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ABSTRACT 

In thi s study an attempt is made to exp lore the practical procedures in time domain univariate 

Box-Jenkins methodology for modeling and forecasting monthly rai nfa ll in Tigray region. In 

particular, the study employs Seasonal Autoregressive Integrated Moving Average (SARIMA) 

model for monthl y rainfall data co llected by the Nat ional Meteoro logy Agency at Mekele station 

for the period from January 1975 to December 2009. Through the various model identification, 

estimation and diagnostics methods, we developed models that can adequately fit to the data . 

Residual analysis which is the important tool for diagnost ic checks shows that there was no 

v iolation of assumptions in relation to model adeq uacy. Further model selection was performed 

at the forecasting stage usi ng forecas ti ng accuracy methods based on the va lidation period. The 

point forecast results showed a very close match with the pattern of the actual data and better 

forecast ing accuracy in the validation period. Accord ingly, the more parsimonious SARIMA (0 , 

0, I) x ( I, I , 4)12 model is found appropriate to describe the observed data. Therefore, the results 

of the stud y indicate that SARIMA model of Box-Jenkins methodo logy allows in capturing 

mure complex description of the seasonality, autocorrelation structure and non- stati onary of the 

series and appears to be reasonably good in forecast ing the month ly rainfall series. Future 

forecast results of the model show that there seems to be no trend of increasing or decreasing 

pattern over the period fro m January 20 I 0 to September 20 11 . 

Key words: Monthl y rainfa ll , SARI MA, Box-Jenkins, Forecasting. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background of the Study 

Rainfall is one of the natural climatic phenomena whose modeling and forecasting is challenging 

and demanding. Its forecast is of particular relevance to agriculture sector, which contributes 

s ign ificantl y to the economy of the nation. In worldwide scale, numerous attempts have been 

made to predict behavioral pattern of rainfall using various techniques (Yevjevich, 1972; Dulleur 

and Kavas, 1978; Tsakiri s, 1998). With an aim to investigate the temporal dynamics of rainfa ll 

and its distribution in Eth iopia, a study by Wing el al. (2008) has been undertaken using different 

time series methods with which the vari ability and trend in seasonal and arUlual rainfall were 

analyzed at water shed scale, at station, regional and nationa l leve ls. Thus, it is important to 

obtain accurate rainfall forecast at regional, station orland national leve ls in order to help 

deci sion makers improve their decisions by taking into consideration the avai lable and future 

water resources. Study and development of models for cl imate vari ables, through fo recasts, helps 

plan and program strategisti sts fo r better management and control, so il conservation, irrigati on 

and drainage management, proper time for farm practices as well to make forecast for growth of 

crops, yield and post harvest management. 

Many methods and approaches fo r formulating time series forecasting models are available in 

the literature. Development of forecasting models using time series analys is is important fo r 

seri es recorded over time. A recent study by Nail and Momani (2009) has used Box-Jenkins 

approach and revealed that thi s method posses many appealing fea tures. Because, thi s model 

al lows the researcher who has data from past period, rainfall as an example, to forecast future 

rain fa ll without hav ing to search fo r other related time seri es data . As a result, Box-Jenkins 

modeling has been successfull y applied in various hydrology, enviromnental management and 

industrial applications. The fo llowing are examples where time seri es analysis and forecast ing 

are effective (Nail and Momani , 2009). 



Water resources: Time-series analys is has become a major too l in hydrology. It is used fo r 

building mathemati ca l models to gene rate synt hetic hydro logic records, to fo recast hydrologic 

events, to detect trends and shifts in hydrologic records and to fi ll in missing data and extend 

records. 

Process control : Forecasting can also be an important part of a process control system through 

monitoring key processes. It may be possible to determine the optimal time and ex tent of control 

action ; for example, a chemical processing unit may become less efficient as the duration of 

continuous operation increases. Forecasti ng the performance of the unit will be useful in 

planning the shutdown time and overhaul schedule. 

Montgomery and Johnson (1976) considered Box and Jenkins models as probably the most 

accurate models fo r fo recasting phenomena occurring in time series . Principally, according to 

Caldwe ll (2006), the Box-Jenkins method is part icularly suited for development of models of 

processes exhi biting strong seasonal behavior. The author stated that in practice, methods for 

exponential smoothing to time seri es are oft en used . Although results are reasonably good, there 

are fo recast techniques exploring the re li ance among observations yie ldi ng better results; most of 

those fo recast techniques are based on recent advances in time series analysis consolidated and 

developed by Box and Jenkins ( 1976) and further di scussed in some other resources such as 

Chatfield ( 1996), Harvey (1993), Brockwe ll and Davis (1996), Caldwell (2006). Three basic 

stages are required to build models for time seri es: model identifi cation, estimation of the 

parameters or fitting the identi fied model and diagnostic checks. The Box-Jenkins approch 

a llows one to decide whether to go back to the identification stage or not, according to the fitting 

level that the model presents. The original Box-Jenkins modeling procedure involved an iterative 

three-stage process of model selection, parameter estimation and model checking as mention 

above. But, recent explanations of the process by Makridakis et al. ( 1998) often add a 

preliminary stage of data preparation and a final stage of model application (or forecasti ng 

includi ng ca lculation and eval uation of the forecast). 

I. Data preparation invo lves transfo rmations and differencing. Transformati ons of the data 

(such as square roots or logarithms) can help stabilize the variance in a seri es where the 

variation changes with the leve l. The data are diffe renced until there are no obvious 
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patterns such as trend or seasonali ty le ft in the data. "Differencing" means tak ing the 

di fference between consecut ive observations or between observations a year apart. 

II. Model se lecti on in the Box-Jenkins fram ework uses vari ous graphs based on the transformed 

and differenced data to try to identi fy potential ARIMA processes which might provide a 

good fit to the data. Later de velopments have led to other additional model selection tools 

such as Akaike 's Information Criterion. 

Ill . Parameter estimation means finding the values of the model coeffici ents which provide 

the best fi t to the data. There are sophisticated computational algorithms des igned to do 

thi s. 

IV. Model checking involves testing the assumptions of the model to identify any area where 

the model is inadequate. If the model is found to be inadequate, it is necessary to go back 

to Step (ii) and try to identify a better model. 

v. Forecasting is what the whole procedure is designed to accomplish once the model has 

been selected, esti mated and checked. 

Although originall y designed fo r modeling time seri es with ARI MA processes, the unde rl ying 

strategy of Box and Jenkins is appl icable to a wide vari ety of statistical modeling situations. It 

provides a convenient framework which allows an analyst to think about the data, and to find an 

appropriate stati stica l model which can be used to help answer relevant questions about the data. 

Due to well documentation about the Box-Jenkins method in vast literatures, the use of Box­

Jenkins models for modeling and forecasting monthly rainfall will be explored in thi s study. 
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1.1 Statement of the Problem 

Rainfall modeling and forecasting has for a long time been the subj ect of study by several 

researchers from various di sc iplines including climato logy, meteorology and hyd rology for 

different obj ecti ves. However, in perspecti ve to the vital ro le in agricu lture and rain water 

resources management reliable rainfall forecasting at station , regional and national leve ls has 

become important in particular, in a country where agriculture is high ly dependent on seasonal 

rainfall , like Ethiopia. In this regard, in the course of time, high motivation in developing time 

seri es models for modeling and rainfall forecasting has also become increasingly important. 

So far, there is no forecasting model developed for month ly rainfall in Tigray region that aims to 

help decision makers for better preparations. This study is actually helpful to fill some of the 

gaps and could be used to all eviate the problem in getting appropriate and reliable monthly 

rainfall forecasting model. In addition, this study responds to the questi on of how one can use 

historical time series data to present a forma l way of forecasting monthly rainfall using Box­

Jenkins methodology (based on time domain approach). 

1.3 The Case Study Area 

Ethiopia with an approximate area 1,127, 127 sq kms, constitutes ten regional states, of which, 

7444 sq km is water. It has a tropica l monsoon climate with a wide climatic variation according 

to wide varying topography and its location is approximately between 34° and 47° longitude and 

4° and 14° latitude. Diverse rainfall and temperature patterns are largely the result of Ethiopia's 

location in Africa's tropical zone and the country's varied topography. Altitude-induced climatic 

conditions form the basis for three climatic zones : coo l, temperate, and hot (US Library of 

congress, 2005). Variations in precipitation throughout the country are the result of differences in 

elevation and seasonal changes in the atmospheric pressure systems that control the prevai ling 

winds. In January the high pressure system that produces monsoons in Asia crosses the Red Sea. 

Although these northeast trade winds bring rain to the coastal plains and the eastern escarpment 

in Eritrea, they are essentiall y coo l and dry latitude and provide littl e moisture to the country's 

interior. Their effect on the coastal region, however, is to create a Mediterranean-like climate. 
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Winds that originate over the Atlantic Ocean and blow across Equatori al Africa have a marked 

seasonal effect on much of Ethiopia. The resulting weather pattern provides the highlands with 

most of its rainfall during a period that generall y lasts fro m mid-June to mid-September (Tamiru, 

2009). 

Tigray is one of the regional states in Ethiopia located at the northern tip of the country, which is 

bounded by 13° and 140latitude and 36° and 42° longitude, with an area of some 10,000 square 

kilometers. The region shares common borders with Eri trea in the north , Afar in the east, 

Amhara in the south, and Sudan in the west. The rainy season of the region is between June and 

mid-September while the slack period is from December to April. Ave rage rainfall of the region 

ranges between 500 and 900 mm per year, with a uni -modal pattern, except in the southern part 

of the study area where a second (smaller) rainy season locally allows growing two successive 

crops within one year (Nyssen el.al,2005). The cl imate of the region is characterized as "Kola" 

(semi arid) 39%, "Woina dega" (warm temperate) 49%, and "Dega" (temperate) 12%. The region 

is divided into north western and south lowlands (700-1 500) meters above sea level and central 

high lands (1500-3000) meters above sea level. According to the new administrative set up, the 

region consti tutes six zones. These are Western, North western, Central , Eastern, and Southern 

and Mekele . Out of these zones Mekele which is located in the center of the study area is the 

capi tal city of Tigray. The meteorological station Mekele is located atI 3°, 30' latitude, 39°, 

29' longitude, 1905 altitude and has mean annual rainfa ll of 562 mOl (Conway, 2000). Thi s 

stat ion is used as the source of data fo r thi s thesis work. 

1.4 Objective of the Study 

The main objective of thi s research is to develop a time seri es model to forecast monthly rainfall 

in Tigray region based on histori ca l data recorded for the period from January l 975 to December 

2009 at Mekele station. 

The specific objectives of the study include: 

• To construct a model of rainfall by using Box and Jenkins time domain method. 

• To explore the method based on the hi storica l data. 

• To asses fu ture rainfall pattern in the study area. 
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1.5 Significance of the Study 

The results of this research paper are hoped to be utilized: 

• In decision making about rain water resources management. In particular, the forecasting 

model to be developed wi ll be a valuable instrument for agricu lture. Moreover, thi s 

model can provide guide I ine to develop other resources. 

• As a basis for fl.lrther study. 

1.6 Scope of the Study 

In view of the large number of aspects of rainfall modeling, it wou ld be an impossible task to 

investigate rainfall modeling as a whole in one research work. In add ition, it may be too tedious 

(0 assess rainfall modeling through different models of time series analysis. One aspect of 

rainfall modeling with which researches have been concerned over the last years is pred iction of 

future values at different periods of time (i .e. daily, monthly or yearly) for different objectives. 

As a consequence, thi s study focuses on developing a Box-Jenkins time domain forecast ing 

model for monthly rainfa ll at station level in which the specified study site is the target. So as to 

maintain the forecasting abi lity of the method, the forecasting horizon is short- term basis. 

1.7 Limitation of the study 

The limitation of thi s study, like other sim ilar studies, is that the study deals with rainfall 

forecasting in a developing country where the avail able information is not adequate enough to 

address the forecasting problem. Years of civil war have limited hi storical data from the region. 

For example, Meke le station has data miss ing for years fro m 1990 and 199 1 because of civil 

confli cts. In th is study, monthly rainfall data of 35 years long is used to construct forecasting 

model employing time domain Box-Jenkins method. Mainly, based on frequency domain, 

investigating the cyclical pattern, and drought occurrence cycles by estimating a spectral densi ty 

function might be important. However, the annual amount of data required (a minimum of 100-

200) Chatfield (1996) , for this technique of analysis has not been recorded. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

Univaraite time series analysis and forecasting has become a major tool in different app li cations 

in hydrology, environmental management, and climatic fields. There are time seri es methods 

used for modeling and forecasting rainfall data in numerous literatures . According to Pankratiz 

(1983) the Box and Jenkins method is the most genera l way of approaching to fo recast unlike 

other models, there is no need to ass ume initially a fixed and specified pattern. The uni variate 

Box and Jenkins models are useful for analysis of single time seri es. Sut , there are many 

situations in which modeling and better forecasting performance are possible. Transfer function 

methods, fo r example, are a special case of general regression approach with ARIMA models. It 

can cope with two or more independent variables or inputs to the target variable where the effect 

of these inputs is only unidirectional effect. 

2.2 Rainfall Characteristics 

Rainfall is an end product of a number of complex atmospheric processes, both in space and 

time. Rainfall (with wind, temperature, and clouds) is the most striking element of climate. When 

water vapor in the atmosphere condenses suffic iently, rain water returns to the ground to 

complete the water cyc le. Water in all its fo rms and in all its various activi ties plays a crucial 

role in sustaining both the climate and life. In particular, the atmosphere se lf-c leanses naturally, 

through which precip itation removes po llutant s from the a ir. In addition, rain water is the most 

significant climatic fac tor affecting all aspects of the economy of tropical Africa (Salek, 1977). 

Rainfall vari es with lati tude, elevati on, topography, seasons, distances from the sea, and sea­

surface temperature. Rainfall amo unts are heavy at low latitudes, there is minimum rainfall about 

the tropics, and a second maximum occurs aro und 50o(Linacre and Greets, 1997). To full y 
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appreciate the significance of a rain fa ll anomaly, it is necessary to know its relati ve size and 

expected frequency of occurrence as well. One of the approaches which could solve thi s problem 

is through intentional approach. Intent iona l approach is an anti cipation effort through 

development of reliable seasonal forecasting technique and method also through various models 

and data application. In any attempt of modeling, However, the characteri stics of rainfall in the 

past are the on ly accessible guide for advanced decision making regarding water resources 

development and management, particularly for a fragile agrarian economy like that of Ethiopia 

(Osman, and Sauerborn, 2002). 

2.3 Rainfall Seasonality and Modeling 

Many time series data exhibit fluctuations wh ich is periodic within a year or a fract ion of thereof. 

Due to the rotation of the eat1h around the sun the monthly rainfall time series exhibit a yearl y 

periodicity in addition to the other components (Dulleur and Kavas, 1978) . The proper treatment 

of such seasonality, whether stochastic or deterministic is the subj ect of large literatures. 

Seasonality may be modeled using time domain and its presence detected by plotting 

autocorrelation coefficients versus to finite lags or the untransformed rainfall series. 

Deterministic seasonality, in the form of model parameters that vary deterministically with 

season offers no great conceptual problems but many practical ones. Stochastic seasonality is 

modeled with the form of seasonal unit roots and seasonal differencing of the data removes the 

unit roots to render stationary data. The autocorrelation function has the appearance of a 

sinusoidal function with a 12 month period and spectral density function exhibits a discrete 

spectral component at the Frequency of 1112 cycle per year. 

A determini stic method does not cons ider the random effect of various input parameters. A 

stochastic approach , however, employ the concept of probabili ty to a certain extent. Rainfall is 

periodic and stochast ic in nature because it is affected by climatologically parameters i.e . 

variations of periodic and stochastic climates become periodic and stochastic components of 

rainfall. As a result, it should be modeled by considering both the stochastic and deterministic 

parts of the process. Assuming all factors known, rainfall is a function of the stochastic variation 

of climate (Yevjevich, 1972). Stochastic analysis of rainfall time series should provide a 
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mathematical model that will account for the deterministi c and stochastic parts and will al so 

refl ect the variation of the rai nfal l. 

Seasonality is a phenomenon commonl y found in environmental, meteorological and other time 

series. Seasonal series are such that similariti es occur at equi valent parts of a cycle. In pal1i cul ar, 

we say that a seri es exhi bits peri odic behavior with peri od s when similarities in the seri es occur 

in s basic time interva l. In monthl y data seri es, the basic time interval is one month and the 

period is s = 12 period . 

Three types of seasonal time series models are commonl y used to model meteorologica l and 

hydrological processes which usually have strong seasonality (Hi pel and McLeod, 1994): I) 

seasonal autoregressive integrated moving average (SARIMA) models; 2) deseasonali zed 

ARMA model s; and 3) peri odic ARMA models. In another way, aruma I rainfall data that does 

not exhibit regular seasonality behavior can usually be modeled using transfer function plus 

noise and fast furri er transformation methods (Yilma el al., 1994). The stochastic nature of 

monthly rainfall as a function of time, however, has been frequently modeled with Seasonal 

Autoregressive Integrated and Moving Average (SA RIMA) (Hi pel and McLeod, 1994). Usuall y, 

12- lag di fferencing removes the ann ua l cycle in a monthly ti me series but may introduce 

periodicities in the continuous spectral density whi ch are not due to any discrete component of 

spectral component created by natural cycle (Dulleur and Kavas, 1978). 

2.4 Quantitative Forecasting Methods 

There are many quantitative methods of model building and forecasting used in various fi elds. 

These forecasting methods can be categorized into two groups: causal and time series . The 

causal method attempts to identi fy independent variables and their relationship to the variable of 

interest, the dependent variable. Changes in the independent vari ables are expected to cause 

changes in the dependent variable. By find ing the proper relationship of the independent to 

dependent vari ables, models can be built which will be used to forecast dependent varia bles, 

given an input of the independent vari ables. One of the drawbac ks to the causal method is that in 

some cases it is very diffi cult , if not poss ible , to find independent variab les that can entirely 

explain the occurrences of the dependent variab le. In add it ion, even if an accurate model can be 
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formulated, it is only as good as the abili ty to predict the future val ues of the independent 

variables (Thomopoulos and Nick, 1980). 

2.5 Review of Forecasting Methods 

The two major forecasting methods commonl y in use are uni vari ate and multivari ate methods. 

The uni variate method refers to a model based on fitted current and past observation of a given 

variabke. Different uni vari ate forecasting procedures available include ex trapolation of trend 

curves (long-term forecasting), exponential smoothing, Hot-Winters procedure, and box-Jenkins 

methods. 

Earlier procedures for forecasting a time series from its current and past va lues were of a 

somewhat ad hoc nature, though theoretical j ustifications for their use were generall y available. 

In particular, there exists a group of teclmiques, classed under the heading "exponential 

smoothing", characteri zed by the property that for anyone of these techniques a single model 

was employed for forecasts from an y time series. Nevertheless, exponential smoothing method 

is widely used in business and ind ustry. This method should onl y be used in its basic fo rm fo r 

non-seasonal time seri es showing no systemati c trend or with effec ts that can be measured and 

removed to produce a stationary series. Exponential smoothing can readil y be generali zed to deal 

with time series containing trend and seasonal variation. The resulting procedure is usuall y 

referred to as the Hot-Winters procedure (De Gooije and Hyndman (2006).The remarkably good 

forecasting performance of smoothing methods has been addressed by several authors. Simple 

exponential smoothing is optimal for a wide range of data generating processes. Hyndman 

(2001 ) revealed that simple exponential smoothing performs better than first order ARI MA 

models because it is not subject to model se lection problems, particularl y when data are non­

normal. It is common practice to restrict the smoothing parameters to the range 0 to I. A 

computer program could be written in such a way that, for any particular series, forecasts by the 

class of exponential methods could be immediately generated without manual intervention. Such 

a procedure can be described as full y automati c. 
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In a senes of literature and a subsequent book by Box and Jenkins (J 976) outlined in 

considerable detail a strategy for time seri es fo recasting . In a very impor1ant sense their approach 

represented a rad ical departure in fo recasting methodology. The Box-Jenkins approach is not 

full y automatic. These authors propose a class of mode ls, and a strategy by which for any given 

series a particular model is chosen from this class according to the properties of the individual 

time series under study. Thus the fo rm of the eventual forecas t function is dictated, to a large 

extent, by the data - a principle known as "letting the data speak for it". The user of the Box­

Jenkins method is allowed a good dea l of freedom of choice and, correspondingly, is required at 

vari ous stages of the procedure to exercise judgments in the choice of an appropriate model. One 

might thus expect the Box-Jenkins procedure to be rather more versatile, in terms of its areas of 

appl icabi lity, than many of its competitors. The success of the Box-Jenkins methodo logy is 

founded on the fac t that the vari ous models can. between them, mimic the behavior of di verse 

types of seri es- and do so adequate ly wi thout usuall y requ iring very many parameters to be 

estimated in the fina l choice of the model. The facility afforded by the Box-Jenkins approach for 

a choice of forecast function appropriate to the pat1icular problem under consideration is, the 

most distinctive features of the method and its principles virtue (Newbold, 1975). 

The univariate Box - Jenkins methods are useful for the analysis of a single time series. In such a 

case we basicall y limit our modeling to the information contained in the series' own past. In 

many cases, however, we may be able to re late the response of one series not only to its own past 

values, but also to the past and present va lues of other related (stochastic) time series. In th is 

marmer, " transfer function models" can be constructed in such a way that effecti ve merging of 

the basic concept of general regress ion model with that of ARIMA model is possible. It is often 

the case that changes in some series yare anti cipated by changes in a related series x, is special 

class of multi variate methods. Clearl y possession of information on some variables is potentiall y 

of great value in forecasting. But, in thi s methodology a great deal of care is needed in the 

construction of models relating time series, as is illustrated by (Caldwe ll , 2006). In particular, 

dangers of "di scovering" spurious relationsh ips must be circumvented. A close look at the 

literature on the subj ect reveals that there is no unifi ed mathematical model with a uni versal 

acceptability (Tsakiri s, 1998). But rather, the methods to be used depend on the degree of 

accuracy, objective of the forecast, and the properties of time series. 
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2.6 Conceptual Framework for Time Series Modeling 

Time senes models attempt to forecast the future values by analyzing the past. Time sen es 

considers hi stori ca l data and attempts to deri ve some process which will explain those 

occurrences and predict future va lues. Much stati stical theory is concerned with random samples 

of independent observations. The special feature of time series analysis is the fact that success i ve 

observations are usually not independent and that the analysis must take seri es analys is 

techniques to identify the patterns which typicall y ex ist (Diebold ef.al. 2006) 

There are two broad approaches to time sen es modeli ng. The fi rst approach (ti me domain) 

represents time seri es as a function of time and is used to obtain the trend component and, then, 

to propose a pred iction mode l. The second approach dea ls with the frequency domain, to 

determine the periodic components of the series. In ference based on the autocorrelation function, 

as in Box-Jenkins methodology, is often known as ti me series modeling in time domain. An 

analyticall y equivalent way of viewing the data is to transform the autocorrelation function into 

the frequency domain, in which the data are analyzed in terms of their cyclical prope11ies . This 

approach to time series modeling is called spectral analysis, and it provides di ffe rent insight to 

the properties of the time series . 

Time series plot: When presented with a time series, the fi rst step in the anal ysis is usuall y to 

plot the data and to obtain simple description measures of the main properties of the series via a 

visual inspection of the time seri es plot. This may reveal one or more of the following 

characteri stics: seasonality, trends either in the mean leve l or the vari ance of the series, long­

term cycles, and so on. Time series analys is is mainly concerned with decomposition of the 

variation of a series into trend, seasonal vari ati on, cyclic and the remaining 'irregular' 

fluctuations (Chatfield, 1996). 

• Trend: A trend is a long-term component that represents a growth or a decl ine of a time 

series over an extended period of time. 
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• Seasonal component: This term of seasonality is used for time series defined at time intervals 

which are fractions of a year. It is a pattern of change that repeats itself fro m year to year 

(example monthly rainfa ll). 

• Cyclical component: Changes in time series sometimes show a wavelike fluctuation around a 

trend, wh ich shows the possible existence of periodicity with longer time intervals. 

• Irregular component: This is a pali of a time series represented by residual s, after the above­

mentioned components have been removed. 

White noise: The fundamenta l bui lding block of time seri es models is a white noise seri es a,. 

The symbol a, represents an ant icipating in coming "shock" to the system. The assumption in 

time seri es modeling in regard to these a, sequences is an uncorrelated sequence of random 

variables wi th constant variance and means zero. The goal of time series modeling is to capture, 

with the estimated model , the correlation structure in the seri es. 

Autocorrelation: In a time seri es, autocorrelation refers to serial dependence measure, that is, 

the correlation of observations of one variable at one point in time with observations of the same 

variable at prior time points. This is a convenient point to introduce a concept of fundamental 

importance in the analys is of time series. It is the object of many forms of time series analysis: 

To identify the type of dependence which exists, to build a stati stical model that emulates the 

dependence and proceed with forecasting and policy analysis. The array of coefficients PI, Pl .... , 

Pk or their sample counterparts 1'/.'"2, ... ,1'" tell us a great deal of the internal structure of the series. 

And their totality, graphed with k as abscissa and rk as ord inate is called autocorrelation function 

plot. 

The visual inspection of the autocorre lation function plot provides usefu l check for time seri es 

pattern (Chatfi eld, 1996). 

• If a time series is completely random, then fo r large 11 , rk = 0 for every k. 

• The stationary time series have only short-term correlations. 
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• If success ive values of a time series tend to alternate, the autocorre lation function would 

also tend to alternate. 

• If a time seri es has a trend , the values of rk would not decrease to zero, except for very 

large values of k. 

• If a time series is characterized by seasonal fluctuations, then the autocorrelation function 

would also shows osci llations along the same period. 

Stationarity: A time series is said to be stationary if there is no systematic change in mean (no 

trend), if there is no systematic change in variance and if periodic variations have been removed. 

If the statistical property of one section is much like those of any other section of the data then 

we call the series is stationary (Pankratiz, 1983). Most of the probability theory of time series are 

concerned with stationary time seri es, and for this reason time seri es analysis often requires one 

to turn a non-stationary seri es into a stationary one so as to use thi s theory (Brockwell and Davis, 

1996). 

There are two main types of transfonnations to make the seri es stationary. Firstl y, the data can be 

transformed tlu'ough differencing if thl;! stochastic process has an unstable mean. This type of 

transformation is used for the purpose of removing the polynomial trend that is exhibited by the 

data. The logarithmic and square root transformations are special cases of the class of 

transformations called the Box-Cox transformation which can be used to induce stationarity. 

These transformations are used if the series being examined has a non-constant mean and 

variance (Box el aI. , 1985). In time series analys is, the most commonly used transformations are 

variance- stabili zing transformations and differencing. Since differencing may create some 

negative values, variance-stabili zing transformations should be applied before taking 

differencing (Cromwell et al., 1994) 

Differencing: This method is an integral part of the procedure advocated by Box and Jenkins 

( 1976) and is a data pre-processing step which attempts to de-trend data to control 

autocorrelation and to achieve stationary by subtracting each datum in a series from its 

predecesso r. Differencing is a special type of filtering, which is particularly useful for removing 

a trend and seasonal fluctuati on (Chatfield , 1996). A differenced stationary seri es is said to be 
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integrated and is denoted as I (d) where'd' is the order of integration. The order of integration is 

the number of unit roots contained in the seri es, or the number of differenc ing operations it takes 

to make the series stationary about the mean (Wei, 1990). 

Parsimony: In Box-Jenkins time seri es modeling the term parsimony refers to a model with least 

number of parameters. This is not only because simple models are easy to fit and explain, but 

also because parsimonious models help avo id the problem of parameter redundancy (Pankratiz, 

1983).The correlation matri x for estimated parameters provides a means of recognizing the 

existence of paran1eter redundancy. Although the estimates of the parameters of a Box-Jenkins 

model will a lways have some correlation, very hi gh correlation (IRI > 0.8 or 0.9 between the 

estimates suggest parameter redundancy (Kirkpatri ck and Gaynor, 1994). 
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CHAPTER THREE 

DA T A AND METHODOLOGY 

3.1 Data 

The National Meteorological Agency (NMA) is the responsible organ ization for the co ll ection 

and issuing of meteorological data. The monthly rainfall seri es from the period January 1975 -

December 2009 used in this study was collected by the agency at Mekele stati on of Tigray 

regIOn. 

3.2 Methodology 

The methodology used for time series analysis in thi s research is the univariate Box and Jenkins 

method. This method applies Autoregress ive and Moving average to fo rmulate a model used in 

forecasting future rainfall series. This research exclusively deals with modeling time seri es 

forecasting model, in parti cular, the Seasonal Autoregressive Integrated Moving Average 

(SARIMA). 

The Box and Jenkins methodology is a powerful approach to the so lution of many forecasting 

problems Montgomery and Johnson (1976) and it can provide ex tremely accurate forecasts of 

time series and offers a formal structured approach to model building and analysi s. There are 

many quantitative methods of model building and forecasting used in climatology and 

metrological studies today. With the development of the stati stical software packages and its 

availability, these techniques have become easier, faster and more accurate to use. In thi s study, 

we employ SAS and SPSS software packages for the stati stica l data anal ysis. 
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3.2.1 The Box-Jenkins Models 

In general, the Box-Jenkins models provide a common framework for time series forecasting. It 

emphasizes the importance of identifying an appropriate model in an interactive approach. In 

addition, the framework can cope with non-stati onary series by the use of differencing. Box­

Jenkins' method deri ves forecasts of a time seri es solely on the basis of the hi storical behavior of 

the seri es itse lf. It is a uni variate method which means onl y one variab le is to forecast. The ideas 

are based on stati sti cal concepts and principles that are able to model a wide spectrum of time 

series behavior. The basic Box-Jenkins' models can be represented by a linear combination of 

past data and random variables . The sequence of random variables is called a white noise 

process. These random variables are assumed to be uncorrelated and normal with mean zero and 

constant variance. 

The first step in developing a Box-Jenkins model is to determine if the ti me seri es is stationary, 

non-random and if there is any sign ificant seasonality that needs to be modeled. Stationarity can 

be assessed from graphical and stati stical tests. Specifically, non-stationarity is often indicated by 

an autocorrelation plot with vcry slow decay. 

In order to understand the modeling procedure it is useful to briefl y introduce the three basic 

models in non-seasonal and seasonal ve rs ions. 

3.2.1.1 Non Seasonal Stochastic Models 

3.2.1.1.1 Autoregressive (AR) models 

Autoregressive models are the mOSI popular time series mode ls, as they can be full y estimated 

and tested within the framework of least-square regression . An autoregressive model with p AR 

parameters can be written as: 

( I ) 
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where Xt is the time series, (1\, ¢2"'" ¢p are the parameters of the AR, at is usually specified 

as white no ise. The subscripts on the ¢ 's are the orders of the AR parameters. The highest order 

p is referred to as the order of the model. Hence, it is called an autoregressive model of order p 

and is usuall y abbreviated AR (p) (Box et aI. , 1985). It is convenient to write the model in lag 

operators, 

x t = ¢l BXt - 1 + ¢2 B Xt -2 + ... + ¢pB x t - p + at, 

(1 - ¢l BXt-l - ¢2 B Xt -2 - .. . - ¢pB )xt = at, 

¢(B) Xt = at · (2) 

T he va lues of ¢ which make the process stationary are such that the roots of ¢ (8) = 0 should 

li e outside the unit circle in the complex plane where B is the backward shi ft operator such that 

Bx, = X,_I (Vandaele, 1983). In other wo rds, if all zeros of ¢(B) are larger than one in absolute 

val ue, there is a stationary process x t , which sati s fies the autoregress ive equation and can be 

represented as 

- '\' ''' . I ·th h' h fl' Xt - L..,j=O 'lfj at-j , 'lfj IS t le J w elg 0 at at ag J . (3) 

The coefficients 'lfj converge to zero, such that I j=o I 'lfj I < 00. If some roots are exactly one 

in modulus, no stationary solution exists. A typical case is the random walk, de fined as 

Xt = x t- 1 + at 

( l-B)x t = at · (4) 

In thi s kind of situation, there is no stationary process that satisfies thi s equation. For the simple 

AR (I) model , it is to recove r them, as x t = ¢xt - 1 + at is immediately transfo rmed in to 

(5) 

The AR (I ) model admits a stationary solution - is 'stable' - wheneverl ¢1 < 1. For higher- order 

model s, stability conditions on coefficients become increasingly complex (Diebold et.a!, 2006). 

Stationary autoregressive processes have an autoco rrel ation function (ACF) 

Pj = corr. (Xt, Xt -j ) that converges to zero as} .... 00 at a geometric rate. A plot of the ACF ofa 

·stationary AR (p) model wo uld then show a mi xture of damping sine and cos ine patterns and 

ex ponenti al decays depending on the nature of its characteristic roots. Another characteristics 
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feature of AR (P) models is that the partial autocorre lation function defined as PACF (j) = corr. 

(xt,xt-j l x t - 1,Xt -2' ... ,Xt -j+1 ) becomes exactly zero for values larger thanp (Tsay, 2005) . 

3.2.1.1.2 Moving Average (MA) Models 

A series Xt is said to fo llow a moving average process of order q, or simply MA (q) process if 

(6) 

where a t is the white noise, B1 , B2 , . . . , Bq are the MA parameters. MA (p) models immed iate ly 

defi ne stationary, every MA process of fi nite order is stat ionary. In order to preserve a un iq ue 

representation, usuall y the requ irement is imposed that all zeros of B(8) = 1+ B18 + B2 8 2 + ... + 

Bq 8 q are equal greater than in absolute va lue. In that case, the MA model corresponds to the 

wold 'S representation of the stationary process. Wold 's theorem tell s that every stationary 

process can be decomposed in to a deterministic part and purely stochastic part, with the 

stochastic part being an MA process. The errors of the wold ,5 representation are defined as 

prediction errors, if Xt is predicted linearly fro m its past (Diebold et.al, 2006). 

If all roots of B(8) =0 lie outside the unit circle, the MA process has an autoregressive 

representation of generally infi nite order LJ=o IfIjXt - j=at with LJ=o IlfIj I < 00 . MA process 

with an infi ni te order autoregressive representati on are said to be inverti ble . A property required 

on occasion in the analys is of such time series is that of invertability. 

A characterist ics feature of MA (q) is that their ACF. p becomes stat isticall y insign ificant after 
} 

j =q. The propelty of the ACF should be re fl ected in the correlogram, which should 'cut off after 

q and the PACF converges to zero geometrically. 
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3.2.1.1.3 Autoregressive-Moving average (ARMA) 

In most cases, it is best to deve lop a mixed autoregressive moving average model when building 

a stochastic model to represent a stationary time seri es. The order of an ARMA model is 

expressed in terms of both p and q. The model parameters relate to what happens in period I to 

both the past values and the random errors that occurred in past ti me periods. The general 

ARMA model can be written as fo llow: 

Thi s express ion can be simp lified by a backward shift operator B and we obtain 

¢i..B) x t = e(B) a t· (8) 

An ARMA model is stable- i.e. , it has a stationary 'so lution '- if all zeros of tjJ(B) = 0 is larger 

than one in abso lute value. The representation is unique if all zeros of t/J(B)= 0 lie outside the 

unit circle and t/J(B) and e(E) not have common zeros . The stable ARMA models always have an 

infi nite order MA representation. If all zeros of tjJ(B) is larger than one in abso lute value, it has an 

infinite order AR representation. In practice, ARMA models often permi t to represent an 

observed time series with a lesser number of parameters (more parsimonious) than AR or MA 

mode ls. To have ARMA (p, q) model, both ACF and PACF should show decayi ng to zero. The 

autocorrelogram of an ARMA (p, q) process is determ ined at greater lags by the AR (P) part of 

the process as the effect of the MA part dies out. Thus eventuall y the ACF consists of mixed 

damped exponentials and sine terms. Similarl y, the partial autocorrelogram of an ARMA (p, q) 

process is determined at greater lags by the MA (q) part of the process (Ca ldwe ll , 2006). Thus 

eventuall y the partia l autocorre lation fu nction wi ll al so consist of a mix ture of damped 

exponenti als and sine waves. 
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3.2.1.1.4 Autoregressive Integrated Moving Averages (A RIMA) Models 

This secti on introduces the bas ic theory of Autoregress ive Integrated Moving Average 

(ARIM A). Generall y, most of the time seri es are non-stationary and Box-Jenkins' method 

recommends the user to remove any non-stati onary sources of va riati on, and then fi t a stat ionary 

model to the time seri es data. In practi ce, we can achieve stati onarity by applying regul ar differences 

to the ori ginal time seri es. If di ffe rencing a series d times makes it into a stationary ARMA(p, q) 

and the seri es is said to be an autoregressive integrated movi ng average process, denoted by 

ARIMA(p, d, q) and may be written as 

¢(B)( I - B/ x t = B(B)a t , (9) 

where ¢(B) is a polynomial of order p, B(B) of order q and ¢ and Bobey the re levant 

stati onari ty and invertibility conditions, respective ly. In th is expression the left-hand side has a 

unit root in the operator ¢(B) (J - Bf Testi ng fo r stationarity is the same as look ing for, and not 

fi nding, uni t roots in thi s representation oflhe series. If the presence ofa unit root is not obvious 

it may become obvious from an examination of the sample autocorrelogram and indeed this tool 

was used for many years to indicate their presence (Hoff, 1983). In recent years Dickey-Fuller 

tests have been designed to test fo r a unit root in these ci rcumstances (see page 28 for more 

detail s of this test). 

A RlMA models are written in the same way as the basic models, except that the diffe renced 

(stationary) series Wt is substituted for the ori ginal seri es Xt. In order to express ARlMA models, we 

have to understand the use of diffe rence operator. For example, the first difference ofa series 

can be expressed as: 

(l0) 

The use of a symbol 'J is used to simplify the express ion in equation ( 10). The first di ffe rences 

of the series X t could then be written as: 

( I I ) 
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If we take the second consecu ti ve di fference of the ori ginal series the express ion would be defined 

as: 

( 12) 

In general, the d" consecuti ve diffe rencing would be expressed as IJdxt (Vandae le, 1983). 

The general form of ARIMA model can written as 

( 13) 

In ARIMA models, the term integrated , which a synonym is for summed, is used because the 

differencing process can be reversed to obtain the original time series values by summing the 

successive values of the differenced series (Hoff, 1983). 

3.2.1.1.5 Interpretation of Stationarity and Invertibility of 

AR and MA Models 

A stochastic process is strictly stationary if it s probabi li ty di stribution is invariant to shifts in 

time, and is weak stationary when the first two moments o f the probabi lity distribution o f the 

process are invariant to time shift . In practice, weak stationarity, or simply stationarity, is widely 

used that represents a critica l assumption in the analys is time series data (Diebold el aI. , 2006) . 

Its importance lies in the fact that the conditions of constant mean , vari ance and covariance are 

essenti al in accuratel y estimating the parameters and models that describe the data. Given that in 

most situations only one observation is avail able at a given time, stationarity ensures that all 

parts of the seri es are like the other parts, which allows us to estimate the needed parameters. 

Therefore, the mean, the variance and the covariance of the series are not functions of time and 

depend rather on the lag between the observations. 

Invel1ibility condition also the other criti cal assumption in time series modeling. In thi s concept, 

effects of past values on the current value di e down the further in to the past. 
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The ARMA (p, q) mode l for the X t series may be defi ned by the relationship, 

~(B) x, = 8(B)a, , ( 14) 

where a, is a whi te no ise, ¢j and f1 are the AR and M A parameters, respecti ve ly, B is the 

back ward shift operator, and p and q are the orders of the po lynomials ¢(B) and e(B), 

respectively. Tak ing the expectation on both sides and remembering that the white noise series a, 

has mean zero, it fo llows that E(x,) =0. The vari ance of the ARMA (p, q) model can be 

represented in terms of its spectrum (Dulleur and Kavas,1978). 

(15) 

Where Ii is the sampl ing time interval, OJ the frequency and cia the variance of the random 

shocks seriesa t . The polynomial in the numerator converges when ea , a = 0, I , 2, ... pare 

fin ite . The denominator can be expressed as the product of fac tors(l - cje - i2nWo )mi, where mj 

is the multipli city of the jt" factor. The vari ance given by (15) wi ll thus converge when hi < 1. 

If the roots of the denominator polynomial are of the fo rm l /cj , j= l , 2 ... , p they should be lie 

outside the un it circle. There fore, stati onarity imposes a restricti on on the autoregressive 

coefficient onl y, name ly, that the roots of ¢(B) = 0 be outside the unit circle. 

We consider the ARMA (I , 0) model (1- cjB) x t = at. Then, fo r 

Xt = CjXt_l + at 

Xt+l = cfxt - 1 + cja t + a t +1 

3 2 
X t+2 = Cj X t - 1 + Cj a t +1 + Cjat+1 + a t +2, etc. ( 16) 

23 



When /Cj/ > I, the effect of the past on the present value of the time series increases as the 

series moves in to the future. When /Cj / = 1 the effect of the past on the present value stays the 

same no matter how far in the future the seri es have moved. 

Although there were no restri cti on on movlllg average operator 8(8) of the ARMA(p, q) 

model under the stationarity conditions , the invert ibility of the 8(B) is required to assure 

reali zability of time seri es values in stochast ic model ing. 

The polynomial 8(8) may be written as the prod uct of factors (1- cj 8)mi , where mj is the 

multiplicity of the /' root in 8(8) .The se ries is said to be inverti ble if When ICj I < 1, j= l , 

2, ... , q. If we consider the case when led > I then 8(B) = (1- CIB)Bl(B) and the ARMA 

(p,q) model , 8(B)x t = (1 - cI B)81 (B) can be defined as 

8,(8) 1 1 1 1 - -a---x---x -- x --x _ .. , 
¢(8) t - I - CI B t - CI t+l C[ t+2 c? t+3 (17) 

Thus for a root of 8(8) inside the unit circle the future values are used to generate the 

present values of xt.Therefore, to have a reali zability of the series generation all roots of 

8(8) = 0 must be outside the unit circle. 

3.2.1.2 Pure Seasonal models 

In addition to trend, many time se ri es may contain seasonal periodic component which repeats at 

every s regular seasonal interva ls. The seasonal pattern may additionally frequently di splay 

constant change over time. Just as regular differencing applied to the overall trending series, 

seasonal differencing (SD) is applied to seasonal non stationary as well. Seasonal differencing on 

series Xt can be defined as: W t = (1 - BS ) Xt = Xt - xt-s, where B is the backshift operator 

and s is the seasonal interva l of the series. And as autoregressive and moving average tools are 

available wi th the overall series, so too, availab le for seasonal phenomena using seasonal 

autoregressive parameters (SAR) and seasonal moving average parameters (SMA). The need for 

seasonal autoregressive (SAR) and seasonal moving average (SMA) parameters is establi shed by 
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examining the autocorrelation and partial autocorrelation patterns of a stationary series at lags 

that are multiples of the number of periods per season. These parameters are required if the 

values at lags s, 2s, etc. are nonzero and disp lay patterns associated wi th the theoretical patterns 

fo r such models. Seasonal differencing is indicated if the autocorre lations at the seasonal lags do 

not decrease rapidly. 

In the seasonal box and Jenkins methodology, as in the non seasonal models, requires the s imilar 

implementation ofthe iterati ve procedure to determine the best model. However, because there is 

seasonal component present, as well as trend and error, the steps are slightl y more involved, the 

models more sophisticated and the alternatives more numerous. In practice, mixed seasonal 

models are se ldom used (Bower man and O' Connell, 1987), yet the general form of the box­

Jenkins model can be used effect ively to wri te the equation for any spec ific non seasonal and 

seasonal stationary model. 

3.2.2 Handling Outliers and Missing Values 

For anomalous data due to various causes, the incorporation of outl ier detection and adjustment 

procedure can ultimately produce more appropri ate models, better parameter estimates, and more 

accurate forecasts. 

Moreover, similar to other statistical analyses a problem frequently encountered in data 

co llection is miss ing observations in a data series. Missing data must also be add ressed in the 

time series context. Special consideration in handling missing data in a time series applicat ion is 

that the missing data cannot s imply be omitted from the data seri es. Miss ing observati ons must 

be replaced by appropriately estimated va lues so that the alignment of data between time periods 

will not be offse t inappropri ately. In order to replace those observations, there are several options 

avai lab le in the li terature . Kirkpatrick and Gaynor (1994) di scussed that miss ing data in a time 

seri es may be estimated using one of the following methods. Firstl y, rep lace with the mean of the 

series .This mean can be calculated over the entire range of the sample. Secondly, rep lace with 

the naIve forecast. Naive model is the simplest form of a uni vari ate forecast model. It uses the 

current time value for the nex t time, that is xt +1 = x t . Third ly, replace with a simple trend 

forecast. This is accomplished by estimati ng the regression equation of the form Xt = a + PI, 
where I is the time for the periods prior to the missing value. Then use the equation to fit the time 
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periods missing, Finally, replace with an average of the last two or more known observations that 

bound the missing observation, 

3.2.3 Tests for Assumptions in Time Series Analysis 

The first step in developing a Box-Jenkins model is to determine if the series is stationary and if 

there is any chance of randomness , The underl yi ng methodology assumes that the time seri es is 

stationary and serially correlated, Thus, before modeling process, it is important to check 

whether the data under study meets these assumptions, 

3.2.3.1 Tests for Stationarity 

Stationarity is the first fundamental stati stical property tested in time series analysis, If non 

stationarity is present in a given time series , it is possible to transfo rm the seri es to a stationary 

series , Because o f most time series data are non-stati onary, transformation is needed in 

stochasti cally modeling, In thi s sense, the most common transformati on is diffe rencing, that is, 

subtracting a past value of a vari able from its current value (Greene, 2000), But, it is necessary to 

detect whether non-stationarity is present in a seri es before di fferencing, For thi s reason, there 

are alternative approaches as graphical method, nonparametric tests and unit root test. 

3.2.3.1.1 Visual Tests for Stationarity 

The Time Order Plot: The first and simplest type of test one can apply to check for 

stationarity is to actuall y plot the time seri es and look for evidence of trend in mean, vari ance, 

and seasonality, If any such patterns are present then these are signs of non-stationarity and 

di fferent mechani sms ex ist to turn the seri es in to a stationary one. If the result is a series that 

does not resemble a roughl y flat , hori zontal line then a trend in mean is present in the initial 

seri es, Statisti call y, the presence of a trend in the mean can further be detected by applying a 

seasonal Kendal test to the time seri es Wei ( 1990), 
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The Correlogram Test: One way to characterize a seri es with respect to its dependence over 

time is to p lot its sample ACF and PACF. Both fu nct ions are used in Box-Jenki ns modelling as 

correlograms to reveal importan t information regardi ng the order of the autoregress ive and 

moving average factors present in the generating process of the given time seri es as well as to 

assess stationarity. Enders (2004) expresses that inspection of ACF serves as a rough indicator of 

whether non-stationarity is present in a se ri es . If the sample ACF decays very slowly, it 

indicates that differencing is needed. This inspection of ACF implies that the sample is non 

stati onary. 

While the stationarity tests described in the above sections make use of subj ective visual 

inspection of data plots and correlograms, a more recent series of tests were deve loped to help 

with determining stationarity. These tests are unit root tests and stationarity tests formulated fo r 

the most part on formal stati stical tests. And the di fference between them li es in the stringency of 

the assumptions they use as well as in the form of the null and alternati ve hypotheses they adopt. 

The standard Dickey-Full er test (OF) is based on independent ly di stributed errors and has as the 

nu ll hypothesi s the unit root. On the other hand , the Phillips-Perron test is non parametric and 

a llows for some heterogeneity and serial correlation in the innovations (Enders, 2004). There 

ex ist many other unit root and stati onari ty tests as well as generalizations and combinations of 

the ones mentioned above. However, in thi s study, Augmented Dickey Fuller (ADF), the 

extension of the standard OF test is to be used. 

3.2.3.1.2 Unit Root Tests 

For a univariate time seri es, the Un it Root test is frequently employed for testing stationarity. 

The test first poses the null hypothesis that the given time series has a unit root, which means that 

the time series is non-stationary, and tests if the nu ll hypothes is is to be stati sti call y accepted or 

rejected in favor of the alternative hypothesis that the given time seri es is stationary. Let us 

assume that the relat ionship X, (the value at time t) and X, _ I is given by: 

Xr = ¢Xr / + a" (18) 
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where a l is a white noise process and ¢ is a parameter coefficient to be estimated. This model 

is a first o rder autoregressive process. The time series XI converges, as I ---> 00, to a stationary 

time series if I ¢ I < 1 . If I ¢ I = I or ¢ > I , the seri es XI is not stationary and the variance of XI is 

time dependent (Diebold el ai, 2006). In other words, the seri es has a unit root. The Uni t Root 

test based on s tandard OF subseq uentl y tests the fo llowing one-s ided hypothes is : 

Ho: ¢=1 (has a unit root) versus 

HI : ¢ < I (has root outside the unit c ircle) 

The name, unit root, comes from the fact that the coefficient of X I _ 1 is unity in this context. 

G reene (2000) stated that a non stationary time series could be converted to a stationary time 

series by taking first or higher order difference. If XI _ 1 is subtracted fro m the right and left sides 

of the above equation, resulting equation becomes: 

\lx, =(¢-J) x,- 1 + a r (\ 9) 

This equat ion is expressed as a first order difference equat ion. If ¢ is ta ke n one in the equation , the effect 

of unit root can be removed from the actual series that has non-stationarity via a first differenci ng. Note 

that the autoregress ive model in Equation (18) is a simple fo rm. The most common unit root test 

is the one that employs an autoregressive model containing more than one autoregress ive terms 

(or the Augmented Dickey-Fuller test). 

The Augmented Dickey-Fuller (A DF) Test: The stati onarity test utili zed in this study is the 

Augmented Dickey-Fuller (ADF) technique which is a general auto-regress ion model form ul ated in the 

following regress ion equation with trend and drift (Enders, 2004): 

!lx, = JI + PI + ¢Xr_1 + YI !l Xr_1 + ... + Y" !lxr_p + a"~ 

Where !lxr is the first differenced va lue of xt , at is the erro r term 

\lx,_j is the /' lagged orthe first differe nced of va lues of x, 

(20) 
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fl, fl, ¢, Y1, Y2,···, Yp are parameters to be estimated. 

The Dickey-Fuller-test now estimates CP ' = cP -1 by CP ' , obtained from an ordinary regression 

and checks for CP '= 0 by computing the test statistic: 

cP ' 
D F, = -'-----

S.e( CP ' ) 

where n is the number of observations on which the regression is based. The test stati stic follows 

the so called Dickey-Fuller distribution which cannot be explicitly given but has to be obtained 

by Monte-Carlo and bootstrap methods (Diebold el ai , 2006). 

The model hypothesis of interest is: 

Ho: CP '= 0 - the data needs to be differenced to make it stationary, versus the 

alternative hypothesis 

HA : CP ' < 0 - the data is stationary and doesn ' t need to be differenced 

If the null hypothes is of unit root (non stationary variable) is rejected indi cating the variable is 

stationary and integrated of degree zero. On the hand if the seri es found to non stationary, a 

transformation of the variab le by differencing is needed until we achieve stationarity (Fa lk, 

2006). In time series models, a linear stochasti c process has a unit root if I is a root of the 

process's characteristic equation. And the process wi ll be non-stationary. If the other roots of the 

characteri stic equation lie inside the unit circle, then the first difference of the process wi ll be 

stationary. The augmented Dickey- Fu ller (ADF) stati stic, used in the test, is a negative number. 

The more negative it is, the stronger the reject ions of the hypothes is that there is a unit root at 

some level of confidence (Elliott elal, 1996). Note that data without a clearly recognizab le 

trend , the term fl + fit in Eq. (20) can be omitted. In order to test for second-order 

differencing, the test procedure can be repeated for 'h, instead of X" with V' 2X, replacing V'x 

(Hamilton, 1994). 
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3.2.3.1.3 Variance Comparisons Test 

The behavior of variance associated with different orders of differencing can provide a useful 

means of deciding the appropriate order of differencing to achieve stationary (Hamilton, 1994). 

A time seri es that is non-stationary in mean can be made stationary by the first differencing. But, 

if the series is also not stationary in the rate of change of the mean (i.e. slope), stationarity can 

be achieved by tak ing the second difference, or the first difference of the fi rst difference. It 

should , however, be borne in mind that each successive differencing will decrease the variance 

of the series, but at some point, hi gher-order differencing will have an oppos ite effect. When 

vari ance increases, it means that the seri es has been over-differenced (Vandaele, 1983 ). 

3.4.2 Tests for Randomness 

3.4.2.1 Visual Inspection 

A time seri es, in which the observations fluctuate around a constant mean, have a constant 

variance and are stati stically independent, is a random time series (Chatfi eld, 1996). In other 

words, the time seri es plot does not exhibit any pattern: 

• The observations do not trend upwards or downwards, 

• The observations do not tend to be larger in some periods than in other periods. 

• The variance does not increase or decrease over time, 

We can examine whether a time se ries is random or not by the fo llowing procedures: 

• Visually, whether the time series plot shows any trend or not. 

• Visuall y by looking at the sample autocorrelation function of the time seri es. 

• Statistica ll y, testing whether the observed series could have been generated by a random 

stochastic process. 
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3.4.2.2 Bartlett's Band Test 

This test based on individual comparison of the sample autocorrelat ion and partial 

autocorrelations to their approximate standard error, + :n. This test was developed by Bartlett 

( 1946), who showed that if a seri es is generated by a white noise process (cited in Hamilton 

( 1994». The estimators are approximately normally distributed random variables with mean zero 

and variance Jl n, where n is the total number of observations. To make a 95% confidence test of 

the null hypothesis of no autocorrelation or partial autocorrelation li e out sided the band at lag k, 

we simply need to compare the va lue of the sample coefficient with the critical values + 5". If 

the value falls outside the bands, the null hypothesis is rejected at the 95% level. Thus, the 

Bartlett bands can be used as a benchmark for assessing departures from randomness, by 

providing bounds for the ACF and P ACF taken one at a time. 

3.4.2.3 Ljung-Box Q Statistic 

The Ljung-Box Q or Q statistic can be employed to check independence instead of visual 

inspection of the sample autocorrelations. The Bartlett band tests the null hypothes is that an 

individual autocorrelation coefficient is equal to zero. However, if a stochastic process is white 

noise, then all the autocorrelati on coefficients up to a specified lags wi ll be zero. Thus, to test for 

the overall and simultaneous absence of autocorre lati on at multiple lags, we need a test of the 

joint nu ll hypothes is. A test of thi s hypothesis can be done for seria l dependence by choosing a 

leve l of sign ificance and then comparing the value of calculated Q wi th X2 
- table of critical val ue. 

The Q-test stat istics has an asymptotic xl distribution (Brockwell and Davis 1996). If the 

calculated Q value is smaller than the l-table critical va lue, there is no serial dependence on the 

basis of available data. The Q stati stic is constructed fo r the first J autocorrelations and 

calculated by using: 

r' 
Q = n (n +2)2:1_ ....L 

)-1 n-) 
(22) 
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where n is the number of avai lab le observati ons, Tj is the J'h sample autocolTelation for 

j = 1,2,3, ... ,J. 

3.5 SARIMA Model 

In representing X I , X2, X3, ... , X'_I , X " X,+ I , ... ,xn for monthl y rainfall time series observed at 

equal time intervals (month) ; a general SARIMA (p, d, q) x (P, D, Q) 5 model for x, is written 

as: 

(23) 

or 

(24) 

where Xt(A) refers to some appropriate transformations of x, such as: a Box-Cox, log, and 

square root trans formation s ; 

t di scre te time; 

S seasonality interval, equal to 12 for monthly rainfall data; 

B backward shift operator defined by Bx/~) = x,j~) and SSx/~) = XIJ~); 

II mean level of the process, usually ta ken as the average of the se ri es W t ( if D + d > 0 

often 11 "'0); 

a, normally independent distributed white noise residua l with mean ° and variance cr} ; 

¢p (B) = 1- (/JIB- ¢ 2B2- (hBL ... - ¢pBP non seasonal autoregressive (AR) operator or 

polynomial of order p such that the roots of the cha racteristic equation (B) =0 li e outside 

the unit circle for non seaso nal stationarity; 

( 1-B) d = 'lid non seasonal differencing operator of order d to produce non seasonal 

stationarity of the d th diffe re nces ,usually d=0,1,or 2; 

(I)p (B5) = 1 - </I}B5 - </I2B25 - </I3B35, ... , - </IpBP5 seasonal AR operator of order p such that 

the roots of </I(Ji) = O lie outside the unit circle for seasonal stationarity and the <I> ;s, i 

= I ,2,3, ... ,p are the seasonal AR parameters; 
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(l-gSl = [7sD seasonal differe ncing ope rator of orde r D to prod uce seaso na l stat ionarity of 

the D th diffe ren ced da ta; 

W I = [7d [7sDX/,1) s tati o na ry series form ed by diffe re ncing x /A) se ri es (n '= n - d - sD is t he 

numbe r of te rms in the WI series); 

8q(8)=1 + 018 + 0282 + 0383 + .... , + Oq/3'l non seasonal moving average MA operator or 

polynomial of order q such that the roots of 8 (B)=li e outside the unit circle fo r invertibility and 

8i, i=1,2,3, .. ,q a re th e non seasona l MA parameters; 

e Q(gS) =1+ e ,SS+ e2B2s+ " ', + eQBQS seasona l MA operator of orde r Q such tha t th e roots of 

0 (8S) = 0 li e outs ide the unit circle for inve rt ibility and 0 i, i= 1,2,3, .. ,Q a re the seaso na l MA 

para mete rs (Hi pe l et aI., 1977) . 

3.5.1 Seasonal Model Development 

We often need to analyze ti me seri es in which a recurrent pattern having peri od s occurs. The 

pattern may change with ti me. In our case, monthl y rain fall series exhibits (as expected), a 

marked yearl y seasonal pattern with s= 12.The general model (25) is enti re ly adeq uate to 

accommodate fo r such seasonal behav ior. However, with such behav ior there are known special 

features of the situat ion which can be exploited to give the model a parsimonious form 

(Box.ef.al, 1985). In monthly rain fall seri es suppose that a value x, is observed in the month of 

January. Due to the nature of yearly seasonality, we expect that readings in month January of 

previous years will show similarities with thi s January. Consequently, we can li nk the January 

values for different years by a model of the form 

<1>1' (B 12) V'f2 XI = (25) 

and explains the dependence of the observati on x, at a particular month to the observation 

taking the same month during previous years. In Eq. (25) the symbo l V' f2 means ( I_ BI 2) D, the 

symbol cJ> p (B I2) is the seasonal autoregressive operator o f order P, and 0 Q (B I2) is the seasonal 

moving average operator of order Q. There wo uld be one such model fo r each month . 
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A lthough the observation of the monthl y rainfall for March, for example, is related to previous 

March rainfall , it is also related to other monthl y rain fa ll s during the same year. To take care of 

thi s serial dependence in the a, seri es, Box and Jenkins (1976) introduced the model 

(26) 

where V
d 

= (l-B)d and a, is a white noi se. Assuming that the parameters <Il and e obtai ned for 

each month are approximately the same, by combining (25) and (26) arri ve at the general 

multiplicative model 

(27) 

This multipl icative model assumes that in addit ion to the year to year serial dependence of the 

mUltiplicative ARIMA model, there is a correlation structure with in the months of the same year 

(Dulleur and Kavas, 1978). When s= 12, described in (Box el.al., 1985) the model embodies 

parameters which desc ribe month-to- month vari ation and parameters which describe year - to -

year vari at ion . 

The optimal forecast of future values of a time sen es are determined by the nature of the 

stochastic models which describes that series. The main effort in stati stical analysis directed to 

forecasting must be in obtaining a suitable stochasti c model for the series. An important principle 

in the choice of such models is that they should , whil st adequately representing the data, contain 

as few parameters as possible. In practice such mode development mllst be done iterati vely using 

process of identification, estimation and diagnostic checks. 
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3.5.1.1 Model Identification 

The purpose of the identification stage is to determine the differencing and transformation 

required achieving stationarity, and also the order of both the seasonal and the non seasonal AR 

and MA operators for the w, series. The Univariate Box-Jenkins model requires stationary series. 

The stationary seri es have the followi ng characteri stics: ( 1) their mean , variance, and 

autocorre lation coefficients are essentia ll y constant thro ugh time; (2) the autocorrelati ons of the 

seri es in ACF (autocorre lation-function) converge rapidl y toward zero . However, in practice 

most seri es are not stationary, requ iring a transformat ion to be converted into stationary series 

(Box and Jenkins, 1976). Having determined the correct order of differencing required rendering 

the series stationary, the next step is to find an appropriate model to the stationary series. There 

are a number of identification methods proposed in the literature. The autocorrelations function 

(ACF) and the partial autocorrelation functions (P ACF) are the two most useful tools in any 

attempt at time series model identificati on (Granger and Newbold, 1986). Examination of the 

autocorrelation function of some suitable difference of the form w,=[7d [7sDx , of the seri es wi ll 

usuall y indicate which model to fit in the first instance . Th is model can then be fitted , checked 

and modified if the fit is not adequate .This type of analysis has been also used with success to 

model a variety of seasonal series (Box e/.a/, 1985). 

A plot of original data portrays an overv iew of how the time serres is generall y behaving. 

However, the sample Autocorrelation Function and Partial Autocorre lation Function transform 

the given information into a format whereby it is possible to detect the order of Auto Regressive, 

Moving Average, Seasonal Auto Regressi ve and Seasonal Moving Average terms required in the 

tentative model to be identified. 

Autocorrelation Function (ACF) : The sample ACF r k measures the amount of linear 

dependence between observations in a time series that are separated by a lag k. To use the ACF 

in model identification, estimate rk usi ng Eq. (29) (see next page) and then plot r k seri es against 

lag k up to a maximum lag of about five ti mes the seasonality interval and thi s should be less 

than to one fo urth of the series under study (Hipel e l at. , 1977). Relying on the plotted 

autocorrelation function we examine the presence of non stationarity in the x, series. In case 
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where the series seem to be non-stationary non-seasonal and seasonal differencing should be 

applied and check the theoretical pattern of the corresponding ACF if the times of di fferencing 

produces optimum series stationarity. 

To identify the number of non seasonal and seasonal autoregressive, and non seasonal and 

seasonal moving average parameters, we examine the ACF based on the theoretical pattern for 

the identified parameters. When the process is a pure SARIMA (0, d, q) x (0, D, Q) s mode l, r k 

truncates and is not sign ificantl y different from zero after lag q+sQ. If rk spikes out at lags that 

are multiples of s, thi s impl ies the presence of a seasonal autoregressive component. The fai lure 

of the autocorrel ation function to truncate at other lags may imply that a non seasonal 

autoregressive term is required. 

The autocorrelation of order k is simply the correlation between w, and W,_k. i.e. 

E( (Wt-I1)( W t-k - 11)} 

E((Wt-1l ) 2) 
(28) 

In practice, one never knows the true autocorrelations and partial autocorrelations and at the 

identification stage, one has to rel y on the sample autocorrelation and partial autocorrelation 

functions imitating the behavior of the corresponding parent quantities. In doing so, Pk can be 

estimated by 

(29) 

where iN is the sample mean of the Wt. 

Partial Autocorrelation Function (PACF) : The partial autocorrelation function , denoted 

by PACF, is similar to the ACF and can be descri bed as the correlation between x, and X
'
- S 

(observations of the time series recorded at two moments in time s time units apatt) after 

controlling for the common linear effects of the intermediate lags. Fo llowing the general rul es 

that may be helpful for interpreting the PACF of the stationary series, partial autocorrelation 
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function can also be used fo r determining the possible order of seasona l autoregress ive, non­

seasonal autoregressive, moving average and seasonal moving average that should be in 

corporate in the model. When the process is a pure SARIMA (p, d, 0) x (P, D, 0) model, Tkk cuts 

off and is not significant ly different Ii'om zero after lag p +SP. If Tkk damps out at lags that are 

multiples of s, thi s suggests the incorporation of a seasonal moving average component in to the 

model. The failure of the partial autocorrelation functi on to truncate at other lags may imply that 

a non seasonal MA term is required (Hi pe l el al., 1977 ). 

To obtain an estimate Tkk fo r partial autocorrelations (Pkk) at lag k, we can employ successesive 

autoregressive esti mation procedure. The first step is to model the WI series by fin ite 

autoregressive models of order K given by 

W , = P o + I~=l Pkk Wt-k (30) 

where Pkk is the klh autoregressive coeffi cients, WI represents fo r the stationary monthl y rai nfa ll 

series and k= 1,2, .. ,K. 

Estimate of these coeffi cients by ordinary least squares or maxI mum li kelihood estimation 

method gives the klh sample partial autocorrelation (i-lipel e/ ai., 1977). 

3.5.1.2 Model Parameters Estimation 

Model parameter estimation is usually carri ed out on a computer using a nonlinear least-squares 

approach by minimizing the sum of squared errors. The method of least-squares criteri on is 

suggested by Box and Jenkins( 1976) in which least squares refers to the parameter esti mates 

associated with the smallest sum of squared residuals (SSE). The estimati on-stage results will be 

used to check: (i) Parameter estimates, (ii) the appropri ateness of coefficient esti mates which 

includes the stati stical significance of estimated coeffic ient and standard error, correlat ion matrix 

and coeffi cient near redundancy, and (iii) closeness of fit-root-mean squared erro r, Ale and r2 = 

I-SSE/SST refers to the coeffi cient of determination. 
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Maximum likelihood estimation for the model parameters, Brockwell and Davis (1996) suggest 

that the approximate maximum likelihood estimates for the SARIMA model parameters is 

obtained by employing the uncond itiona l som of squares method. When using thi s technique the 

unconditional sum of squares function is minimized to get least squares parameter estimates. 

In Box and Jenkins modeling, the res idual at are assumed to be independent, have constant 

variance, and usuall y normally distributed. The independence assumption is the most important 

of all and its vio lation can cause drastic consequences. However, if the constant variance and 

normality assumption are not true, they are often reasonable well satisfied when the observations 

Xt are transformed by logarithmic transformation. On the other hand, the normality assumption of 

the residuals is usually not critical for obtaining good parameter estimates as long as the a{ are 

independent and have a positi ve finite variance. We can obta in reasonable estimates called 

Gauss ian estimates of the parameter can be obtained (Hipe l el ai., 1977). 

In maXIITIUm likelihood methods the likelihood function is maximized in order to obtain the 

parameter estimates. The likelihood of a set of data is the probability of obtain ing that particular 

set of data, given its distribution. The philosophy behind maximum likelihood estimates is to find 

a set 0 f parameters which maximize the likel ihood of observing the data to which the model is 

being fitted. This maximum likelihood estimates have desirable property that they give unbiased 

minimum variance estimates asymptotically. In time series analysis, the errors are generall y 

assumed to follow a normal di stribution. The likelihood function is created using all the 

observation availab le up to a pm1icular time. After thi s a linear optimization algorithm is used to 

maximize the likelihood function with respect to the parameter space (Shumway and Stoffer, 

2000). 

Based on the treatment of initial values, estimation methods are termed as conditional or 

unconditional. If the initial errors are fi xed as zero and initial observati ons are also regarded as 

true value, then the estimation is sad to be condit ional maximum likelihood. If no assumption is 

made about the initial observations then estimation is unconditional or exact maximum 

likelihood. In general , unconditional estimates have lower error variance than the corresponding 

conditional estimates. However, the downside with unconditional est imation is that it is 
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computationally more demanding because initial values are not fi xed and need to be determined 

along with the parameters . 

3.5.1.3 Model Diagnostic Checks 

At this stage the estimated model is tested to determine if it is stati stically adequate. If the model 

proves to be inadeq uate then the identifi cation stage is revi sited to tentative ly select one or more 

other models. In add ition, diagnostic checking provides clues about how an inadequate model 

might be reformulated. A number of diagnostic checks on the adequacy of representation of the 

estimated model can be applied. 

One class of diagnostic checks is devised to test model adequately by overfitting. This test is 

perhaps the simplest approach to fit a model which is rather more general (in the sense of 

containing more parameters) than that wh ich has been identified. An examination of the 

stati stical signil1cance of the esti mated of the add iti onal parameters will indicate whether or not 

they should be included in the model. The need to use as few model parameter as poss ib le (i.e. , 

the model should be parsimonious) so formulation that model passes all the diagnostic checks 

.The Akaike Information Cri terion(AIC) is a mathematical form of the parsimonious criterion of 

model building. When there are several competing models to choose from , select the model that 

gives the minimum of the AIC defined by 

AIC=-2 In (maximum likelihood) +2111 (3 1 ) 

where 111 is the number of seasonal and non-seasonal autoregress ive and movll1g average 

parameters to estimate. 

Most diagnostic tests deal with the res idual assumptions in order to determine whether the Cif are 

independent, have a constant vari ance, and are normally di stributed . Residual estimates are 

needed for the tests used in checking the three aforement ioned residual assumptions. 
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I. Tests for white noise: The most important test of the statistical adequacy of an estimated 

model al so invo lves the assumption that the residuals are independent, or are not autocorrelated . 

The bas ic analytical tools to test thi s assumpt ion are the residual ACF and residua l PACF. The 

res idual ACF for a properl y built model will ideall y have autocorrelation coeffici ents that are all 

near zero (Hipel el aI. , 1977). If some of the residual autocorrelation coefficients are 

significantl y different from zero; thi s mayan ind ication that the present model is inadequate. The 

residual autocorre lation function to examine are the residual autocorrelati on coeffi cients at the 

first few lags for non-seasonal model and the res idual autocorrelation coeffi cients at the first 

couple of lags and also at lags that are multi ples of s for seasonal model. If the present model is 

insuffic ient, a proper model can be selected either by changing the model Box and Jenkins 

(1 976) or by repeating the identifi cation, esti mat ion and di agnostic checks stages of model 

construction. 

Another method that can be used to evaluate the adequacy of a model is the plot of the errors 

over time. If a visual inspecti on of the errors reveal that they are randomly di stributed over time, 

then we have a good model. The basic analytica l tool test over thi s assumption is the residual 

ACF. The residual ACF for a properly built mode l will ideall y have autocorre lation coeffici ents 

that are a ll near zero. Stati sticall y, a t-test indicates if coeffi cients are significantly di fferent from 

zero . In practice, if the abso lute va lue of a residual ACF t-value is less than approx imately 1.25 

at lags I , 2 and 3, and less than about 1.6 at large lags, it can be concl uded that the random 

shocks at that lag are independent (Pankratz , 1983). 

A chi -squared test can also be used to check for the assumption that the true errors at are white 

noise. The sample residual autocorrelation or rk(Qt) seri es can indicate any departure from a 

typical white noise behavior in the residual and may suggest an alternati ve model specification. 

The overall test for white noi se due to Ljung-Box (known as Q-Stati stic) and provided by 

comparIng 

Q = n (n+2)l. r~(at) 
n-k 

(32) 
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with tabulated values of x 2 for K - m degrees of freedom at a signifi cance level; where m is 

number of parameters, n number of estimated residuals resu lted from the model and k = 1, 2, ... K. 

This can be further confirmed through plotting the p-values against different lags graphical ly to 

notice the probability strength of residuals being white noise. 

[I. Test for normality of the residuals : Many standard tests are ava ilab le to check whether 

residuals are normall y distributed. For instance , employing the normal curve plot of the 

residuals can help to examine whether the data under considerations show significant skewness. 

If significant skewness could be noticed, it reveals that the residuals seri es do not possess the 

normal di stribution characteri sti cs. 

3.5.1.4 Evaluating Forecasting Accuracy of the Model 

To assess the out-of-sample forecasting accuracy of the model, it is advisable to retain some 

values at the end of the sample period (usua ll y known as validation period) and are not used to 

estimate the model (Famum and Stanton, 1989). 

These can be used to measure the accuracy of a forecasting modcl depending on how close the 

forecasting va lues (Xi:) are to the actual value(x t ). In prac ti ce, we define the difference between 

the actual and the forecast va lue values as the forecast error. 

at = (x t )- (xt) (33) 

If the model is performing we ll in forecasting the actua l data, the forecast error wi ll be relatively 

small. Because of the mathematical entity in the defin ition of forecast error in Eq. (33), we can 

evaluate a model's accuracy by looking at various quantitative methods. Most frequentl y: Mean 

Square Error (MSE) 
Lr-l at 

; Mean Absolute Error (MAE) = 
v 

LV ~ 
t=l Xt 

Mean Abso lute Percentage Erro r= ---"­
v 

I i= ll utl 
v 
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~ Root Mean Squared Error (RMSE) = ~~ ; where v is the number of retained values ; and 

Thiele's U Stati sti c are used. Thiele ' s U stati stic calculates the ratio of the RMSE of the chosen 

model to the RMSE of the ' naive' model. Thus, a value of one for the Thiele's stati stic indicates 

that, on average, the RMSE of the chosen model is the same as the ' naive' model. A Thiele 's 

stati stic in excess of one would lead to reconsider the model as the simple ' naive' model 

performs better on average. A Thiele's stati sti c less than one does not lead to automatic 

acceptance of the model, but does indicate that, on average, it performs better than the 'naive' 

model (Kirkpatrick and Gaynor, 1994). 

By Plotting the forecasting va lues (xt) and actua l va lues xt on the same graph is another way to 

check the closeness of the actual and forecasted values. The closer together the two plots, the 

better the model in fo recasting. 
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CHAPTER FOUR 

DATA ANALYSIS AND FORECASTING 

The maIn purpose of this data analysis and forecasting section is to deve lop a 

forecasting Seasonal Autoregressive Integrated Moving Average (SARlMA) model 

using the hi storical monthly rainfall data recorded at Mekele station by the National 

Meteorologica l Agency of Ethiopia (NMAE). 

This chapter comprises four main parts: The descripti ve analysis, forecasting model building, 

making forecasts and di scuss ions of result s. The desc ripti ve mode of analysis shall focus on 

summarizing the rainfall data series in order to obtain some clues about the statisti cal 

characteristics of the data . This can be performed based on some computed descriptive statisti cs, 

plotted statistical graphs and tabulations that are commonly used in time series analys is. The 

SARIMA forecasting model building which is the main area of interest shall be the second part 

of the stati stical data analys is .Within the subsequent main subsections for thi s part of forecasting 

model development: i) Tests of stationarity, ii ) tests of non randomness for the stationary series, 

iii) tentative model identification, estimation and diagnostic checks analysis shall be performed. 

In the forecasting section, point and interval forecast values of monthly rainfall will be generated 

for the periods from January, 20 I O-September, 20 11 by using the model developed. Finally, 

results and discussion wi ll be presented at the end of the chapter. 

The stati stical software package used for most of the analysis is SAS 9.2 . The 

descriptive analys is, however, used the SPS S 16.0 for windows applications. 
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4.1 Summary of Descriptive Statistics 

The aim of thi s section focuses on summarizing the hi storical monthly rainfall seri es using some 

commonly used stati stical characteristics. For this purpose, we used thirty-five years of monthly 

rainfall data recorded from January, 1975 to December, 2009 by National Meteoro logical 

Agency in Tigray region at Mekele station. 

With thi s data, however, we come across some months of different years where their rainfall 

values were not recorded for various reasons. Missing values are a common problem faced in the 

analysis of time seri es data. Particularl y, these missing are embedded in the time series rather 

than occurring at the beginning or the end of the series. Unfortunately, in our data most of the 

missing values were not in either of the two ex tremes of the data. As a resu lt, before data 

analysis and modeling, estimating these values was important. In th is study, we estimated these 

missing values by tak ing average of two adjacent observat ions depending on the seasonality 

behavior of the series. Having used the data from (Gebrerufael, 2008) for the year 199 1 mi ssing 

values due to po litical instability, and then we estimated the values for the year 1990 also by the 

estimation method stated above. 

To summarize the data, we estimated an average of thil1y fi ve years for every month to get mean 

monthly rainfall series. The other stati stical characteristics of the hi storical data also obtained 

with the help of SPSS as shown in Table I below. The monthly rainfall va lues vary on average 

from 1.1 mm in December to 246. 1 mm in August. The coefficient of variation (CV) varies from 

0.3 in the month of August to 2.7 December. There is large variab ility among the monthly values 

of rainfall of different years . If we look at the estimated CV fo r the months of February, 

November and December, i. e. 2.2 , 2.4 and 2.7 and compared with 0.8 , 0.4 and 0. 3 for June, 

July and August respectively; variability is maximum during months of dry seasons but 

minimum during the rainy season. This may indicate that climate instability during dry season is 

higher than in rainy seasons. 
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Table 1: Descriptive statistics of the historical data (monthwise) 

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Mean: 2.9 7.2 24.3 35 .4 39.3 43.5 193.6 246. 1 40.7 6.4 6. 1 1. 1 
S.D.: 5.3 15.5 19.6 39.3 35.0 36.6 78.2 79.6 33.9 11 .4 14.7 3. 0 
CV: 1.8 2.2 0.8 1. 1 0.9 0.8 0.4 0.3 0.8 1.8 2.4 2.7 
Min.: 0.0 0.0 0.0 0.0 0.0 0.0 32.4 78.9 1. 3 0.0 0.0 0.0 
Max.: 22.0 83. 1 79.6 135.0 126.7 15 1.9 380.3 430.7 130.3 53. 1 59.9 15.7 

The mean annual rai nfall in Tigray region, Mekele station IS computed to be 643.8 mm . 

The minimum annual rainfall 293.2mm was recorded during the year 1984 and the 

maximum 918.1 mm in the year 1980. 

Table 2: Summary statistics 

n Mean Stand ard dev iat ion Minimum Max imum 

420 53.0 84.4 0.0 430.7 

Without seasonal consideration, the summary stati sti cs of the rainfall senes for 420 

months is given in Table 2 above. The minimum rainfall values was the most frequently 

marked in months of dry season and maximum rainfall value was recorded in August 

month of the year 1989. 

We plotted the monthly rainfall data against time from January, 1975 to September, 

2009 as shown in Figure I . Since there is no noticeable long lasting upward or down 

ward movement over the span of the rainfall data, the indicated plot seems to be trend 

free. It appears rather, fluctuating hori zontall y around its mean ("'-0.0 17). However, as 

it is expected, there IS yearly seasonal va riation due to the periodic high peaks and low 

peaks observed. 
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4.2 SARIMA Modeling of Monthly Rainfall Series 

In thi s section, we are dealing with modeling month ly rainfall seri es uSll1g Time 

Domain Univariate Box-Jenkins methodology of time se ries analysis. In applying this 

forecasting model building methodology, the stat ionary and non randomness 

assumpt ions should be tested before we start with model building process (i.e. 

Identifi cation, estimation, di agnostics and forecasting). In addition, other relevant 

statistical tests of assumptions will be carried out throughout thi s section until a 

suitable forecasting model shall be obtained. 

4.2.1 Tests for Assumptions 

4.2.1.1 Tests for Stationarity 

Graphic Inspection: In time series model building, the first step is to plot the data, 

calculate sample autocorrelation, partial autocorrelation coeffic ients and drawn them 

graphically from which we obtain important information about the series stationary . If 

the time plot of the seri es shows that the data scattered horizontally around a constant 

mean , then the seri es is call ed stati onary at its leve l (Chatfield, 1996). On the other 

hand, if the time plot does not seem to be horizontal , then the series is not stationary. 

The pattern of the time series plot in Fig. l does not show apparent systematic change 

about the mean. The periodic peaks in the plot, however, re fl ect the yearly regular 

seasonality (with seasonality interval s= 12) of the rainfall values. The series is, 

therefore, seasonal due to a high rainfall values during the rainy months and a 

relatively lesser peak rainfall time in the other months. This indicates that the rainfall 

data have seasonal unit root (i.e., seasonally not stationary). 

From the autocorrelation function plot in Figure 2, the presence of seasonality behavior 

and seasonally non stationarity of the rainfall seri es is clear. Because there IS a 

sinusoidal wave pattern at the multiple of seasonal interval s and declining slowly while 

non seasonal lags are re lat ively decaying quite rapidly. However, the time series 

46 



models are usuall y fitted to the decaying part of autocorrelation (Dull uer and Kavas, 

1978). It is, thus, necessary to remove the circularly component of the time seri es 

corresponding to the sinusoidal peri odic component of the autocorrelation fu nction to 

make seri es seasonally stationary. Kavas and Dulluer (1975) have investigated three 

methods of removal of peri odicity m the monthly time sen es: non-seasonal 

differencing, seasonal differencing and monthly mean subtraction. 

need only seasonal differencing to make the series stationary. 

"" 

E 
») 

I 
E 
E , 

~ I . , 
I I " • 200 , 

I " I 1 

100 I I I, I 
I I I 

I I , 
'. 

0 
, , , I I 

J J J J J J J J J J J J J J J J J J l J J J J J 
:.. ., A " A A A ft. A A A A .. \ ~ " A A A A A /. A ., 
" " " " " N N N " " N " N N N N N N " N N " N , , , • a a a , , , • • • 9 9 9 9 9 9 9 9 9 9 0 , 7 • 0 , , , 5 , 7 • 9 0 , 2 , , 5 , 7 • 9 0 

Tune 

Figure I: Plot of the original rainfall data 

For our data, we 
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The patterns of monthl y rainfall sen es plot and autocorrelation function suggest the 

need of seasonal di ffe rencing but not- regular differencing. 

We have also several ways to ascertain thi s. In what fo llows, we perform some tests of 

series stationari ty. 
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Figure 2: Autocorrelation plot fo r the untransformed monthly rainfall series. 

Augmented Dickey-Fuller Test: A statistical test for stationary IS the most widely used 

Dickey-Fuller test. This test is based on the estimate of the fo llowing regression equation with no 

determini stic trend. 

(34) 

where p is the num ber of autoregressive terms 

To test the hypothes is that the series XI stationary, we formulate the following hypothes is 

Ho: The seri es is non-stati onary versus (¢' =0) 

H I: The series is stat ionary (¢ ' <0) at 0=0.05 . 

Usua ll y the order of p in the regress ion equation is set to three. Then if the esti mate of ¢ ' is 

nearly zero in the fi tted regression Eg. (34), the ori ginal seri es XI needs first di fferencing, and if 

the estimate of ¢ ' < 0, then the origina l series is al ready stationary (Makridakis et a I. , 1998). 

Based on the regress ion procedure in SAS application, it was found that the estimated value for 
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¢' to be (¢'=-O.4I , p < 0.00 1). At 5% signifi cance level, these figu res further confirm that 

original time series plot without obvious trend in Fig. 1 represent seri es stat ionary about a 

constant mean and the autocorrelation funct ion in Fig.2 exhibits non-seasona ll y decaying quite 

rapidly. As a result, both tests appear to agree resulting to avo id first non seasonal differencing. 

Variance Comparison: The behavior of van ance associated with different orders of 

differencing can provide a useful means of deciding the appropriate order of differencing (Mills, 

1999) cited also in (Alamarew Belay and Eshetu Wencheko, 2009). The sample variance 

decreases until a stationary seri es has been found. While we increase the diffe rencing order tends 

to increase in the variance, there wi ll be an indication of overd ifferencing. To examine the 

monthly series via thi s test associated with the candidates of first differencing and non­

differencing for non seasonall y and seasonally stati onarity, we computed the sample variance fo r 

each of X" 'ilxt , v't 2Xt , and VI 2Xt series and obtained the fo llowing results: 

(i) Var(VxJ =8064.1. Var(rJ =7106.5, Var(V, 2xJ=2745.8 , and V,22xt =7850 values; 

(i i) Var(VxJ > Va r(xJ; 

(iii) Var (V,22Xt) > Var (xJ > Var(V'2xJ. 

These results suggest that non-seasonal first di fferencing (Vx t ) has been over-diffe renced and 

hence the original series is non-seasonally stationary .The first seasonal differencing would 

rather be important but not Vi2Xt , because the Var (VI2Xt) is greater than Var(V , 2x t ). 

These tests for stationarity all seem to agree and suggest that the first seasonal di fferencing in the 

series can achieve stationarity around a constant mean, wh ich is approx imately zero and 

calculated its standard deviation to be 52.4 mm (see Figure 3). Moreover, the ACF and PACF 

shown in Figure 4 are in support of monthly rainfall series stationarity in both the mean and the 

variance after having first seasonal difference. 
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Figure 3: Plot for First seasonal differenced monthly rainfall series 
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(b) 
Figure 4: (a): Autocorrelation Function (ACF) (b): Partial Autocorrelation Function 
(PACF) for the first seasonal differenced monthly rainfall. 

Table 3: Estimated Autocorrelations and Partia l Autocorrelations magnitudes for Xt and 'V,Z xt 

senes. 

Lags Autocorrclations for X, and'V, z Xt 

1-12 0.45 -0.03 -0.14 -0.21 -0.27 -0.30 -0.26 -0. 19 -0.15 -0.05 0.40 0.76 

13-24 0.46 -0.03 -0.10 -0.17 -0.24 -0.28 -0.25 -0.1 7 -0.12 -0.03 0.36 0.7 1 

25-36 0.35 -0.03 -0. 11 0.17 -0.23 -0.28 -0.24 -0.17 -0. 12 -0.05 0.3 5 0.68 

37-48 0.32 -0.05 -0. 10 -0.16 -0.22 -0.26 -0.22 -0.15 -0.11 -0.03 0.30 0.62 

49-60 0.29 -0.07 -0.13 -0.17 -0.22 -0.25 -0.21 -0.14 -0.10 -0.03 0.32 0.65 

1-12 0.14 -0.0 I -0.02 -0.03 -0.03 0.0 1 -0.02 -0.03 -0.09 -0.05 0.00 -0.40 

13-24 -0.04 -0.01 0.07 0.04 0.04 0.0 1 0.02 0.03 0.06 0.06 -0.09 -0.09 

25-36 -0.07 0.06 -0.01 -0.03 -0.02 -0.01 -0.02 -0.02 -0.04 -0.07 0.06 0.10 

37-48 0.07 0.03 0.09 0.05 0.02 0.00 0.01 -0.02 -0.02 0.04 -0.06 -0.23 

49-60 -0.09 -0.10 -0.10 0.01 0.01 0.01 0.04 0.06 0.09 0.02 -0.05 0.09 

Parttal Autocorrelations fo,- X, and'V,z Xt 

1-12 0.45 -0.29 0.01 -0.18 -0.1 6 -0.20 -0.18 -0.20 -0.26 -0.22 0.3 6 0.51 

13-24 -0.1 5 -0.05 0.07 -0.02 0.01 -0.06 -0.01 -0.03 0.04 -0.03 0.05 0.27 

25-36 0. 12 -0.01 -0.02 -0.02 0.00 -0.03 -0.0 1 -0.04 -0 .01 -0.05 0.04 0.16 

37-48 -0.08 -0.08 0.03 0.00 -0.01 -0 .02 0.01 -0.02 0.05 0.0 1 -0.07 0.04 

49-60 0.0 1 -0. 12 -0.09 0.02 -0.03 -0.04 -0.02 -0.06 -0.04 -0.04 0.00 0. 18 

1-1 2 0.16 -0.02 -0.04 -0.04 -0.02 0.0 1 -0.02 -0.03 -0.08 -0.03 0.05 -0.41 

13-24 0.09 -0.02 0.04 -0.02 0.01 0.01 0.00 0.04 -0.02 0.03 -0.04 -0.21 

25-36 0.07 0.07 -0.02 -0.05 0.02 0.00 -0.03 -0.01 -0.07 -004 0.07 -0.08 

37-48 0.03 0.12 0.10 -0.02 0.03 0.0 1 0.0 1 -0.0 1 -0.02 0.01 -0.0 1 -0. 19 

49-60 0.04 -0.0 1 0.01 -0.02 -0.01 -0.01 0.03 0.02 -0.01 0.0 I -0.02 -0.10 

51 



4.2.1.2 Tests for Randomness 

Testing fo r randomness is a fundamental aspect of time seri es analysis once stationarity of the 

series has been establi shed. The simplest time series is a random model, in which the 

observations vary around a constant mean, have a constant variance, and are probabili sticall y 

independent (Harvey, I 993). In other words, a random time seri es does not have ti me seri es 

pattern, meaning that there is no point in attempting to fit a time series mode l to such type of 

data. Therefore, it is important to perform tests of randomness before any attempt to modeling 

process with the underlining methodology. 

We pursue checking through the following tests to investigate the hypothesis that the first­

seasonall y differenced monthly rainfall seri es are seriall y uncorrelated. 

Graphic Inspection: The visual inspection of the autocorre lation function plot provides useful 

in formations to identify the type of time series (Chatfield, (996). For example, if a time seri es is 

completel y a random series, then for large n, rk '" 0 for every k. This can be examined after the 

array of autocorrelation coefficients rk, plotted with k as abscissa and rk as ordinate. 

Figure 4(a) exhibits the graph of sample autocorrelations given in Table 3 against different lags 

from which we can observe visuall y that the autocorrelations are not all insignifi cant. This 

indicates that there is some sort of' dependence between values of v\zx\ series. 

The graphical analysis and interpretations can be further ascerta ined by the fo llowing formal 

statistical tests of randomness. 

Bartlett's Band Test: If a stationary time sen es is completel y random, then for large n, the 

sample autocorrelations (rk) and partial autocolTelations (rkk) are approx imately zero for all 

va lues of k (Chatfield, 1996). Stati stica ll y, if the time series is random, 19 out of 20 of the values 

of rk and rkk are expected to lie between the approximate Bartlett 's bands ± 2/,;n . 
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Based on the assumption that the values in v'i2xr series are seriall y independent, we have s. e(rk) 

=( rkk)'" ± 2/.../408 = ±O.I for all lags k= 1,2,3, .. K and 17=408. Here, the constant k should be 

specified in advance. As a rule of thum b for determining for thi s constant is to choose k in the 

ne ighborhood of In (Harvey, 1993) cited also in (Ala ma rew Belay and Eshetu Wencheko, 

2009). Hence, in our case we set k=20 and we refer the first 20 autocorrelation and partial 

autocorrelation estimated values li sted in Table.2 for this comparison. Accordingly, since 

autocorre lations I and 12 and partial autocorrelation values at lags I, 12 and 13 are signifi cantl y 

li e outside the estimated Bart lett ' s band ± 0.10 , we reject the assum pti on that the V't2x, series 

are seria ll y independent in favor of the alternat ive that the seri es is seri all y corre lated. 

Therefo re, based on the magnitudes of indi vidual autocorrelati on coefficients test, we can 

conclude that the first seasona ll y differenced monthly rainfall series have not shown randomness 

behavior. 

Box-Ljung Test Statistic: This statistic IS used for co llectively testing the magnitude 

of the autocorrelation of stationary time series for significance. For this test, we used 

the sample autocorrelation coeffi cients of the first seasonally differenced monthly 

rainfall as well. 

The hypothesis to be tested is 

Ho: All autocorrelations up to lag J are zero 

Versus 

HI: Not al l up to lag J are zero at a= 0.05. 
, 

The stati stic for thi s test problem is Q = 17 (17+2) L~=l :~j and has a chi-square di stribution with J 

degrees of distribution. Q-Stati stic is usuall y computed for J= 6, 12 24, 36 and 48 by most of the 

statistical packages. However, J= 12 or 24 will prove to be satisfactory (Kirkpatrick and Gaynor, 

1994). In this regard, we compute the test stati stic above for the first J= 12 lag autocorrelation 

val ues and 17=408 observations. The val ue of the calcu lated Q-Statistic is fou nd to be 43.72 and 

the tabulated value for chi -di stribution with 12 degree of freedom at 0.05 significance level is 

2 1.02. The decision to reject Ho is based on whether the value of Q-Stati stic > X ~.os,J ; if that 

does not hold we do not reject Ho Since for the data set considered Q-stati stic=43.7> 
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xlOS =2 1.2, we reject Ho. we conclude that the seasonally first diffe renced monthl y rainfall seri es 

are seriall y correlated . 

In summary, the above tests regarding to stationarity and senes randomness all appear 

to agree in that the monthly rainfall data has been achieved stationarity after seasonal 

first differencing and the data correlated. 

4.2.2 Model Identification 

Having established that the monthly rainfall data are serially correlated and stationary, the next 

step in the identification process is to find the initial values fo r the order of seasonal and non 

seasonal parameters p, q, P, and Q that should be incorporated in the SARIM A (p, 0, q) x (P, I, 

Q)1 2 model. A basic model can now be identified with the help of sample autocorrelation and 

sample partial autocorrelation functions characteristics. To use the sample autocorrelation and 

sample paI1iai autocorrelations functions for tentative model parameters identification, we 

consider the ACF and PACF shown in Figure 4. The first step in thi s direction is identifying the 

significant autocorrelations and pal1ial autucorre lation from the ACF and PACF plots of the 

underlying stationary series (Hipel el al., 1977). Hence in our case, for the ( I -B" 2)Xt , we find 

significant con-elations at lag k= I, 12 and k=48 at the autocorrelation function plot and k= I , 12, 

24 and k=48 pal1ial autocorrelation in Figure 4(a) aIld 4(b), respective ly. Hence, we suggested 

that a model of the form 

(35) 

to fit in the first instance with one non seasonal moving average, one seasonal moving average 

and one seasonal autoregress ive, denoted by /11' e1 a nd, <1:>4 parameter coefficients to be 

estimated. 

Another alternative model seems to be appropriate tentati ve ly at thi s stage is made based on the 

principle that when the process is a pure SARIMA (p, d, 0) x (P, D, 0)12 model, rkk cuts off aIld 
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is not significantly different fro m zero afte r lag p + SP. If rkk damps out at lags that are multiples 

of s, thi s suggests the incorporation of a seasonal MA component into the model. The fai lure of 

the PACF to truncate at other lags may imply that a non-seasonal MA term is required (Hi pe l el 

al., 1977) . Accordingly, we specified SARIMA (I , 0, 0) x (4, I, 1)12 model also tentati ve ly to be 

checked through the estimation and diagnostic stage in order to take the best model. 

4.2.3 Model Estimation and Diagnostics Analysis 

Estimating the parameters for Box-Jenkins models is a qu ite complicated non-linear 

estimation. Parameter estimates are usually obtained by max imum li kelihood method, 

which is more appropriate for time series (Brockwe ll and Davis, 1996). Estimates are 

usually suffi cient, effi cient, and consistent for Gauss ian distri bution and are 

asymptoticall y normal. Using max imum li ke lihood esti mation method, the parameters 

of SARIMA (0, 0, I ) x ( I , 1, 4)1 2. and ( I , 0, 0) x (4, I , 1)12 are Estimated and given in 

Table 4. 

Table 4: Parameter estimates for suggested SARIMA models. 

(a): (I -<1:>18'2)( 1-8'2)x, = (1-8,8)(1 -64846)at or (0, 0, l )x ( 1, 1,4)12 

(b): (1 -<1>,8 )(1- <1:>48 46)(1- 8 '2 )X, = (I -6 , 8 12 )at or ( 1, 0, 0)x(4, I , 1)12 

(c) : (1-<1>,8 ) (1 - <1:>48 46)(1 - 8 ' 2) x, = (1-6, 8 '2 - 628 24)ator (1 , 0, 0)x(2, 1, 4)1 2 

Model Parameter Estimate St.error t-value P-val ue Fit statistics 
8, -0.15 0.05 -2.98 0.0030 AIC~4302 . 17 

6 4 0.25 0.04 4. 15 <0.0001 RMS E.=38 . 62 

(a) <1:> , -0.42 0.05 -8. 95 <0.0001 r2 ~O.81 

AIC~4291.80 

<1>, 0.83 0.07 10 .06 <0.0001 RMSE.= 37 . 46 

(b) <1:>4 O. I 3 0.05 2.7 1 0. 0070 r 2 ~O.81 

6 , -0.29 0.04 -5.74 <0000 1 
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¢1 0.13 0.08 10.04 <0.0001 AIC ;4178 . 73 

<1:>, 0.34 0.05 -1.98 0.0700 RMSE.= 37.58 
(c) B1 0.79 0.03 2.70 0.007 1 rZ ;0 . 83 

Bz 0.07 0.06 6.68 < 0.000 1 

Table 5: Corre lations of Parameter Estimates fo r the two models 

Model (a): SARlMA (0,0,1) x ( 1,1,4)l z Model b:SARJMA (1 ,0,0) X (4, I ,1)IZ 

Parameter !l1 B4 <P1 Parameter ¢1 $ 4 El l 

!l1 1. 00 -0.0 1 -0.03 ¢1 1. 0 -0.07 0.03 

B, 1.00 0.02 <P'8 1.00 0.08 

<P1 1.00 B1Z 1.00 

In the estimation procedure, two types of out liers (5 additive and I sh ift outliers) were 

detected and adj usted in the fitled models by SAS software. 

Diagnosti c checking includes overfitting, information criteria and residual analysis. We 

start with overfitting by including one more seasonal moving average parameter (which 

measures the error dependency effect at 24 di stant or lag 24 and denoted by Bz ) to the 

SARlMA model (b) to examine whether thi s model with more parameters would 

adequately be fitted to the seasonally fir st differenced monthly rainfa ll data. The 

inclusion of th is parameter can be determined by testing its sign ificance and the 

improvement in the measures of goodness of fit of the model. All substanti al 

parameters in all the models in Table 4 showed stati stically significance except the 

SARJMA model (c) wi th ¢ l' <1:> , B1 and Bz parameter coefficients. One est imated 

parameter (Bz = 0.06, P-va lue=0.07 >0.05) whi ch is insignificant because p-value > 

0.05 , highly supports the probability power to be the esti mated parameter stati stica ll y 

approx imately zero at a=0.05 level of signi ficance. As a result, including thi s 

parameter (Bz ) to the model (b) that has been identifi ed in the model identification 
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stage wi ll have no visible contribution In the model (c). Thus, the model will have one 

parameter less than in (c). 

Information criteria whi ch are the rela ti ve measures goodness of fit that IS gro unded In 

the concept of entropy, when a given model, is used to describe the data under study. In 

deciding on the number of parameters in the model , we use AIC as computed by Eq. 

(31). In Table 4, models (a) and (b) which have one parameter less than model (c). In 

thi s context, since all these three models al so have almost the same RMSE and AIC 

values, these results are indications to drop the third model (c) wh ich IS less 

parsimonious and we proceed to check the adequacy of the remaining two model s 

using residual analysis. As models may perform reasonably similar, a number of 

alternative formulations may have to be retained at this stage to be further assessed at 

the forecast ing stage . 

Assessment of each of the suggested models will involve a n gorous assessment of 

diagnostic tests for the competing models. There are a nW11ber of diagnostic tools 

avai lab le for ensuring a sati s factory model is arri ved at. The residual ana lysis parts of 

diagnostic checking are Tests for white nosiness and normality of residua ls. 

The Autocorrelations Functions (ACF) and Partial Autocorre lations Functions (PACF) 

of the residuals resulted from the fitted models should not show any pattern (trend or 

seasonality pattern). Moreover, for a co rrectly fitted model the residuals correlation 

coefficients should not li e outside the two standard error at a given significant level. It 

is clear, as shown in Figure 5 and Figure 6 that there is no pattern in residuals ACF and 

PACF plot for model (a) and (b) respectively. In addition, no autocolTelation partial or 

partial autocorrelation coefficient li e outside the two standard elTors significantl y at 5% 

level of significance for both fitted models. The scatter plot of residuals from the fitted 

model should not possess an obvious pattern (trend ing or seasonality behavior) as well . 

Because the graph ical analysis shows that the res iduals in the model appeared to 

fluctuate randomly around zero with no apparent pattern as it can be noted from Figure 

7 that was in support of both model s adequacy. In examin ing the model residual 
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histogram (nolmal curve), we can visually inspect that the Figure (5c) do not show any 

violation of the models ' assumption that the residuals are normally di stributed with 

mean zero and constant variance. 

Another way to accomplish the residual analysis for white noise residuals test is based 

on chi-square stat istic which is de noted by Q-Statisti c. The Q-statistic at each grouped 

in six lags are computed using Eq. (32) and we obtained the following resu lts given in 

Table 6a and 6b. 

Table 6a: White nOIse check for residuals Autocorrelations of SARlMA (0, 0, I) x (I , 
1, 4)1 2 

To Qcal DF p-value 

Lag Autocorrelations 

6 2.5 I 3 0.4729 0.003 -0.000 -0.06 I -0.047 -0.011 -0.00 1 

12 9.79 9 0.368 1 -0.016 -0.014 -0.079 -0019 0.086 0.053 

18 14.91 15 0.4580 0.010 0.083 0.062 -0.01 I 0.029 -0.015 

24 20.76 21 0.4737 -0.0 I 5 -0.004 -0.027 0.055 -0.04 I -0.088 

30 34.49 27 0. 1523 -0.056 0. 145 0.075 -0.004 0.023 -0.03 I 

36 36.52 " 0.3084 0.001 -0.024 -0.0 I 8 -0.030 -0.015 -0.050 ,),) 

42 41.32 39 0.3696 -0.024 0.027 0.082 0.032 0.029 -0.026 

48 44.19 45 0.5060 -0.004 -0.022 -0.022 0.041 -0.054 -0.024 

54 50.40 51 0.4974 -0.104 -0.0 14 -0.028 0.006 0.030 -0.02 I 

60 58.04 57 0.4367 0.010 0.03 I 0.029 0.028 -0.109 -0.037 

Degree of freedom (DP) associated \.I/lth X~.(k-m)' for k = 6, 12,.. , 60 lags III months ,fo r 1ll - 3 

number of parameter in the model and at a=O.05. 
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Table 6b: White noise check for Residuals Autocorrelations of SARIMA (I 0 0) x (4 I I) , , , , 12 

model. 

At 
lags Qcal DF p-value Autocorrelations 

6 2.95 3 0.399 1 0.008 0.03 I -0.06 1 -0.046 -0.0 15 -0.003 
12 10. I 0 9 0.342 I -0.020 -0.015 -0.077 -0.0 18 0. 085 0.055 
18 15.5 1 I S 0.4 154 0.016 0.085 0.064 -0.007 0.030 -0.0 15 
24 20.95 21 0.4622 -0.01 6 -0.003 -0.029 0.05 I -0. 043 -0.083 
30 34. 19 27 0. 1605 -0.054 0.142 0.D75 0.000 0.025 -0.032 
36 36.44 33 0.3 I 15 0.00 1 -0.027 -0.0 19 -0.033 -0.0 16 -0.05 1 
42 4 1.27 39 0.37 15 -0.02 1 0.026 0.083 0.032 0.03 I -0.025 
48 44.28 45 0.5023 -0.004 -0.022 -0.024 0.039 -0.057 -0.025 
54 50.76 5 1 0.4832 -0. 107 -0.0 15 -0.03 I 0.005 0.029 -0.01 9 
60 58.57 57 0.4 175 0.012 0.032 0.026 0.027 -0. I 12 -0.036 

The computed values of Q-statistic are compared to critical values from chi-square 

distribution with the indicated respect ive degrees of freedom in Tables 6a and 6b. Note 

that the P-value is the probabil ity that x~,(k_m) is higher than our observed test statisti c 

(Qcal ). If a model is correct ly specified , residua ls should be uncorrelated and Qcal 

should be small (probabil ity va lue should be large). A signi ficant value ind icates that 

the chosen model does not fi t well. The P-value in the area of under the curve of the 

Chi -square distri bution having the degree of freedom (DF) to the right of the Q-stati stic 

demonstrates also the same conclusion as comparing the Q-stati sti c with X~(k-m) ' [n 

thi s test, the results in Table 6a and 6b show that the P-va lues associated with Qcal fo r 

lags up to k=6, 12 ... 60 are all greater than 0.05 fo r the two seasonal models. As shown 

fro m plots in Figure 5d and Figure 6c that represent the whi te noise probability 

fu nct ion for the P-va lues against the various set of lags In agree with that of all 

probabilities for the res iduals of being white noise lie above the a=0.05. Therefore, 

the set of autocorrelation for residuals are not signi ficant and we cannot reject the 

hypothes is that the autocorrelations of the residuals are zero . 

The Ljung-Box results based on co ll ecti ve test confi rmed with what the plots of the 

Autocorrelation Function (ACF) and Part ial Auto Corre lation Function (PACF) fo r 
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residuals in Figures 5 and 6 reveal that there are no distincti ve correlation coeffi cients 

that li e outside of the two standard error confidence limits at 0,05 significance level for 

both models, These results are in agreement with the hypothesis that the residuals 

resulted from each of the possible models do not show any correlation or pattern (i,e. 

what is left after fitting each model are just noise) and these are normall y di stributed , 

we conclude that the two SARJMA (0, 0, I) x ( I, 1, 4) and ( I, 0, 0) x (4 , I, I) models 

are found to be adequately fitted to the seasonally first- differenced monthl y rainfall 

senes. 
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Figure 5: (a): Res idual Autocorrela tion (RACF) (b): Residual Partial Autocorrelation 

(RPACF) (c): Diagnost ics for residuals No rmality d istribution (d) : White noi se test p­

values Plot fo r Residuals resulted from SARIMA (0, 0, I) x ( 1, 1, 4)1 2 model. 
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Figure 7: Scatter plot of residuals from the fitted model. 

The stati stical residua l analysis for both mode ls (a) and (b) showed similarities of model 

adequacy. Thus, the results are supportive of the randomness of res idual s in both models at 5% 

level of sign ificance. 

In summary, the diagnostic checks section, retaining the two models up to the 

forecasting stage; further tests would be necessary to select the better of the two models 

with relative better forecasting accuracy. Therefore, further tests should be done based 

on the fo recasting reli ability of the two competing models that are adeq uately fitted. 

4.3 Forecasting 

4.3.1 Forecasting Accuracy Assessment of the models 

As we have two mode ls that meet the va rious diagnosti c checks cri teri a, we proceed to compare 

their forecasting performance using the va rious accurac y eva luat ing measures. These evaluati ng 

measures can be carri ed out through quantitati ve measures . To ca lcu late the model evaluating 
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results, we retained the last values fro m (Sep2004 to Dec 2009) monthly rainfall values wh ich 

are not used for the model development. Then, we computed the series of forecasting errors 

using Eq. (33) for these hold-out month ly rainfall series and served as a principal function to 

obta in the results in Table (7). 

Table 7: Results of Accuracy Measures fo r the two mode ls 

SA RIMA Models MA E MA PE MSE RMSE THI EL'S 

(1,0, 0) X (4, 1, I)" 23.43 265.35 1754.77 41.89 0.15 

(0, 0, I) X (1, 1, 4)" 17.81 219.23 1493.05 38.64 0.12 

To measure the forecasting ability of the two models, we have estimated within-sample 

and out-of-sample forecasts . If the magnitude of the difference between the forecasted 

and actual values is low then the model has good forecasting performances. In thi s 

case, the seasonal ARlMA (0, 0, I ) x ( I , I , 4)1 2 model has shown better results as is 

evident from the Table 7. Thiele ' s U-Statistie is computed to be 0.15 and 0. 12 for 

SARlMA(I, 0, 0) x (4, I , I ) and (0, 0, I) x (I, I , 4)1 2 models, respectively. Both 

results indicate that the two mode ls are reasonabl y better than the na·lve forecasting 

model. However, because the Thiele 's U-Stat istics result= 0.1 2 < 0.15 fo r the seasonal 

ARIMA (0, 0, I) x ( I, I , 4) and seasonal ARlMA ( I , 0, 0) x (4, I , 1)1 2 model, 

respectively. This is to suggest that the seasonal ARlMA (0, 0, I ) x ( I , I , 4)1 2 model 

performs quite better forecasting accuracy than the second model. 

[t can be concluded from the fi nd ings that the forecasting abi li ty of the SARlMA (0, 0, 

I) x (I, I , 4)12 mode l is found to be suitab le for the future monthly rain fa ll data 

forecasting purpose. Forecasting validation using graphical analysis has a lso assessed 

to see the closeness of its forecast with the actual data of the hold out monthly rai nfall 

values. 

Figure 8 represents the forecasts for the va lidation period and future forecasts of 

monthly rainfall series using SARIMA (0, 0, I ) x ( I , I , 4)1 2 model. Notice that 
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forecasts in the validation period are reasonably close to the actual senes and captured 

the tuming points patterns as well. 

The ultimate goal is to model the monthly rainfall sen es applying the Univariate Box­

Jenkins time seri es methodology and provide forecast for lead times up to about two 

years. In thi s regard , using the selected model that passed all the stages of model 

estimation, diagnostic checks and forecasting criteria ' s stati stically, the nex t task would 

be producing the point and interval n.l ture forecasts of monthly rai nfa ll series at Meke le 

in Tigray region. 

4.3.2 Forecasting Monthly Rainfall values 

Forecasting refers to the process of predicting fu ture values from a known ti me sen es. 

In thi s section, having built an adequate model that appropriately fitted to the historical 

monthly rainfa ll series of Mekele station showing better accuracy. Forecasting was 

performed using the diffe rence equation approach as fo llows. The SARIMA (0, 0, J) 

x (1 , 1, 4)12 model can be written as in Eq. (23) of the form 

This equation can al so be multiplied out and re written in a fo rm that IS used in 

forecasting as shown in Eq. (37) be low. 

(37) 

After substituting the estimated parameter values to Eq. (37) above, we obtain the 

fo llowing difference equation. 

(38) 
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Table 8: Forecast results of month ly rainfall over the period Jan 20 I 0-Sep20 II. 

Montbs Forecasts (95%Lowcr Limit) (95 % upper Limit) 
Jan 20 10 1.4 0.0 11.6 
Feb 1200 6.2 0.8 23.0 
Mar 2010 27.9 3.8 5 1.9 
Apr 20 10 36.3 6.4 67.5 
May 20 10 48.8 2 1.5 49.7 
Jun 2010 49.3 22.4 97. 1 
Ju1 20 10 2 17.3 103.2 254.2 
Aug 2010 230.1 109.6 310.4 
Sep 20 10 35.3 10.2 78.7 
Oc12010 10.1 0.0 19.5 
Nov 20 10 3.4 0. 1 11.0 
Dec 2010 0. 1 0.3 7.9 
Jan2011 3.9 0.5 17.7 
Feb 20 11 8.2 3.8 13.7 
Mar 20 11 18.9 14 .9 59.2 

Apr 20 11 34.6 12.1 37.7 

May 20 11 3 1.8 9.8 53.2 

Jun2011 39.1 13.9 68.9 
lui 20 11 165 .8 11 7.8 285.0 

Aug20 11 25 1.0 143.5 324.9 

Sep20 II 38.9 9.4 71.0 

Mean 53.5 

SDV. 78.4 
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Figure 8: (a) Plot of the model estimation, validation and Forecasts (b): Plot of the 
model validation periods (Sep04-Dec2009) and forecasted monthly rainfall series for 
the periods from (Jan20 I O-Sep20 11), 
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4.4 Results and Discussions 

Descriptive analysis: From the data 111 Table that represents the 420 monthl y 

rainfall s values, we ca lculated the mllllmUITI, nlaXlIllUIll , average and standard 

deviation to be 0.0, 430.7, 53. 0 and 84.4 In mm respecti vely. In add ition, summary 

stati stics of rainfall values were also computed for each month. Descriptive statistics 

results on the hi storical month rainfall are presented in Tables I and 2. 

Results show that there is a considerab le variability among the monthly rainfall values 

and among the monthly values of rainfall of different years. Rainfall va lues of months 

of dry seasons showed greater variance relati ve to months of rainy seasons. 

Modeling and Forecasting: Before we start with model ing procedures, we made an 

attempt to examine what characteristics the original historical month ly rainfa ll senes 

behaves using graphical analys is. The plot of the ori ginal monthly rainfall senes 

against time presented in Figure I gives some idea about the characteristi cs of the 

series. Since the plot of the series does not show any noticeable long lasting upward or 

downward movement, it appears to be trend-free. The sen es, however, exhibi ts 

seasonality due to the rainfall values 111 the months of the rainy season (J une, Jul y and 

August) obse rved high and low in the months of dry seasons (Example: January, 

February, ... and so on). 

To examll1e the presence of seasonal behavior in monthl y rainfa ll senes, we plotted a 

Autocorrelation Function (ACF) of the original sen es. ACF IS a graphical 

representati on of se ri al corre lat ion coeffici ents (r, ) as fu nction o f lag k In which the 

va lues o f rk are plotted against respecti ve value of k. The resulti ng osc ill at ing shape of 

the autocorrelati on functi on plot shown in Figure 2 con firm s the presence of seasonal 

component in the monthly rainfa ll as well. Further, the ACF plot has peaks at lags 

equal to 12 and it s mu ltiples. 

The application of the Box-Jenkins methodology in bui ldi ng a SA RIM A model requires that the 

series must be stationary. Therefore, we started the process with testing the se ries for stati onarit y 

using Augmented Dickey-Fuller and variance compari son in addition to the simple inspection of 
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the data and autocorrelation func ti on plots. The graphical representation of the series in Figure I 

exhibits strong seasonal variation and Autocorrelation Function p lot in Figure 2 showed 

sinusoidal wave with high peaks at 12 and its multiples. The plots thus, suggest that the monthly 

rainfall se ries is seasonall y non-stationary. We adjusted for seasonality by first seasonall y 

differencing the seri es (i. e., each observation is replaced by the difference between it and the 

observation a year before) in the analysis. However, due to the absence of a clear apparent trend 

regular differencing was not suggestive. In order to confirm these results, we performed 

stati stical tests of stationarity. 

The Augmented Dickey-Fuller and Variance Comparison test results are found in support of the 

graphical analysis that the monthly rainfall seri es is stationary about its mean and no need of 

regular differencing. The Autocorrelation Function (ACF) in Figure 4a and Partial Auto­

correlation (PACF) in Figure 4b of the first seasonall y differenced monthl y rainfal l senes 

showed the behav ior of decaying rapidly for both seasonall y and non seasonal co rrelation 

coefficients of the series indicat ing that stationarity is achieved after first seasonal differencing. 

Figure 3 exhibits seasonal variation free series that fluctuates almost around zero mean and 

constant variance. 

Once the first seasonally differenced monthly rainfall seri es becomes stationary, next we dealt 

with testing its non-randomness applying graphical , brattlet' s band and Lj ung-Box tests. All 

these tests are found to be in suppOli of the underlying stationary seri es is non random (i. e. seri al 

dependence is there). 

Having the stationary and non-random series in place, it is clear that we can develop a SARIMA 

model using Box-Jenkins methodo logy of mode l identification , estimation and diagnostic 

checks. In order to Identify the number of AR, SAR, MA and SMA terms in the SARIMA (p, 0, 

q) x (P, ], Q) model, we look for signi ficant sample Autocorrelations and Parti al 

Autocorrelation Function coefficients employing the plots in Figure 4 and Table 2. The 

autocorrelation coefficients at lag 1, 12 and 48 as indicated in the Autocorrelation Function 

(ACF) plot in Figure 4a seem to be stati stically significant. 

For seasonal seri es model identi fi cation of the type (0, d, q) x (0, D, Q) 12 using Autocorrelation 

function, (Hieple e/ aI. , 1977) demonstrates that the autocorrelation coeffi cients at lag k should be 
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truncated and is not significantl y diffe rent from ze ro after lag q+sQ. The significance of at other 

lags mUltiples of s imply the incorporation of seasonal autoregressive terms. Hence, the ACF plot 

in Figure 4a suggested the form (0, 0, 1) x (0, 1. 4)1 2 model to be identifi ed because the 

autocorrelation coeffi cients of lags after q+ SQ ( 1+ 12x4) were insignifi cant except at lag 12 that 

imply the seasonal auto regressive term to be incl uded. As a result, the SARIMA (0, 0, I ) x (0, 

I , 4) 12 model become (0, 0, I) x (I , I, 4)1 2 at the first instance to be fitted as a tentative model. 

In addition, we identifi ed another tentative SARIMA model of the form (I , 0, 0) x (4, 

1, 1)12 using the characteristi cs ofPACF shown in Figure 4b. 

Results of the maximum likelihood parameter estimates and correlati on matrix of est imates of 

the models are shown in Table 4 and Table 5, respectively. The P-values associated with each 

parameter estimates of (a) and (b) models are found to be less than a=0.05, indicat ing that these 

parameters should be retained fo r both models. The corre lation matrix of the parameter estimates 

for the respective models has confi rmed that there is no parameter redundancy in either of the 

models. By incorporating a seasonal moving average term at lag 24 to the model (1 , 0,0) x (4, I, 

1)1 2 , we obtained model (c) of the form shown in Table 4 with the principle of overfitting to 

check if the added parameter has a signifi cant contribution to the model. However, the 

overfitted parameter estimation resulted in an estimate of the added parameter e2 = 0.07 which 

is not significant (P-value =0.07 > a=0.05) without significant improvement in the measures of 

goodness of fit. Therefore, results of the estimation stage suggests a further test is important in 

order to se lect one of these competitive two models that meet the diagnostic checks via residuals 

anal ys is. 

For thi s comparison, we analyzed the various res idual analysis tool s including tests randomness 

of residuals and normality tests. Figure 5 and Figure 6 show that there is no significant auto­

corre lation between res iduals at different lags; scatter plot of res iduals appeared to fluctuate 

randomly aro und zero with no obvious pattern as shown in Figure 7. Figure 5c showed that the 

res iduals are normall y di stributed as wel l. The residual randomness test result s based on Ljung­

Box in Table 6a and Table 6b confirmed the graphical analys is of residual randomness for both 

models. Since the graphi cal inspection and Ljung-Box tests are supportive of model adequacy for 
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both models, and there is no firm evidence to drop one of these models at thi s stage. Thus, both 

model s can adequately fit to the seasona ll y first differenced month ly rainfall data. 

With the hold-out last monthl y rainfall va lues fro m Sep2004 to Dec2009 for eva luating 

forecasting accuracy and model validation, a sli ght difference in forecasting accuracy 

between the two fitted models is noti ced. The results of forecas ting acc uracy tests for 

the two seasonal models in Table 7 showed that the SARlMA (0, 0, I) x (I , I , 4)1 2 

model has a better forecasting accuracy in almost of the measures of accuracy 

indicated. Further validation of the selected model for its forecasting reli ab ility using 

the validation periods also assessed by graphical examination whether the forecasted 

values are close to the corresponding actual va lues, in particular, and if the pattern of 

observed values captured in general. This graph ical analysis of model validation was 

found to hold reasonably well with thi s model as indicated in Figure 8b that represents 

the plot of periods of the model forecasting verification and future forecasted monthl y 

rainfall series. 

Since the more parSllnOl1l 0US SARl MA (0, O. I) x ( I , I , 4) 12 model passed all the 

identifi cati on, estimation, diagnostic checks and forecasti ng procedures of SARIMA 

modeling, we provided the future point and interval forecasts of monthl y rainfall values 

in Table 8 after the model reformulated in the form of difference equation in Eq.(38). 
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CHAPTER FIVE 

CONCULUSIONS AND RECOMMENDATIONS 

5.1 Conclusions 

With an aim to investigate the practical applicability of the Univaraite Box-Jenkins methodology 

in forecasting model development based on the actual monthly rainfall data at Mekele and its 

surrounding area, the steps of model identification, estimation, diagnostic checks and forecasting 

are performed as recommended in vast literatures (example: Box-Jenkins, 1976, Markridkis el 

al., \998 , and Hipe\ el al., 1977) in this research paper. Moreover, this research mainly intended 

to forecast the future values of monthly rainfall with better accuracy so that deci sion makers gain 

insight for better preparations. Descriptive analys is, on the other hand, has also been discussed 

based on the hi storical data of the underlying variable. 

Based on the overall results of the research , therefore, the following conclusions could be drawn: 

i) Since SAR[MA models are identifi ed accordi ng the autocorrelation structure o f the 

appropriate monthly rainfall stationary series, the estimation and diagnostic analysis results 

revealed that models' are adeq uate ly fitted to the historical data. [n particular, the residual 

analysis, wh ich is important for diagnostic checking confirmed that there is no violation of 

assumptions in relat ion to model adequacy. Further comparison based on the forecasting 

accuracy of the models is performed with the hold-out some rainfall values. The point 

forecast results showed a very closer match with the pattern of the actual data and better 

forecasting accuracy in validation period. 

Therefore, the results of the research indicate that SARIMA model of Box-Jenkins methodology 

allows capturing more complex description of the seasonality, autocorrelation structure and non­

stationariy of the se ries and appears to be suitable in forecasting the monthly rainfall values 

based on Mekele station. 
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ii) The forecasting results reveal that there is no tendency of decreasing or increasing pattern 

of monthly rainfall over the forecast period from January 2010 to September 20 11. 

5.2 Recommendations 

i) The developed forecasting model is recommended to be used as input in deci sion-making. 

ii) The 95% confidence limits for po int forecast ha ve shown high variability in di stance among 

months. Moreover, the point forecasti ng percen tage errors have also vari ed considerably 

from month to month. The reason for thi s may large ly be due to the high variability noticed 

in the descriptive analys is results. However, the llmitations in data quality (example, because 

of the missed values) in the data might be an issue worth paying attention to . There is no 

doubt that thi s methodology without any missing value or applying better method of 

estimating those missing values wou ld improve the efficiency of parameter estimates and 

forecasti ng accuracy. In our study, we used the simple method of computing the two adjacent 

values to estimate the missing values. Nevertheless, applying more advanced methods for 

estimating missing values may improve the results. Therefore, the filtering technique of 

estimating missing for Box and Jenkins Methodology suggested by (Mahir and Al-Kahalh, 

2008) is recommended for further improvement of our forecasting model. 

iii) To bring real and dependable work to the ground consistent and free of errors data is un 

doubtfull y needed. Thus, great attention should be given to maintain quality of 

meteorological data from human and instrumental errors. 
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Annex. Monthly Rainfall Data at Mekele Station 

[ Year Jan Feb Mar A r May Jun lui Aug Sep Oct Nov Dec Total 
1975 1.4 20.8 18.0 21.5 10.6 100.0 185.1 293.1 120.7 0.0 0.0 0.0 771.2 
1976 3.4 6.0 0.0 41.7 28. 1 17.5 180.1 243.2 49 .6 2.1 3.2 0.0 570.9 
1977 0.0 0.0 19.3 5.4 770 56.5 204.6 25 1.2 62.9 1.1 0.0 0.0 678.0 
1978 0.0 0.0 22.3 0.0 0.6 32.6 180.8 203.6 5.6 0 .0 0.0 0.5 445.8 
1979 0.0 0.0 2.5 40.9 103.8 38.8 63.3 98.4 28.5 0.0 0.0 0.0 376.2 
1980 0.0 83. 1 0.0 11 2.3 43.5 42.1 206.2 4 13.2 17.7 0.0 0.0 0.0 9 18. 1 
198 1 0.0 0.0 24.0 5.6 11.3 0.0 349.0 205.3 22.9 0.0 0.0 0.0 618.1 
1982 0.0 24.4 45.2 70.8 9.3 8.0 192.6 207.1 3 1.2 0.0 0.0 0.0 588.6 
1983 0.0 11.0 4.6 27.5 106.3 1.8 244.3 255. 1 35.0 1.6 17.4 0.0 704.6 
1984 0.0 0.0 14.2 2.2 0.0 9.7 117.6 78.9 44.7 0.0 25.9 0.0 293.2 
1985 1.8 1.0 24.7 126.8 37.4 14.6 129.4 180.8 20.6 0.0 0.0 0.0 537.1 
1986 3.5 2.7 42.0 68.1 6 1.2 42.2 199.2 176.0 130.3 32.0 0.0 0.0 757.2 
1987 0.0 2.0 79.6 37.2 126.7 56.6 1772 220.2 36.3 1.9 0.0 0.0 737.7 
1988 0.0 29.3 0.0 10.1 37.6 6.7 380.3 394.9 59.0 0.0 0.0 0.0 917.9 
1989 0.0 15.4 8.7 10.5 19.3 81.7 273.6 430.7 40.5 16.5 0.0 0.0 870.6 
1990 0.0 7.7 4.3 5.2 9.1 40.5 235.8 323.5 34.8 33.9 0.0 0.0 639.1 
1991 0.0 0.0 0.0 0.0 0.0 0.0 198.0 2 16.3 28.2 53.1 0.0 0.0 593.6 

j 1992 8.7 2.1 38.3 1.0 30.7 6.2 140.7 233.1 1.3 2. 1 54.4 8.3 526.9 
1993 11.7 7.7 63.9 135.0 74.7 69.0 217.2 106.5 15.2 20.0 0.0 0.0 720.9 
1994 0.0 5.3 0.4 43.8 0.8 67.6 147.9 3 17.8 70.1 0.0 1.8 2.0 859.5 
1995 0.0 5.9 31.2 29.2 27. 1 6.8 268.2 237.7 51.4 3.0 0.0 2.7 663.2 
1996 1.4 0.0 59.5 12.5 92.2 47.9 109.2 224.0 7.1 0.0 31.4 1.1 586.3 
1997 0.0 0.0 20.4 32.4 32.6 29.8 32.4 243.1 100.5 16.3 59.9 15.7 583.1 
1998 10.0 1.2 0.0 10.6 22.0 48.0 289.0 318.8 31.8 22.0 0.0 0.0 753.4 
1999 22.0 0.3 10.9 0.0 0.0 7.4 293 .6 359 .2 22 .8 0.9 0.0 0.0 717.1 

2000 0.0 0.0 0.0 10.4 24 .6 5.4 201.4 182.0 15.8 2.2 10.3 3.5 I 455 .4 
2001 0.0 0.0 38. 1 18.7 8.7 65.5 267.9 226.3 9.2 2.9 0.0 00 635.3 

2002 12.9 0.0 35.5 4.2 23.0 60.8 95.5 208.6 28 .0 0.0 0.0 0.3 443.6 

2003 0.0 25 .9 18.2 8.4 35.2 87.5 125.6 201.8 23.4 0.7 0.0 0.1 526.8 

2004 7.4 3.7 35.2 20.5 7.1 25.4 64.3 221.1 1.4 3.1 0.8 0.2 390.2 

2005 0.0 1.4 15.6 48.9 55.3 18.2 110.5 314.0 34.3 0.0 1.3 0.0 599.5 

2006 0.0 0.0 31.3 117.6 46.3 38. 1 187.1 298.9 23.6 12.0 0.0 0.7 755.6 

2007 0.1 2.3 34.5 90.1 71.6 95.0 184.6 271.2 25.8 3.7 2.5 0.0 781.4 

2008 13.2 0.0 47.0 62.6 97.0 151.0 182.0 243.5 28.0 2.4 4.5 1.6 832.8 

2009 0.2 0.0 13.5 3. 1 46 .2 104.0 296.7 226.8 78.6 17.5 0.0 0.0 783.5 

Source: National meteorological Agency, Addis Ababa, Ethi opia. 
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