon rainfall of a given yeabeamedicted using
the rainfall data of the summer-monsoon months of the imatelji previous
year over North and South Assam. Thus, the input matrix waoldsist of
three, four, and five columns of which the first two, three, &g columns
would correspond to the summer-monsoon months’ rainfafleair ‘n’ and the
next column would correspond to the average summer-monsoofall of the
year(n+1). Basically, the last column would correspond to the ‘desaetput’
in the supervised Backpropagation learning procedure.fif$te50% datai(e.,
65 rows out of 129 rows) are taken as the training set and thairgng 50%
data (.e., 64 rows out of 129 rows) are taken as the test set or valitiagt. To
avoid the asymptotic effect, the raw data are scaled acuptdi

2 =0.1+0.8 (w) )
Tmax — Lmin

where,z; denotes the transformed appearance of the raw:data

After the modelling is completed, the scaled data are rev&raled according to

1

P, = zpin + (ﬁ) [(yl - 01) (xmax - (Emin)] ; (3)
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where,P; denotes the prediction in original scale, and the corredipgrscaled
prediction isy;.

There are two standard learning schemes for the BP algarithrfine learning
and batch learning. In on-line learning, the weights of theuwork are updated
immediately after the presentation of each pair of input @mnget patterns. In
batch learning, all the pairs of patterns in the training seé treated as a batch
and the network is updated after processing of all trainiaigons in the batch.
In either case, the vectar; contains the weights computed durikxgh iteration,
and the output error functioy is a multivariate function of the weights in the

network
E,(wy) on-line
E(wy)=<_"? 4
(wk) {Zp Ep(wk;) batch ) ( )

where, E, (wy,) denotes the half-sum of squares error functions of the rmétwo
output for a certain input pattepn The purpose of the supervised learning (or
training) is to find out a set of weights that can minimize th@eFE over the
complete set of training pair. Every cycle in which each oh¢he training
patterns is presented once to the neural network is callegpach.

The direction vectotl, expressed in terms of error gradient depends upon the
choice of activation function. When the sigmoid function dopted, the BP
algorithm becomes ‘Back propagation for the Sigmoid Adgl[a7-21]. In this
method, the input matrix is multiplied by the weight matrixdathe product is
used as the variable for the sigmoid activation function. &@mple, at epoch

k, the sigmoid non-linearity is produced as

1

S )

fWpXy) =
1+ e_< i

(®)

whereW,, = [wy wy -+ wy] andXy = (21 29 - mn}T are the weight matrix

Table 1. Basic network components of the ANN model

Network architecture

Number of inputs 2 Number of outputs 1
Number of hidden layers 1 Hidden layer sizes

Learning parameter 0.2 Initial wt range (0 +/- w) 0.5
Momentum 0.9

Training options
Total number of rows in data 129 Number of training cycles 500
Training mode  Online

Save network weights With least training error
Training/validation set Partition data into training/validation set
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and the transpose of the input matrix respectively at epoch

After training or learning the ANN with BP algorithm with sigpid non-
linearity, a ultimate weight matrix is obtained. This welighatrix is applied
to another set of independent inputs to examine the effigiehthe model. This
phase is called the testing or the validation phase.

After developing the model through training and testingodyzess of fit of the
model is examined statistically. Over-all prediction efBE) is measured as

PE — <|ypredicted_ yactual|> 7 (6)
<yactuab

where,( ) implies the average over the whole test set.

The predictive model is identified as a good one if the PE ifcsently small,
i.e, close to 0. The model with minimum PE is identified as the pesdiction
model.

3 Results and Discussion

Details of the input and output variables are presenteddrptivious Section.
The learning rate; is taken to be 0.9. A three-layered feed forward neural
net is now designed. The network components are presenfeabie 1. The
problem is to find out the number of hidden nodes producingotst model.
Since the number of adjustable parameters in a one hidgendeed forward
neural network withn; input units, ng output units, andq;, hidden units is
[no + np(n; + no + 1)] for n; = 3, three models are generated for both North

0.1404
0.1402 -
0.14 -
0.1398 -
0.1396 -
0.1394 -
0.1392
0.139 -
0.1388 -
0.1386 - 1
0.1384

2 inputs 3 inputs 4 inputs
‘D PE 0.139079798 0.140289686 0.139850703

Figure 3. Prediction errors corresponding to 2-inputs, 3-inputs, anduts based neural
net predictive models for the North Assam rainfall data.
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Figure 4. Prediction errors corresponding to 2-inputs, 3-inputs, anduts based neural
net predictive models for the South Assam rainfall data.

and South Assam. In both models, the initial weights are@hoandomly from
-0.5 to +0.5. After each training iterations/epochs thevoek is tested for its
performance on validation data set. The training processojgped when the
performance would reach the maximum on validation data set.

After training and testing, th& E' [Equation (6)] values are computed for each
model. The results are schematically presented for Nortavks(Figure 3) and
South Assam (Figure 4).

40
35
30
25 A
20 A
15 A
10 -
5 |

Percentage error of prediction

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61

Test cases

Figure 5. Percentage errors of prediction in the test cases with 2-inpNits rAodel
applied to North Assam rainfall data.
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Figure 6. Percentage errors of prediction in the test cases with 2-infits rAodel
applied to South Assam rainfall data.

The result shows that the two inputs model produces the kpvesiction error
among the three possible predictive models. Figures 3 arepi¢tdthe perfor-
mance of two inputs model of North and South Assam. It is fotlrad, the
prediction error of two inputs model is minimum in both cases

Now, the percentage errors of prediction from the two infANSN models are
computed for both North Assam and South Assam rainfall dateate a thor-
ough look into the performance of the two input ANN modelgy(fFes 5 and
6). It is found that in the case of North Assam, in 37 out of &t tases the
percentage errors of prediction lie below 15%.

Thus, it can be said that if we make 15% error in yearly mongaonfall fore-
cast, then in 58% cases a forecast with maximum 15% errorssilpie. Thus,
forecast yield is 0.58 if 15% error is allowed. It is quiteardsting to see that,
in the case of South Assam, the actual and predicted monsadfall amounts
almost coincide. In this case, in all 64 test cases, the p&age errors of pre-
diction are much lower that 15%. Thus, if 15% error is allow#d forecast
yield is 1. It can, therefore, be concluded that in both Namld South Assam,
ANN produces significant forecast yield. But, in the case a@fit8 Assam, the
performance of two-input ANN is overwhelmingly adroit. Teve a complete
look into the prediction capability of two-input models etlactual North and
South Assam rainfall amounts are plotted against predietiedall amounts in
Figures 7 and 8. It is apparent from the said figures that inh bases ANN can
generate a good forecast for monsoon rainfall. But, in Sésgam, the actual
rainfall amount almost coincides with the predicted amount
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Figure 7. Schematic showing the actual and predicted monsoon rainéaiNmrth As-

sam.
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Figure 8. Schematic showing the actual and predicted monsoon rainéalSouth As-
sam.

4 Comparison of ANN with Regression

From the painstaking study explained in the earlier Sestiihis established that
2-input ANN can be considered as a good predictive methgydiar monsoon
rainfall time series derived from North and South Assam. his Section, the
prediction from the said neural net model would be placedwatjenultiple linear
regression to have a comparative study. A multiple linegression is of the
form

y=ao+ Z ;T 7
i=1

In the two-input models, the two inputs are taken as prediatal the third value
is the predictand. The absolute prediction errors from théipte linear regres-
sion models are plotted against those from ANN (Figures 91@)dThe Figure
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Figure 9. Schematic showing the absolute prediction errors from ANNVHR in the
case of North Assam.
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Figure 10. Schematic showing the absolute prediction errors from ANNHIR in the
case of South Assam.

9 shows that in the case of North Assam, the ANN is not sigmiflgebetter
than multiple linear regressions. In this case, sometimébl And sometimes
regression is producing lower prediction error. But in theeof South Assam
(Figure 10), the multiple linear regression is absoluteliperformed by ANN.
The PE (Eq. 6) is 0.14 for North Assam and 0.26 for South AssHnus, it is
found that for both of the regions the ANN produces bettedjgten than mul-
tiple linear regression. But, in the case of South AssamPtaés much higher
for regression than ANN.
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5 Conclusion

After comparing the performance of three ANN models withnsigd non-
linearity, the ANN model with two inputs is found to be able farediction
of mean summer-monsoon rainfall over North and South Assath@basis of
previous years’ rainfall data of the summer-monsoon monifier comparing
two-inputs ANN with multiple linear regression, it is obged that in the case of
North Assam ANN produces better forecast to some extentrthdtiple linear
regression. But for South Assam, the two-inputs ANN is fotmdbe the best
predictive model for monsoon rainfall.
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