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Abstract: The 56-years daily precipitation data (1950-2005) in DL2 (Dry zone, Low country) region in dry 
zone, Sri Lanka were used to calculate the starting dates of four critical dry spells namely Critical Dry Spell 
1,2,3 and 4 (CDS1, CDS2, CDS3 and CDS4). The correlation analysis among onsets of dry spells showed 
that there is a significant correlation between starting dates of successive critical dry spells. As a result 
fitting regression models were explored to predict onsets of CDS2, CDS3 and CDS4 using onsets of 
previously occurred dry spells. The linear and non linear regression models were fitted using Proc REG and 
Proc MODEL in SAS software. Based on the R square, mean square error and model assumptions, model 
adequacy was assessed and the best models were selected to fit onsets of critical dry spells 2,3 and 4 in 
three locations Ampara, Trincomalee and Batticaloa in DL2 region. The type of the regression models 
selected were different among different critical dry spells as well as different locations. Onset of CDS2 in 
Ampara was modeled using onset of CDS1. Similarly the onset of CDS3 was modeled using the onset of 
CDS2 with first order autoregressive error model. When modeling onset of CDS4, natural log 
transformation was used for the dependent variable. Polynomial regression model of order three was fitted 
for onset of CDS3 in Batticaloa while both onsets of CDS2 and CDS3 were used to model the onset of 
CDS4 in the same location. 
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INTRODUCTION 

 
 Climate in Sri Lanka is predominantly governed by 
the seasonal varying monsoon system. Rainfall divides 
Sri Lanka into 3 climatic zones; wet, intermediate and 
dry [1]. The dry zone is the area which receives a mean 
annual rainfall of less than 1750 mm with a distinct dry 
season from May to September. Around 50% of rice 
growing areas are situated in this zone and five 
different agro ecological regions (DL1, DL2, DL3, DL4 
and DL5) have been identified in this zone depending 
on the amount of rainfall and its distribution 
pattern.Droughts and dry spells are not an unnatural 
phenomenon in Sri Lanka since there have been 
nationally significant droughts once every 10 to 15 
years. Past records indicate that moderate droughts of 
regional significance occur in five to ten years while 
locally significant droughts occur in two to five years. 
According to assessments an average of 11,077 hectares 
of paddy land get destroyed annually due to water 
shortage. In addition to crop losses , dry spells  cause 
huge economic losses to the nation [2].  
 The study of dry spells gives a better 
characterization of the structure of a dry season than the 

monthly totals of means of rainfall [3]. Thus identifying 
onsets of droughts or dry spells will have significant 
influence on effective and efficient planning for various 
stake holders at different levels of decision making. 
One major challenge of drought research is to develop 
suitable methods and techniques for forecasting the 
onset and termination points of droughts  [4]. On view 
of above this study was initiated to model onsets of 
selected dry spells in selected locations in the dry zone 
of Sri Lanka. The information obtained from this study 
is useful in forecasting the onset of future dry spells in 
given locations and hence to minimize unexpected 
agricultural damages.  
 

MATERIALS AND METHODS 
 
Data: The 56-years daily precipitation data (1950-
2005) in 3 locations namely Ampara, Trincomalee and 
Batticaloa of agro ecological region DL2 (Dry zone-
Low country) were used.  
 
Dry spell: A threshold value of 1.0 mm was taken as a 
dry day and a dry spell was considered if there are 
seven  or  more  consecutive  dry  days.  On  average 12 
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such dry spells were recorded in DL2 region and it is 
not flexible to study more on each of these dry spells. 
Further an average of four long dry spells was observed 
during  the  recent  past  (1990-2005). Thus onsets of 
four longest dry spells within a year were considered 
and onsets of these four critical dry spells were 
modelled [5]. 
 
Statistical analyses: Starting dates or onsets of four 
critical dry spells were computed by developing SAS 
(ETS 9.2) computer program. According to [5] certain  
dependence of starting dates can be clearly identified 
for CDS1 and CDS2 for many locations in dry zone. 
Specifically in DL2 over 50% of CDS2 occurred during 
April to June when CDS1 occurred before mid March. 
First the Pearson correlation coefficient was used to 
identify any relationships between onsets of successive 
critical dry spells CDS1, CDS2, CDS3 and CDS4. Then 
the simple linear regression model was used to model 
starting dates with the procedure PROC REG in SAS. 
The polynomial models were also tried. These models 
were fitted using data from 1950-1999. Then the model 
assumptions were checked. Normality of residuals was 
checked using the Shapiro Wilks [8] test. Constant 
variance of residuals was checked using White’s 
General test [9]. The autocorrelation of residuals was 
assessed using Godfrey serial correlation test [10, 11]. 
Further weighted least squares regression and non 
linear regression models were tried with the procedure 
PROC MODEL in SAS. The best models were selected 
based on high values of coefficient of determination, R2 

[12] and low values of square root of mean square 
error, RMSE [13]. Once the best model was selected, 
response values (starting dates) for year 2000-2005 
were forecasted using the best model. 
 
Pearson correlation coefficient: Pearson product 
moment correlation coefficient is a measure of the 
correlation (linear dependence) between two variables 
X and Y denoted by r giving a value between +1 and-1 
inclusive. Pearson’s  correlation coefficient between two 
variables is defined as the covariance of the two 
variables divided by the product of their standard 
deviations. 
 

          
( ) ( )( )X Y

x , y
x y x y

E X Ycov X,Y  −µ −µ ρ = =
σ σ σ σ

 (1) 

 
Linear and non-linear regression: The simple linear 
regression model  
 

           
k
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SDCDS f(SDCDS )  −
=

= β + β + ε∑  (2) 

 
Table 1: Basic models identified in modelling sdcdsi (i = 2, 3, 4) 

Model No. Model 

1 SDCDSi = a+b*SDCDSi-1 
2 SDCDSi = a+b*(SDCDSi-1)2 

3 SDCDSi = a+b*(SDCDSi-1)3 

4 SDCDSi = a+b*lnSDCDSi-1 
5 SDCDSi = a+b/SDCDSi-1 
6 SDCDSi = a+b*exp(SDCDSi-1) 
7 SDCDSi = a*(SDCDSi-1)b 

8 SDCDSi = a*(b)SDCDS
i-1 

9 SDCDSi = exp(a+b*SDCDSi-1) 
10 lnSDCDSi = a+b*SDCDSi-1 

 
β0, βi are model coefficients 
εi are residuals  and with usual assumptions  
εi’s are independently and identically distributed 
normal random variables with zero mean, constant 
variance and covariance between εi and εj is zero for i≠j  
i.e E(εi) = 0, V(εi) = σ2 and cov(εi, εj) = 0.  
Ten basic regression models fitted are given in Table 1. 
 
Testing normality of residuals: The Shapiro-Wilk test 
tests the null hypothesis that a sample  x1,..., xn  came 
from a normally distributed population. The test 
statistic is  
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the constants ai are given by  
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T

1 nm (m,...,m )=  
 
and m1,..., mn are the expected values of the order 
statistics of independent and identically-distributed 
random variables sampled from the standard normal 
distribution and V is the covariance matrix of those 
order statistics. 
 
Testing constant variance of residuals: The White 
test is a statistical test that establishes whether the 
residual  variance  of  a   variable  in  a  regression model 
is constant, that is for homoscedasticity. The test 
statistic is  
 

                              2 2
k 1W n R ~ −= ⋅ χ  (4) 

 
where n  is the sample size, R2 is the coefficient of 
determination of the regression model and k is the 
number of estimated parameters. 
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Testing autocorrelation of residuals: The Breusch-
Godfrey serial correlation test is a test for 
autocorrelation in the errors in a regression model. It 
makes use of the residuals  from the model being 
considered in a regression analysis  and a test statistic is 
derived from these. The null hypothesis  is that there is 
no serial correlation of any order up to p. 

Consider a linear regression of any form,  
 
                      t 0 1 1t 1 2t tY X X= β + β + β + ε  (5) 
 
where the residuals might follow an AR(p) 
autoregressive scheme, as follows: 
 
              t 1 t 1 2 t 2 p t p t.... u− − −ε = ρ ε + ρ ε + + ρ ε +  (7) 

 
 The simple regression model is first fitted by 
ordinary least squares to obtain a set of sample 
residuals  tε̂ . 

 Breusch and Godfrey proved that, if the following 
auxiliary regression model is fitted 
 

 t 0 1 1t 1 2t 1 t 1 2 t 2 p t p tˆ ˆ ˆ ˆX X .... u− − −ε = β + β + β + ρ ε + ρ ε + + ρ ε +  (8) 
 
and if the usual R2 statistic is calculated for this model, 
then the following asymptotic approximation can be 
used for the distribution of the test statistic  
 

                              2 2
pLM n R ~= ⋅ χ  (9) 

 
where n is the number of data-points available for the 
second regression. 
 
Model diagnostics 
Coeffficient of determination R2: It provides a 
measure of how well one variable explains another's 
behavior, within a multilinear regression model. The 
most general definition of the coefficient of 
determination is  
 

                              2 error

total

SS
R 1

SS
= −  (10) 

 
where SStotal is the total sum of squares and SSerror is the 
residual sum of squares of the model 
 
Mean square error MSE: MSE measures the average 
of the squares of the "errors". The error is the amount 
by which the value implied by the estimator differs 
from  the  quantity  to  be  estimated. The difference 
occurs because of randomness or because the estimator 
doesn't account for information that could produce a 
more accurate estimate. The square root is MSE is 
denoted by RMSE. 

 
REULTS AND DISCUSSION 

 
Correlation between successive dry spells: Pearson 
correlation coefficient for successive dry spells in 3 
locations  Ampara, Trincomalee and Baticaloa are 
given by (11), (12) and (13) respectively. Paranthesis 
indicates associated probability values.  
 

        

SDCDS2 SDCDS3 SDCDS4
0.609 0.384 0.187

SDCDS1
(0.000) (0.003) (0.167)

0.755 0.324
SDCDS2

(0.000) (0.015)
0.424

SDCDS3
(0.001)

 
 
 
 
 
 
 
 
 
 
 

 (11)  

 

        

SDCDS2 SDCDS3 SDCDS4
0.561 0.442 0.318

SDCDS1
(0.000) (0.001) (0.017)

0.742 0.491
SDCDS2

(0.000) (0.000)
0.751

SDCDS3
(0.000)

 
 
 
 
 
 
 
 
 
 
 

 (12) 

 

        

SDCDS2 SDCDS3 SDCDS4
0.516 0.378 0.053

SDCDS1
(0.000) (0.004) (0.700)

0.696 0.176
SDCDS2

(0.000) (0.195)
0.531

SDCDS3
(0.000)

 
 
 
 
 
 
 
 
 
 
 

 (13) 

 
 In all locations in DL2, SDCDS1 was significantly 
corelated with SDCDS2 and SDCDS3, SDCDS2 was 
correlated with SDCDS3 and SDCDS4 except in 
Batticaloa. Further SDCDS3 was correlated with 
SDCDS4  in  all  locations  while  the  correlation 
between  SDCDS1  and SDCDS4 was significant only 
in Trincomalee. 
 
Modelling onsets of critical dry spells in Amapra 
Modelling SDCSD2: To model the onset of the second 
critical dry spell using the onset of the first critical dry 
spell ten basic models as given in Table  1 were fitted. 
Based on high R square values and low mean square 
error value Model 1 and Model 9 were selected for 
further improvements (Table 2).  
 According to White’s test both models were 
heteroscadastic.  Normality  assumption  held  in  
Model 1 while in Model 9 it was not. Godfrey serial 
correlation   test   indicated   non-autocorrelated  errors. 
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Table 2: Estimates of fitted models of sdcds2 for ampara 

Model No. Estimates and diagnostics Normality Constant variance Serial correlation 

1 a = 76.9606* b = 0.6866*  SW = 0.95 W = 11.39 G1 = 0.13, p = 0.69 G2 = 0.93, 

 RMSE = 31.02 R 2 = 0.3792 p = 0.06  p = 0.0034 p = 0.62 G3 = 2.92, p = 0.17 

9 a = 4.4317* b = 0.0054*  SW = 0.85 W = 17.60 G1 = 0.17, p = 0.73, G2 = 1.27, 

 RMSE = 31.24 R 2 = 0.3700 p = 0.01  p = 0.0035 p = 0.72, G3 = 3.04, p = 0.14 

M1 a = 56.7494* b = 0.9078*  SW = 0.96 W = 2.62 G1 = 0.94, p = 0.21, G2 = 1.45 

 RMSE = 22.73 R 2 = 0.6628 p = 0.05  p = 0.2704 p = 0.29, G3 = 1.78, p = 0.41 

 

Table 3: Estimates of fitted models of sdcds3 for ampara 

Model No. Estimates and diagnostics Normality Constant variance Serial correlation 

2 a = 126.7089*, b = 0.0028*  SW = 0.98 W = 0.0028 G1 = 6.91,p = 0.009, G2 = 6.91, 

 RMSE = 21.19 R 2 = 0.5768 p = 0.61  p = 0.19  p = 0.03, G3 = 7.19,p = 0.07 

9 a = 4.6745*, b = 0.0038*  SW = 0.97 W = 4.57 G1 = 6.55,p = 0.01, G2 = 6.55, 

 RMSE = 21.47 R 2 = 0.5655  p = 0.46 P = 0.47  p = 0.04, G3 = 6.78, p = 0.0 

M2 a = 123.5348*, b = 0.0028*, AR1 = -0.4707*  SW = 0.97 W = 5.06 G1 = 1.16,p = 0.28, G2 = 1.16, 

 RMSE = 15.88 R 2 = 0.7562 p = 0.47  p = 0.54  p = 0.54, G3 = 2.84,p = 0.42 

 

Table 4: Estimates of fitted models of sdcds4 for ampara 

Model No. Estimates and diagnostics Normality Constant variance Serial correlation 

3 a = 192.3126 *, b = 7.139E-6* SW = 0.89 W = 7.48 G1 = 2.24,p = 0.13, G2 = 2.39, 

 RMSE = 38.07 R 2 = 0.2274 p = 0.0001  p = 0.02  p = 0.30, G3 = 3.31,p = 0.34 

3 with log  a = 5.2523*, b = 3.207E-8 * SW = 0.96 W = 11.36 G1 = 1.45,p = 0.10,G2 = 2.12, 

transformation RMSE = 0.16 R 2 = 0.2527  p = 0.13 p = 0.003  p = 0.27, G3 = 3.42,p = 0.34 

M3 a = 5.1544*, b = 4.363E-8* SW = 0.95 W = 5.11 G1 = 0.18,p = 0.67,G2 = 0.25, 

 RMSE = 1.42 R 2 = 0.5876 p = 0.06 p = 0.08  p = 0.88,G3 = 0.52,p = 0.92 

 
When standardized residuals were explored certain 
outliers were identified. Removing these outlier 
observations at particular years 1977,1983,1992,1961 
and 1971 Model M1 was selected as the best model. 
 
                  2 1SDCDS a b*SDCDS= +  (M1) 

 
Modelling SDCSD3: To model SDCDS3 using 
SDCDS2, Model 2 and Model 9 were selected first with 
comparatively high R2 values and comparatively low 
RMSE values (Table 3). Estimates were significant in 
both models and the assumptions of constant variance 
and normality of residuals  held for both models 
(p>0.05). However errors were serially correlated in 
both models (p<0.05).  
 Thus regression with autocorrelated errors was 
tried. Then the Model 2 with autocorrelated errors of 
order 1 was selected a s  a better model. Removing 
certain outliers at 1958, 1994 and 1997 the best model 
M2 was obtained satisfying usual assumptions of white 
noise normal residuals with constant variance. 
 
                 2

3 2SDCDS a b*(SDCDS )= +  (M2) 

 
 
Fig. 1: Plot of SDCDS2 in Ampara 
 
Modelling SDCDS4: Among ten basic models for 
SDCDS4, the Model 3 was selected with the highest R2

 

value (Table 4). 
 However the residuals of this model were not 
normal though the other two assumptions white noise 
residuals with constant variance held. Thus log 
transformation was used for the response variable and 
certain outliers were identified at 1957, 1972, 1974, 
1990 and 1993. The best model for SDCDS4 is M3. 
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Table 5: Estimates of fitted models for trincomalee 

CDS model No. Estimates and diagnostics Normality Constant variance Serial correlation 

SDCDS2 10 a = 3.6385*,b = 0.2744* SW = 0.97 W = 8.37 G1 = 0.00,p = 0.98, G2 = 1.38, 

 RMSE = 0.31, R 2 = 0.3784  p = 0.5225 p = 0.0152  p = 0.51, G3 = 5.51, p = 0.14 

SDCDS2 M4 a = 3.6304* b = 0.2894* SW = 0.95 W = 1.76 G1 = 0.07, p = 0.78, G2 = 4.74, 

 RMSE = 0.19 R 2 = 0.6504 p = 0.0709 p = 0.4152  p = 0.09, G3 = 5.00, p = 0.17 

SDCDS3 2 a = 114.2120*, b = 0.000364* SW = 0.95 W = 4.51 G1 = 0.19, p = 0.33, G2 = 0.44, 

 RMSE = 24.47 R 2 = 0.5666 p = 0.0108 p = 0.1047  p = 0.62, G3 = 0.54, p = 0.78 

SDCDS3 M5 a = 111.5692*, b = 0.0033* SW = 0.98 W = 0.67 G1 = 0.01, p = 0.92, G2 = 2.52, 

 RMSE = 15.05 R 2 = 0.7442 p = 0.8209 p = 0.7147 p = 0.28, G3 = 2.53, p = 0.47 

SDCDS4 10 a = 1.6810*, b = 0.7351* SW = 0.91 W = 0.17 G1 = 1.04, p = 0.30, G2 = 4.37, 

 RMSE = 0.14 R 2 = 0.6226 p = 0.0007 p = 0.9162 p = 0.11, G3 = 4.62, p = 0.20 

SDCDS4 M6 a = 1.7486*, b = 0.7112* SW = 0.96 W = 2.49 G1 = 0.50,p = 0.48, G2 = 1.60, 

 RMSE = 0.08 R 2 = 0.8138 p = 0.1977 p = 0.2878  p = 0.45, G3 = 1.60, p = 0.66 

 

 
 
Fig. 2: Plot of SDCDS3 in Ampara 
 
                3

4 3lnSDCDS a b*(SDCDS)= +  (M3) 

 
 Figure 1-3 show the three series of actual, 
estimated and forecasted starting dates of SDCDS2, 
SDCDS3 and SDCDS4 in Ampara respectively. 
 In Fig. 1 estimated series of values were tally with 
the actual series except during 1975-1988. Similarly 
forecasted series seem to follow actual series except in 
2005. In Fig. 2 both the estimated values and forecasted 
values were well calculated by the best fitted model. In 
Fig. 3 the pattern of actual sereis seem to be followed 
by both estiamted and forecasted sereis except in few 
cases. Within ±15 days of difference between actual 
values and estimated values was reported in 52% of 
SDCDS2, 75% of SDCDS3 and 37% in SDCDS4 of 
Ampara.  
 
Modelling onsets of critical dry spells in 
Trincomalee: The same model fitting procedure as in 
Ampara was carried out to model onsets of SDCDS2, 
SDCDS3 and SDCDS4 in Trincomalee. The selected 
best models are given by M4, M5 and M6 while their 
estimates and diagnostic measures are given in Table 5. 

 
 
Fig. 3: Plot of SDCDS4 in Ampara 
 
                 2 1lnSDCDS a b*lnSDCDS= +  (M4) 
 
                   2

3 2SDCDS a b*(SDCDS )= +  (M5) 
 
                 4 3lnSDCDS a b*lnSDCDS= +  (M6) 
 
 Model 10 was selected first to model SDCDS2 
using SDCDS1. Errors of this model were not 
homoscedastic and some outliers were identified at 
1977, 1992,1959,1957, 1956,1963, 1961 and 1994. By 
removing these outliers, the model improved with 
comparatively high R2 (65%). 
 A polynomial model of order 2 was selected to 
model SDCDS3 in Trincomalee. In this model normal 
assumption of residuals was violated. Apart from that 
particular outliers were identified at 1965,1971,1959, 
1956,1963, 1972,1996,1996. When these outliers were 
removed model was highly improved. 
 A model with log transformed independent and 
dependent variables was selected to model SDCDS4 
using SDCDS3 in Trincomalee. This model had R2 of 
62%. However the residuals were not normal. Once the 
outliers  identified  at  1979,  1964,  1981,  1972,  1966, 
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Table 6: Estimates of fitted models for batticaloa 

Model No. Estimates and diagnostics Normality Constant variance Serial correlation 

SDCDS2 M7 a = 83.9582*, b = 0.00537* SW = 0.96 W = 3.97 G1 = 0.45,p = 0.50,G2 = 0.96, 

 RMSE = 17.59 R 2 = 0.7313 p = 0.2808  p = 0.16  p = 0.62, G3 = 0.18,p = 0.80 

SDCDS3 M8 a = 488.537*, b = 0.1016*, c = -10.7714*  SW = 0.95 W = 9.11 G1 = 0.35,p = 0.63, G2 = 1.61, 

 d = -0.00028*, RMSE = 19.22 R 2 = 0.7209  p = 0.06 p = 0.16 p = 0.55, G3 = 1.78,p = 0.73 

SDCDS4 M9 a = 17.4667*, b = 0.6466* c = -0.1506 SW = 0.97 W = 10.79 G1 = 0.13,p = 0.72, G2 = 0.24, 

 RMSE = 31.27 R 2 = 0.4452 p = 0.33  p = 0.21 p = 0.88, G3 = 0.53,p = 0.91 

 

 
 
Fig. 4: Plot of SDCDS2 in Trincomalee 
 
1998, 1965, 1986 were removed the model was further 
improved and the normality assumption of residuals 
held for the final model.  
 Figure 4-6 show the deviation of actual, estimated 
and forecasted series of SDCDS2, SDCDS3 and 
SDCDS4 in Trinconcomalee. 
 Several deviations from the actual series can be 
seen in both the estimated and forecasted series in Fig. 
4. In Fig. 5, except in peak values 1980 and 1984, the 
estimated series seem to follow the pattern of actual 
series well.  Similar to the previous figure, in Fig. 6 
apart from the peak values 1954,1955,1959 and 1963 
two series seem to be identical. 
 The difference between actual and estimated 
values is below ±15 days for 51% of SDCDS2, 69% of 
SDCDS3 and 65% of SDCDS4 in Trincomalee. 
 
Modelling onsets of critical dry spells in Batticaloa: 
Selected best models for SCDS2, SDCDS3 and 
SDCDS4 in Batticaloa are given by M7, M8, M9 and in 
Table 6. 
 
                2

2 1lnSDCDS a b*(SDCDS)= +  (M7) 
 

2 3
3 2 2SDCDS a b*SDCDS2 c*(SDCDS ) d*(SDCDS )= + + +  (M8) 

 

           b c
4 3SDCDS a*(SDCDS) (SDCDS2)=  (M9) 

 
 Model 2 with quadratic term of SDCDS1 was 
selected as the best model for SDCDS2 in Batticaloa. 
Certain outliers at 

 
 
Fig. 5: Plot of SDCDS3 in Trincomalee 
 

 
 
Fig. 6: Plot of SDCDS4 in Trincomalee 
 
1958, 1968, 1977, 1981, 1988, 1990, 1991 and 1992 
were removed and hence the model was improved. 
Similarly Model 3 with SDCDS23 was fitted first for 
SDCDS3. Finally, the model of third order polynomial 
including SDCDS2, SDCDS22 and SDCDS23 removing 
the outlier at 1971 was selected as the best fitted model. 
To model SDCDS4, log transformed model, Model 10 
and exponential model, Model 8 were used. After 
removing outliers at 1978, 1992 and 1996 the model 
with exponents, Model 8 became the best. 
 Figure 7-9 illustrate the deviation of estimated and 
forecasted series from the actual series for onsets of 3 
critical dry spells  in Batticaloa. In Fig. 7 the estimated 
series seem to folow the actual sereis except during 
1974 and 1980, while the forecasted sereis followed 
well the actual seresi except in 2002. The best fitted 
model   was   able  to  fit  the  estimated  and  forecasted 
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Fig. 7: Plot of SDCDS2 in Batticaloa 
 

 
 
Fig. 8: Plot of SDCDS3 in Batticaloa 
 

 
 
Fig. 9: Plot of SDCDS4 in Batticaloa 
 
series quite well in Fig. 8. In Fig. 9 both the estiamted 
series and the forecasted series were largely deviated 
from the actual sereis in several cases. The difference 
between actual and estimated values is below ±15 days 
for 56% of SDCDS2, 64% of SDCDS3 and 36% of 
SDCDS4 in Baticaloa. 
 

CONCLUSION 
 
 In this study, fitting regression models were 
explored   to  predict  the  onsets  of  CDS2,  CDS3  and  

 
CSD4 using onsets of previously occurred dry spells in 
DL2 region. The type of the regression models selected 
were different among different locations as well as 
among different dry spells within the same location. 
Outliers and influential cases for each model were 
identified and the usual model assumptions of 
independently and identically normally distributed 
random errors with constant variance were also 
assessed. In most of the cases, although the certain 
model assumptions were violated in the best fitted 
model, when the outliers were re moved one by one the 
final model seemed to follow usual assumptions. This 
was evident in fitting models with, Trincomalee and 
Batticaloa for all 3 CDS and Ampara for second DS.  In 
the cases where still residulas were not normal after 
removing outliers natural logrithmic transformation for 
dependent variable was used such as in Ampara for 
fourth CDS. When the residulas were serially 
correlated, regression models with autoregressive errors 
of relevant order were used. These models were tried 
with the third CDS of Ampara. The plots with identical 
actual series and estimated series with atleast in 50% of 
the cases difference between actual and estiamted 
values between ±15 days are considered as best fitted 
models. These models were; second and third CDS in  
Ampara and Batticaloa, second,third and fourth CDS in 
Trincomalee. 
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