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Abstract 

Rainfall is the most key variable both in atmospheric and hydrological cycle. Its patterns 

usually have spatial and temporal variability. This variability affects agricultural 

production, water supply, environment, and the existence of its people. Its variability 

assumed to be the main cause for the frequently occurring extreme events such as 

drought and flood. The main objective of this study is to apply time series techniques to 

study the change of monthly rainfall distribution in millimeter in Hawassa city from 

January, 2000 to December, 2009 based on the data from Hawassa branch of national 

meteorological agency of Ethiopia. The descriptive result showed that, the amount of 

rainfall change based on time because there is variation from time to time.  The highest 

monthly rainfalls were recorded in May 2001, and September 2007. February 2000, 

November 2002 and December 2007 recorded the lowest monthly rainfall values. The 

implication of this result is that year 2001 and 2007 presented an opportunity for 

increased food production and at the same time has the highest risk for flooding and 

environmental degradation. The ten years forecasting is done by using ARIMA model. The 

forecast result showed that heavy rains will be occurred at an approximate interval of 12 

months. On this basis since the last heavy rainfall recorded was in September 2009, it is 

expected that the next heavy rainfall value had recorded around July- September, 2010. 

The lowest rainfall will be recorded five months in each forecasting years from October-

February. According to this trend, it is observed that the occurrence of dry seasons will be 

at each year and mainly in the five months from October-February of the year.  
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Introduction  

Rain is liquid in the form of droplets 

that have condensed from atmospheric 

water vapor and then precipitated. The 

annual cycle of the climatology of the 

rainfall over tropical Africa and in 

particular over Ethiopia, is strongly 

determined by the position of the Inter 

Tropic Convergence Zone (Griffiths, 

1971). Variations in rainfall pattern 

throughout the country are the result of 

differences in elevation and seasonal 

changes in the atmospheric pressure 

systems that control the prevailing winds. 

The climate of Ethiopia is characterized 
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by high rainfall variation (Yilma et al., 

1994).  

In Ethiopia, several regions receive 

rainfall throughout the year, but in some 

regions rainfall is seasonal and low 

making irrigation necessary (Alameraw 

and Eshetu, 2009). Rainfall is the most 

key variable both in atmospheric and 

hydrological cycle. Rainfall patterns 

usually have spatial and temporal 

variability. This variability affects 

agricultural production, water supply, 

environment and the existence of its 

people. Rainfall variability is assumed to 

be the main cause for the frequently 

occurring climate extreme events such as 

drought and flood. These natural 

phenomena affect badly the agricultural 

production and hence the economy of the 

nation. Even though damage due to 

extremes of rainfall cannot be avoided 

completely, a forewarning could certainly 

be useful (Nicholls, 1980). 

Rainfall variability and associated 

droughts have historically been major 

causes of food shortages and famines in 

Ethiopia (Wood, 1977; Pankhurst and 

Johnson, 1988; Ketema, 1999; Bewket 

and Conway, 2007). Even though rainfall 

variability and drought are not new 

phenomena in Ethiopia; the frequency of 

occurrence of drought has been 

increasing during the past decades 

(Ketema, 1999). 

Ethiopia is one of the countries whose 

economy is highly dependent on rain-fed 

agriculture and also facing recurring 

cycles of flood and drought. Current 

climate variability is already imposing a 

significant challenge to Ethiopia in 

general and Hawassa in particular, by 

affecting food security, poverty reduction 

and sustainable development efforts, as 

well as by causing natural resource 

degradation and natural disasters. 

As far as our search engine, there is 

no clear statistical information and 

accurate forecasting model developed for 

rainfall and a detailed study in 

determining the characteristics of 

oscillation that exist in the rainfall series 

in Hawassa city of Ethiopia that aims to 

help decision makers for better 

preparations for dry session and heavy 

rain season. 
 

Methodology 

Study Area  
This study had been conducted in 

Hawassa city which locate in the 

southern part of Ethiopia and it is about 

220k.m far from Addis Ababa.  

Data and Variable of the Study 
A time series of monthly 10 years 

rainfall data in millimeter for period from 

January, 2000 to December, 2009 

collected by the national meteorological 

agency of Ethiopia had used in the study. 

The data had collected from Hawassa 

branch office.  

Method of Statistical Analysis 
There are several statistical analyses 

but in this study statistical analyses that 

are suitable for the data that invite the 

statistical analysis to forward information 

about the problem had used. These 

methods of statistical analyses are 

described as follows: 

Simple Forecasting and Smoothing 

Methods 
These approaches decompose the data 

in to its component parts and then 

extends the estimates of the components 

in to the future to provide forecasts. 
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Tests of Randomness 
The test to meat to identify any systematic component is time series or whether time 

dependent or not?  There are four tests of randomness 

Turning point test 

Phase length test 

The difference sign test 

Rank test

Turning Point Test 
Turning point is defined as either a peak or a through. A simple test is given by 

counting the number of peaks and troughs. In order to carry out the test the researcher must 

determine the distribution of the turning points in random series. Let y1, y2….yn be the 

rainfall data 

Hypothesis: 

         Ho: the series is random                    Vs                       Ha: the series is not random 

The expected number of turning points in N series is  Where: p= number 

of turning point 

The variance of turning point p is       And  

~ N (0, 1) 

Decision rule: 

Reject Ho if the   is greater than or less than - at source 5% level of 

significance. 

Trend Analysis 
In order to measure trend, tries to eliminate seasonal, cyclical and irregular components 

from the time series data. Trend analysis fits a general trend model to time series data and 

provides forecasts. Among the liner, quadratic, exponential growth or decay and s-curve 

models, select the model by using different measurement of accuracies, like mean absolute 

percentage error (MAPE), mean squared deviation (MSD) and mean absolute deviation 

(MAD). 

Measure of Accuracy 
The fitness of trend lines is determined by accuracy measures, MSD (MSE), MAPE 

and MAD. 

� MAPE: Measures the accuracy of fitted time series values. It expresses accuracy as 

a percentage. 

� MSD: Is very similar to MSE, commonly used to the measure of accuracy of fitted 

time series values. 

� MAD: - Measures the accuracy of fitted time series values. It expresses accuracy in 

the same unit as the data, which helps to conceptualize the amount of error. 
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Where:  

= the value of actual 

 = the value of fitted 

 n= the observation of number 

Decomposition of Time Series Component 
Decomposition method used to separate the time series in to linear trend and seasonal 

components, as well as error and forecasts. This procedure also used to examine the nature 

of the component parts. 

Box-Jenkins Approach 
Box-Jenkins model have frequently use synonymously with the ARIMA models apply 

to time series analysis and forecasting. 

Autoregressive Model (AR) 
A time series is said to be AR process if the current time series is linear aggregate of a 

finite number of pervious values plus random shock, that is. 

 

Where:  is the white noise error 

, , ….,  = AR parameters which are estimate from the data. 

Moving average Model (MA) 
A time series is said to be a MA process if the current time series is linear combination 

of current and finite number of pervious shock. The P
th

 order MA process can be expressed 

as. 

 
Where:  = white noise error 

, , …,  = MA parameters in which describes the effect of the past on Yt. 

Auto Regressive Integrate Moving Average (ARIMA) (P, D, Q) 
ARIMA models are the most general class of models for forecasting a time series, which 

can be stationary by transformation such as differencing and lagging. 

A general ARIMA model is written as “ARIMA (p, d, q) (P, D, Q)” 

Where: 

d= number of non-seasonal differencing 

p= number of autoregressive terms in non-seasonal model 

q= number lagged forecast errors in the prediction equation of non-seasonal model. 

P= number of AR in the seasonal model 

Q= number of lagged forecast error in the prediction equation of the seasonal model. 

D= number of seasonal differencing 

Mathematically it can be written as 
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Model Identification 
The autocorrelation function (ACF) and the partial autocorrelation functions (PACF) 

are the two most useful tools in any attempt at time series model identification.  

Parameter estimation: After choosing the most appropriate order of the model, the next 

step is to estimate the model parameters ( ) 

by using several estimation procedures. 

Test for Stationary Assumption 
Before developing a Box-Jenkins modeling process, it is important to check whether the 

data meets basic assumptions such as stationary. A time series is said to be stationary if 

there is no systematic change in mean, if there is no systematic change in variance.  

Time plot: This procedure may reveals seasonality, trends either in the mean level or the 

variance of the series, long- term cycles, and so on. If any such patterns are present, then 

these are signs of non- stationary. 

Differencing: Is a special type of filtering if a process of a time series (Xt) into another 

time series (Yt) in order to convert a non-stationary time series into a stationary one. 

Difference operator of order q differencing by:   

Time Series Model Identification 
Box-Jenkins has proposed a general approach for fitting a time series model. 

Brief out lines of the steps are: 

1. Data preparation. Check stationary 

2. Model selection. Examine ACF and PACF of the data to identify the potential 

model. 

3. Parameter estimation. Estimate the potential model parameters and select the 

appropriate model by using suitable criteria. 

4. Diagnostic checking- used to verify that the model is adequate. For a good 

forecasting model, the ACF and PACF of the residuals have no significant auto 

correlation and partial auto correlation. 

Forecasting 
The last step in time series modeling is forecasting. There are two kinds of forecasts: 

sample period forecasts and post- sample period forecasts. The former are used to develop 

confidence in the model and the latter to generate genuine desired forecasts. In forecasting, 

the goal is to predict future values of a time series, xt+m, m =1, 2,... based on the data 

collected to the present, x={xt , xt−1,..., x1}. Then explicit forms of the model for the 

observation + tm x generated by the ARIMA process may be expressed as follows: 

 
 

Result and Discussion  

Descriptive Statistics 
The entire data from January 2000 to 

December 2009 were used for analysis. 

The summary statistics and plot of a 

monthly rainfall data were examined to 

check for stability of the data (Table 1). 
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Table 1: Summary statistics of Hawassa city rainfall from 2000-2009 
Variable Total 

Observation 

Min. Max. Mean SE 

Mean 

Variance St.Dev Median Q1 Q3 

Rain Fall 

(Yt) 

120 0.00 233.80 82.10 4.88 2855.74 53.44 80.10 41.7 116.9 

Min: Minimum value  

Max: Maximum value 

SE Mean: Standard Error of Mean 

St.Dev. Standard Deviation 

Q1: Quartile One  

Q3: Quartile Three  

 

For this ordered data, the average rainfall value is 82.10 millimeter; 25% of the rain fall 

data are less than or equal to 41.7 and 75% of the rain fall data are less than or equal to 

116.9. The minimum and maximum values of a rainfall are 0.00 and 233.80 millimeter 

respectively.  
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Figure 1: Time Series Plot of the Monthly Rainfall Data in Hawassa City 

 

The above figure 1 exhibits seasonal 

patterns, with rainfall peaking and 

dipping. In Hawassa, it was observed that 

highest monthly rainfalls were recorded 

in May 2001, and September 2007. This 

figure further showed that February 2000 

and December 2008 recorded the lowest 

monthly rainfall values. Further analysis 

show that year 2009 presented the least 

rainfall while 2007 has the highest 

rainfall. The implication of this is that 

year 2007 presented an opportunity for 

increased food production and at the 

same time has the highest risk for 

flooding and environmental degradation.  

From the above time series plot, the 

amount of rainfall change based on time 

because there is variation from time to 

time. Clearly, the plots of monthly 

rainfall fluctuate around the mean, 

depicting no trend. This implies that the 

series is non stationary. Further analysis 

was performed whether the data is a time 

series or not as follows. 
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Test of Randomness 

Turning point Test 
HO: the series is random.               Vs               H1: the series is not random. 

Level of significance α=0.05 ,                     p = 68 , N= 120 

=  = 78.667,             = = 4.58 

Test statistics =   = -2.332,          The critical value is Z  =1.96 

Since =|-2.332| >Z  =1.96 then reject Ho. 

Therefore, the above result shows that the data seems to time dependent. This indicates that 

the data is time series. Since, it is possible to apply time series analysis on this data. 

Model Analysis 

Trend Analysis  
Table 2: Summary table for different trend analysis equations and there measures of 

accuracy 
Model Type Measures of Accuracy Fitted Trend  Equation 

MAPE MAD MSD 

Linear Trend 380.64 45.01 3115.34 Yt = 77.1 - 0.0273*t 

Quadratic trend 369.85 45.09 3082.34 Yt = 63.9 + 0.675*t - 0.00535*t**2 

MAPE: Mean Absolute Percentage Error 

MAD: Mean Absolute Deviation 

MSD: Mean Square Deviation 

 

Depending on the measures of accuracy of the fitted value of the rainfall data the 

quadratic model is more appropriate than the linear trend by using the values of MAPE and  

MSD, the smaller the MAPE and  MSD, the good fit of the trend model. 
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Figure 2: Quadratic Trend Analysis Plot for Monthly Rainfall Data 

 

The above trend plot showed the 

original data, the fitted trend line, the 

fitted trend equation and forecasts. The 

above plot showed that a decreasing trend 

(down ward parabola) has been recorded 

in monthly values of rainfall in the period 
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under study. Thus the monthly rainfall in 

Hawassa suggests that the rainfall has 

been decreasing on monthly basis. The 

trend suggests a decrease in rainfall in the 

near future; this finding is in line with the 

evidence generated by U.S. Agency for 

International Development on Famine 

Early Warning Systems Network. 

The trend model appears to fit well to 

the overall trend, but the seasonal pattern 

is not well fit. To better fit these data, we 

also use decomposition on the stored 

residuals and add the trend analysis and 

decomposition fits and forecasts. 

Decomposition 
It is possible to use decomposition to 

separate the time series into linear trend 

and seasonal components, as well as 

error, and provide forecasts. You can 

choose whether the seasonal component 

is additive or multiplicative with the 

trend. 

The minimum or maximum value for 

each year is not at the same month to 

decrease or increase, this indicates that 

we should use additive model rather than 

multiplicative model for the 

decomposition analysis. 

Time series Decomposition Plot                               b) Component Analysis 
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(c) Seasonal Indices and Seasonal Analysis 
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                            Figure 3: Time Series Decomposition Plot for Residual of the Rainfall 

 

1 21 11 0987654321

50

0

-50

1 21 11 0987654321

1 2

8

4

0

1 21 11 0987654321

10 0

0

-10 0

1 21 11 0987654321

10 0

0

-10 0

SSSS eeee aaaa ssss oooo nnnn aaaa llll     AAAA nnnn aaaa llll yyyy ssss iiii ssss     ffff oooo rrrr     RRRR eeee ssss iiii dddd uuuu aaaa llll

AAAA dddd dddd iiii tttt iiii vvvv eeee     MMMM oooo dddd eeee llll

SSSS eeee aaaa ssss oooo nnnn aaaa llll     IIII nnnn dddd iiii cccc eeee ssss

PPPP eeee rrrr cccc eeee nnnn tttt     VVVV aaaa rrrr iiii aaaa tttt iiii oooo nnnn     bbbb yyyy     SSSS eeee aaaa ssss oooo nnnn

DDDD eeee tttt rrrr eeee nnnn dddd eeee dddd     DDDD aaaa tttt aaaa     bbbb yyyy     SSSS eeee aaaa ssss oooo nnnn

RRRR eeee ssss iiii dddd uuuu aaaa llll ssss     bbbb yyyy     SSSS eeee aaaa ssss oooo nnnn

Time Series Modeling of the Distribution of Monthly Rainfall in Hawassa................ERGOYE 



 

829 

 

Data 
The above figure 3 showed that, a 

time series decomposition plot in (a), a 

component analysis in (b), and a seasonal 

analysis in (c) of the original rainfall 

series with the fitted trend line, predicted 

values, and forecasts respectively. The 

first graph shows that the detrend 

residuals from trend analysis are good fit 

by decomposition. 

The result of the above seasonal 

indexes and seasonal analysis values 

showed, January, February, October, 

November and December are dry months. 

This implies that growing season of 

various production in around Hawassa 

city ends around September. The 

implication is that urban micro 

agricultural owner in the study area need 

to stream line their farming activities 

with a view to making effective use of 

the available rainfall for efficient urban 

agricultural practices. 

The result of this study also showed 

that the excess water of seven months 

rainy season (March to September) could 

be better utilized by water conservation 

by reducing evaporation, runoff and deep 

drainage to use the water for the dry 

season. 

Estimation of Trend and Seasonal components 

Moving Average Method 
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Figure 4: Moving Average Plot for Rainfall Data 

 

The default time series plot which 

displays the series and fitted values, 

along with the 24 months forecasts. 

Notice that the fitted value pattern lags 

behind the data pattern. This is because 

the fitted values are the moving averages 

from the previous time unit.  

The above moving average plot for rain 

fall shows that the future monthly 

forecasting values are oscillating between 

-40 mm and 110 mm. The plot also 

highlight that there will be both a dry and 

rainy season in the near future. 

Winters Method 

Winters’ Method smoothes the data 

by Holt-Winters exponential smoothing 

and provides short to medium-range 

forecasting.  
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Figure 5: Time Series Plot of Winters Method for the Rainfall Data 

 

Table 3: Summary Table for Exponential Smoothing Methods and there Measures of 

Accuracy 
Measures of 

Accuracy 

Exponential smoothing method  Winters Method 

Single Double Additive model Multiplicative model 

MAPE 236.31 286.63 165.10 169.72 

MAD      45.63 49.9 38.03 46.86 

MSD 3264.55 4074.46 2152.73 3720.20 

 

The results in the above table 3 

indicate that the additive model winters 

method provided a better fit according to 

the three accuracy measures. 

Time Series Model Identification 

Test of Stationary  
The time series plot of monthly 

rainfall data showed the non- 

Stationarity, then in order to convert non-

stationary data to stationary data by 

taking differencing.  

Differencing 
A differencing computes the 

differences between data values of a time 

series. By taking first difference it can 

convert into stationary time series data. 

After difference the data time series plot 

shown below. 
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Figure 6: Time Series Plot for the First Regular Differenced Rainfall Data 

 

The above plot depicts a stationary time series reverting around mean zero with a stable 

variance. To confirm this allegation we plot ACF and PACF against time in order to check whether 

the differenced data is time series or not because if the data is not stationary it is not possible to 

apply time series analysis and to make forecasting about the future based on this past data. 
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Figure 7: Autocorrelation and Partial Autocorrelation Function for the first regular 

differenced data

Autocorrelation and Partial Autocorrelation Function for 1st Differenced Data   
Lag       ACF        T    LBQ 

 1    -0.360591   -3.93   15.87 

 2     0.008811    0.09   15.88 

 3    -0.018989   -0.18   15.92 

 4     0.056399    0.55   16.32 

 5    -0.105976   -1.03   17.74 

 6    -0.136096   -1.31   20.10 

 7    -0.072433   -0.69   20.77 

 8     0.040400    0.38   20.98 

 9    -0.148294   -1.40   23.86 

10     0.173227    1.61   27.83 

Lag       PACF      T 

 1     -0.360591   -3.93 

 2     -0.139332   -1.52 

 3     -0.076910   -0.84 

 4      0.026140    0.29 

 5     -0.089053   -0.97 

 6     -0.242806   -2.65 

 7     -0.293153   -3.20 

 8     -0.197202   -2.15 

 9     -0.346359   -3.78 

10     -0.142835   -1.56
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The above Figure 7 showed that an 

autocorrelation and partial 

autocorrelation function with confidence 

limits for the correlations in a graph and 

below the ACF graph; there is the 

autocorrelations, associated Ljung-Box Q 

statistics, and t-statistics. 

The ACF for these data shows a 

single negative spike of -0.4 at lag 1, and 

quickly cuts off which implies AR (0). 

Now let's tests the null hypothesis that 

the autocorrelations for all lags up to a 

lag of 10 are zero. By using the Ljung-

Box Q (LBQ) statistic to test the null 

hypothesis that the autocorrelations for 

all lags up to lag k equal zero, let’s test 

that all autocorrelations up to a lag of 10 

are zero. The LBQ statistic is 27.83. In 

this, the p-value is 0.0001201, which 

means the p-value is less than 0.0005. 

The very small p-value implies that one 

or more of the autocorrelations up to lag 

10 can be judged as significantly 

different from zero at any reasonable α-

level. 

In this data, there is a single large 

spike of -0.4 at lag 1, which is typical of 

an autoregressive process of, order one. 

There is also a significant spike at lag 7 

and at lag 9, but we have no evidence of a 

nonrandom process occurring there. 

3.5.3. ARIMA Model  

ARIMA model is used to model time 

series behavior and to generate forecasts. 

The orders of ARIMA model become 

ARIMA (0, 1, 1).  

Parameter Estimation 

Final Estimates of Parameters 
Table 4: Summary Table for Time Series 

Model Parameter Estimation 

Type Coef SE Coef  T P 

SMA 12  0.8737 0.0701 12.47 0.000 

Constant 0.2594 0.9385 0.28 0.783 

SMA 12: Seasonal Moving Average of order 12 

Coef: Coefficients  

SE Coef:  Standard Error of Coefficients 

T:Student t-statistics value 

P:Probability value 

Differencing: 1 seasonal of order 12 

Residuals:    SS = 192485 (back forecasts 

excluded) 

MS = 1816         DF = 106 

 

From the above table 4, for the model 

of SMA (12) with a smaller p-

value=0.000 indicates that the associated 

parameters are significantly different 

from zero. The SMA (12) parameter had 

a t-value of 12.47. As a rule of thumb, we 

can consider values over two as 

indicating that the associated parameter 

can be judged as significantly different 

from zero. The MSE, here 1816, can be 

used to compare fits of different ARIMA 

models. 

Model Diagnostic Checking 

Modified Box-Pierce (Ljung-Box) Chi-

Square statistic 

Table 5: Summary Table of Modified 

Box-Pierce (Ljung-Box) Chi-Square 

statistic 
Lag 12 24 36 48 

Chi-Square 10.3 20.8 31.6 46.0 

DF 10 22 34 46 

P-Value 0.411 0.534 0.585 0.470 

Lag: Number of months 

DF: Degree of Freedom 

The Ljung-Box statistics give non-

significant p-values, indicating that the 

residuals appeared to uncorrelated. Hence 

the fitted model is adequate. The ACF 

and PACF of the residuals confirm this. 
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Graphical Techniques for Model Diagnostic Checking 
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Figure 8: ACF, PACF and Normal Probability Plot of Residuals for the Monthly Rainfall 

Data 

 

As we can see from figure 8: in the 

above ACF and PACF graph, there is no 

significant spike, this indicates that the 

residuals of the model are white noise. 

The ACF and PACF of the residual 

corroborate this. The SMA (12) model 

appears to fit well so we use it to forecast 

the amount of monthly rainfall on the 

next months. 

Forecasting 
Ten year observation of monthly 

rainfall data in Hawassa were used for 

model fitting and then the values from 

January, 2010 to December, 2019 were 

forecasted and presented in the following 

table.  
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Table 6: Forecast values from December, 2009 to December, 2019 
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Figure 9: Time Series Plot for Monthly Rainfall Data with Ten Years Forecasts 

 

From the above forecast table and 

plot, it is expected that 7 months for each 

forecasting years from March-September 

had the highest rainfall recorded. Heavy 

rains will also be recorded in all 

forecasting years of September. The 

result also showed that heavy rains will 

be occurred at an approximate interval of 

12 months. On this basis since the last 

heavy rainfall recorded was in September 

2009, it is expected that the next heavy 

rainfall value had recorded around July- 

September, 2010. The lowest rainfall will 

be recorded 5 months in each forecasting 

years from October-February. According 

to this trend, it is observed that the 

occurrence of dry seasons will be at each 

year and mainly in the five months from 

October-February of the year. 

To evaluate the forecasting 

performance of this model by using the 

MAPE of forecasting this model is 3.7% 

which is less than 10%. This shows that 

the model’s error is minimum hence it 

should be adopted. 

 

Months Forecasting Values 

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 

January 

February 

March 

April 

May 

June 

July 

August 

September 

October 

November 

December 

31.812 

22.624 

71.215 

102.987 

119.909 

107.212 

114.088 

125.087 

133.609 

56.529 

43.934 

28.350  

32.072 

22.883 

71.474 

103.247 

120.168 

107.471 

114.348 

125.346 

133.868 

56.788 

44.194 

28.609 

32.331 

23.142 

71.734 

103.506 

120.427 

107.731 

114.607 

125.606 

134.128 

57.047 

44.453 

28.869 

32.591 

23.402 

71.993 

103.77 

120.69 

107.99 

114.87 

125.87 

134.39 

57.307 

44.712 

29.128 

32.850 

23.661 

72.252 

104.03 

120.95 

108.25 

115.13 

126.12 

134.65 

57.566 

44.972 

29.388 

33.109 

23.921 

72.512 

104.28 

121.21 

108.51 

115.39 

126.38 

134.91 

57.826 

45.231 

29.647 

33.369 

24.180 

72.771 

104.54 

121.47 

108.77 

115.65 

126.64 

135.17 

58.085 

45.490 

29.906 

33.628 

24.439 

73.031 

104.80 

121.72 

109.03 

115.90 

126.90 

135.43 

58.344 

45.750 

30.166 

33.89 

24.69 

73.29 

105.1 

121.9 

109.3 

116.2 

127.2 

135.7 

58.60 

46.01 

30.43 

34.15 

24.96 

73.55 

105.3 

122.2 

109.5 

116.4 

127.4 

135.9 

58.86 

46.27 

30.69 
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Conclusion 

In this study, the Box-Jenkins 

methodology is used to fit an ARIMA 

model on historical rainfall data of 

Hawassa city of 120 months from 

January 2000 to December 2009. The 

amount of rainfall change based on time 

because there is variation from time to 

time. The appropriate trend for  this 

rainfall data is quadratic trend. After 

applying first differencing the rainfall 

data fulfills the Stationarity criteria. The 

best ARIMA model that best describes 

the monthly rainfall data is ARIMA 

(0,1,1). The model is used to forecast 

monthly rainfall values for 120 months 

(i.e. from January, 2010- December, 

2019). The estimation and diagnostic 

analysis results revealed that models’ are 

adequately fitted to the historical data. In 

particular, the residual analysis, which is 

important for diagnostic checking 

confirmed that there is no violation of 

assumptions in relation to model 

adequacy 
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