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ABSTRACT

Drought is a global phenomenon which adversely affects the sustainability of
one nation which encompasses three prominent aspects such as economic, social and
environmental. Due to that, it has immensely attracted the awareness of
environmentalists, ecologists, hydrologists, meteorologists, geologists and
agricultural scientists. Therefore, drought forecasting is essential for several key
players particularly the governments to evaluate the drought occurrence in order to
give early warning for preparedness and mitigation measures. In this study, a hybrid
Box-Jenkins and decomposition model based on standardized precipitation index
(SP1) was developed to forecast drought in Kuala Terengganu. Monthly rainfall data
of rain gauge station, Setor JPS Kuala Terengganu for period January 1982 to
January 2012 was used in this study. Multiplicative decomposition method was
employed to identify and isolate the underlying components of SPI time series for
multiple time scales using Minitab 16.0. Then the isolated components were gone
through the four-step iterative procedure of Box-Jenkins which are identification,
estimation, diagnostic checking and forecasting. After that, the forecasted values of
components were reassembled in order to gain a forecast based on the time series
decomposition. The forecasting performance of the hybrid model was compared
with the Box-Jenkins model. Two statistical measurements, mean absolute error
(MAE) and mean squared error (MSE) were applied in this study to measure the
accuracy of the forecasting models. In brief, the accuracy measure results indicated

that the hybrid model can prevail over the Box-Jenkins model.
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ABSTRAK

Kemarau adalah satu fenomena global yang boleh menjejaskan sector
ekonomi, sosial dan alam sekitar sesebuah negara. Ini telah menarik perhatian ahli
profesional seperti ahli alam sekitar, ahli ekologi, ahli hidrologi, ahli meteorologi,
ahli geologi dan saintis pertanian. Oleh itu, ramalan kemarau adalah penting bagi
beberapa pemain utama khususnya kerajaan untuk menilai kejadian kemarau untuk
persediaan awal dan langkah —langkah penyelesaian. Dalam kajian ini, model hybrid
Box-Jenkins and decomposition berdasarkan standardized precipitation index (SPI)
telah digunakan untuk meramal kemarau di Kuala Terengganu. Data hujan bulanan
daripada stesen tolok hujan, Setor JPS Kuala Terengganu bagi tempoh Januari 1982
hingga Januari 2012 telah digunakan dalam kajian ini. Multiplicative decomposition
telah digunakan untuk mengenal pasti dan mengasingkan komponen asas siri masa
SPI untuk pelbagai skala masa melalui Minitab 16.0. kemudian, komponen terpencil
itu akan melalui empat prosedur Box-Jenkins seperti pengenalan, anggaran,
pemeriksaan diagnostik dan ramalan. Selepas itu, komponen yang diramal akan
digabung semula supaya nilai ramalan itu adalah berdasarkan model decomposition.
Prestasi ramalan model hybrid telah dibandingkan dengan model Box-Jenkins
melalui dua ukuran statistic iaitu mean absolute error (MAE) dan mean squared
error (MSE). Secara ringkasnya, keputusan ukuran ketepatan telah menunjukkan
bahawa model hybrid adalah lebih bagus daripada model Box-Jenkins untuk ramalan

kemarau di Kuala Terengganu.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Natural disasters can be divided into few categories namely geological
disasters, hydrological disasters, meteorological disasters, fires, health disasters and
space disasters. Drought is one of the examples of meteorological disasters. Besides,
compared to other kinds of disasters, drought is considered more severely and
detrimentally affecting people and causing global damage approximately $6-$8
billion annually. (Wilhite, 2000) Therefore, drought can be the world’s costliest
catastrophe and has riveted the attention of environmentalists, ecologists,

hydrologists, meteorologists, geologists and agricultural scientists.

According to Mishra and Singh (2010), definitions of drought can be depicted
in manifold ways. For example, the World Meteorological Organization (WMO,
1986) defined drought is an endless and prolonged shortage in precipitation. Besides,
UN Secretariat General (1994) defined drought is a natural phenomenon that takes
place when the precipitation is below normal the recorded level which has triggered
serious hydrological imbalances that adversely affect land resource production
systems. Drought as the smallest annual value of daily streamflow is defined by
Gumbel (1963). Moreover, the Food and Agriculture Organization (FAO, 1983) of
the United Nations defined a drought is perilous as it suffers crops from producing
due to water paucity. Last but not least, the encyclopedia of climate and weather
(Schneider, 1996) defined a drought as a lengthy period (a season, a year, or several

years) of deficient rainfall relative to the statistical multi-year mean for a region.



Wilhite and Glantz stated that there are four categories of drought namely
meteorological drought, hydrological drought, agricultural drought and socio-
economic drought (Mishra and Singh, 2011). Meteorological drought means the lack
of rainfall over a region for a period and gravely affects the biotic element such as
flora and fauna. Under given water resources management system, streamflows are
inadequate to supply established uses over a period and this induces hydrological
drought. The agricultural drought is associated with declining soil moisture over a
period and causing crop failure without any reference to surface water resources.
The socio-economic drought can be regarded as water resources systems fail to meet
the water demands and thus it should be associating drought with the supply and
demand of an economic good (water).

A drought’s period can be varied where it can be in short or protracted term.
Sometimes it may last for few months or more grievously it will take years. Hence,
this logically causes devastating effects on agriculture and water supplies which yield
a great impact on economic beyond the affected area. A drought that lasting for 4 to
9 months in 1991 in Malacca, Malaysia affected more than 170,000 people
comprising an area of 2797km?. Furthermore, 1580km? suffered a wild fire which
100 km? were agricultural lands and affected 7200 farmers. The estimated
economical loss was RM 7 million. In addition to that, several areas were suffered
from water rationing and rice crops were totally wiped out and consequently it forced
the public send food supplies in order to mitigate the situation. North Eastern part of

Sarawak near Miri region was also involved.

According to Frechtling (2001), forecasting is a process of organizing
information about past phenomenon in order to anticipate future. Forecasting can be
applied in myriad fields throughout the world in various fields such as sales,
financial, weather, agricultural and others. So, undeniably it will also be employed
in the field of weather in this study and drought is the goal of forecasting. This
chapter will carry out a brief understanding of the main purpose of this study. The
outcome of this study is hoped to contribute in Malaysia’s meteorological sector and

to the body of knowledge in the related areas.



1.2 Background of the Study

Drought can give a significant impact on sustainability which includes
economic, social and environmental for both developing and developed countries.
Drought can be a hazard and a disaster. Drought is hazardous because it is a natural
accident of unpredictable occurrence but of recognised recurrence and
simultaneously drought is a disaster because it corresponds to the failure of
precipitation regime and thus causes the inadequate water supply for agricultural
ecosystems and human activities. Therefore, as Wilhite (2000) stated, it was
important to develop prediction tools in order to support early warning for timely

implementation of preparedness and mitigation measures.

A number of different indices have been developed to quantify a drought.
The standardized precipitation index (SPI) is originally introduced by McKee et al.
(1993) and it is one of the well-known drought indices. SPI index is one of the
simplest indicators used for drought assessment. The use of SPI index gives a
number of advantages. Firstly, the SPI index is simple and only based on the amount
of precipitation. Secondly, the SPI index can calculate the precipitation deficit on
different time scales. Thirdly, the calibration of SPI index can assure the
independence from the geographical position as the index is calculated with respect
to the average precipitation in the same place and the ability of SPI index to describe

both dry and wet periods in the same way. (Rossi et al., 2007)

An accurate drought prediction enables optimal operation of irrigation
systems. Many different methods have been proposed to forecast drought.
According to Mishra and Singh (2011), Gabriel and Neumann and Torranin were the
first researchers applied Markov and regression models in drought forecasting.
Besides, using the geometric probability distribution in forecasting of properties of
droughts was first attempted by Yevjevich (1967). He defined a drought of k years
as k consecutive years when there are no adequate water resources. In addition, the
linear stochastic models, ARIMA and SARIMA were used in drought forecasting
which is based on the procedure of model development (Mishra and Desai, 2005).

The models were also applied in drought forecasting, standardized precipitation



index (SPI) which it had been tested at the Kansabati river basin in India. (Mishra
and Desali, 2005)

Time series models have also been widely applied in scientific, economic and
engineering field. Time series models have several advantages over other models as
time series models have the systematic search capability for identification, estimation,
and diagnostic check for model development. Therefore, the time series approach, a
hybrid Box-Jenkins and decomposition model is proposed in this study. And the
standardized precipitation index (SPI) is used as the drought quantifying parameter in
this study. Kuala Terengganu is proposed as the study area as the eastern areas can
be regarded as the driest areas during Southwest Monsoon (SWM) period which is
from late May to September. The rainfall station, Setor JPS Kuala Terengganu in
Kuala Terengganu is chosen as drought did occur in Kuala Terengganu. According
to local historians, about 100 years of “Low They Well” was dug during a period of
severe drought. Furthermore, lots of livestock especially buffalo were in slim

condition due to the lack of food and water during drought in year of 1998.

1.3 Statement of the Problem

Drought is different from most other natural disasters as it can be developed
slowly and has prolonged existence. Drought can cause water shortage due to the
lack of precipitation and people need to suffer from water rationing. Agricultural
areas are also affected during drought as plants cannot survive due to insufficient
water. In addition, the worst drought can also cause people to perish from starvation.
In brief, drought has the significant impact on economic, societal and environmental

losses. Therefore the forecasting of drought becomes crucial.

The following questions have been explored in this study:
(1) How to forecast drought in Kuala Terengganu?
(i) Which approach between the Box-Jenkins model and a hybrid Box-Jenkins

and decomposition model performs better in drought forecasting?



1.4  Objective of the Study

The objectives of this study are:

(1 To develop a hybrid Box-Jenkins and decomposition model for drought
forecasting.

(i)  To compare the performance of the hybrid model with Box-Jenkins model.

1.5  Scope of the Study

This study focuses on the hybrid Box-Jenkins and decomposition model that
is applied to forecast drought in Kuala Terengganu based on standardized
precipitation index (SPI). Comparison between Box-Jenkins model and the hybrid
model was considered in order to provide the high accuracy and reliability in drought
forecasting. Monthly rainfall data from the rain gauge station, Setor JPS Kuala
Terengganu in Kuala Terengganu from January 1982 to January 2012 was collected.
The data was collected from Data Information Unit, Water Resource Management

and Hydrology Division.

1.6 Significance of the Study

The significance of study is to investigate the appropriate approach
for drought forecasting in Kuala Terengganu by using standardized precipitation
index (SPI). Comparison between Box-Jenkins model and the hybrid model can help
to provide the high accuracy and reliability in drought forecasting. This study can
help government in the risk evaluation of drought occurrence. From this,
government can actually render an early warning for timely implementation of
preparedness based on the prediction. Hence, the negative impacts of drought can be
prevented. Furthermore, good water, agricultural planning and other mitigation

measures can be implemented as well.



1.7  Thesis Organization

This thesis contains five chapters. The first chapter consists introduction.
Introduction, background of the study, statement of the problem, objectives, scopes

and the significances of the study are presented in this chapter.

Then, chapter 2 is the literature review. In this chapter, reviews on the
previous researches of models used in drought forecasting, time series models,
simulations of precipitation distributions, parameter estimation, goodness-of-fit

(GOF) test and forecasting performance evaluation are given.

Chapter 3 concerns the methodology. This chapter discusses three types of
distribution namely Gamma distribution, Normal distribution and Beta distributions
to fit the monthly rainfall data. Besides, two time series approaches (Box-Jenkins
and decomposition) are introduced in chapter Ill. This chapter also presents
forecasting error measurements, i.e., mean absolute error (MAE) and mean square

error (MSE) to measure the accuracy of a forecasting model.

Chapter 4 presents the implementation of methodology that had discussed in
chapter 3. The test for the best fitted distribution in compute SPIs series for drought
forecasting in Terengganu using EasyFit 5.5 software and the SPI result which
computed by SPI SL 6.exe is revealed in this chapter. This chapter carries out the
implementation of the proposed time series approaches (Box-Jenkins and the hybrid)
as well. The performance of these two models on drought forecasting for Kuala
Terengganu will also be compared via the forecasting error measurements, MAE and
MSE.

Finally, chapter 5 discusses the conclusions and some suggestions for the

future research.
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