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Pedicting rainfall and drought at least a year in Advance in
Zimbabwe using climatic determinants (Darwin and Southern
Oscillation Indices)

Delson Chikobvu® and Retius Chifurira?
Abstract

In this study, a multiple regression model is depel to explain and predict mean annual
rainfall in Zimbabwe. Principal component analyisisised to construct orthogonal climatic
factors which influence rainfall patterns in Zimbab The aim of the study is to develop a
simple but reliable tool to predict annual rainfale year in advance using Darwin Sea Level
Pressure (Darwin SLP) value of a particular momtti a component of Southern Oscillation
Index (SOI) which is not explained by Darwin SLPw&ighted multiple regression approach
is used to control for heteroscedasticity in theoreterms.The model developed has a
reasonable fit at the 5% statistical significaneeel can easily be used to predict mean

annual rainfall at least a year in advance.

Key words: Principal Component Analysis, multiple regressiDaywin Sea level Pressure,

Southern Oscillation Index, previous year

INTRODUCTION

The prime cause of drought is the occurrence afvbelormal precipitation, which is affected
by various natural phenomena. Firstly, as noteBdoyu and Sharma (2002), the most notable
large scale climatic variation that occur from gear to another, is the Southern Oscillation
climatic condition, which manifests itself in théferential oceanic temperature phenomenon
across the tropical Pacific Ocean. The SOl is ftifferdnce between seasonally normalised
sea level pressures of Darwin (in Australia) antiffgin Mid Pacific). Secondly, Darwin
Sea Level Pressures has been found to influencsorsalarainfall patterns in Zimbabwe
(Manatsa et al., 2007).

The aim of this study is to develop a simple rdinfaedictive model using climatic
determinates such as Southern Oscillation Indexl)(8%@d Darwin Sea Level Pressures

(Darwin SLP) for a country such as Zimbabwe attleagear in advance.
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BACKGROUND
Darwin Sea Level Pressure

Sea Level Pressure is the atmospheric pressureant sea level either directly measured by
stations at sea level or empirically determined nviige station is not at sea level. The
monthly  Darwin  SLP  values were sourced from the ermétwebsite

http://www.cpc.ncep.noaa.gov/data/indices/da this paper, the Darwin SLP values are not

directly measured at Darwin but empirically detared using a reduction formula.
Souther n Oscillation Index

The SOI data is obtained from the Internet wehéipe//www.longpaddock.gld.gov.alihe

SOl is calculated from the monthly or seasonaltflations in the air pressure difference of
the area between Tahiti (in the mid-Pacific) andvida (in Australia). The SOI gives a
simple measure of the strength and phase of ttierelifce in sea-level pressure between

Tabhiti and Darwin.
METHODOLOGY
Multiple regression
Principal Component Analysis

Principal component analysis is a technique usecbtobine highly correlated factors into
principal components that are much less highlyetated with each other. This improves the

efficiency of the model.

In this study, the predictive power of Darwin Seavél Pressure valueg and SOI values

(I,) is explored. Two new, uncorrelated factfjr@nd/;, can be constructed as follows:

Then, we carry out a linear regression analysidetiermine the parametersandy, in the

equation:

L=y +yl +& (1)

y.andr, are the intercept and slope parameters of thessegm model respectively andis

the ‘error’ term, which by definition is independefi I7 = I;.
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We then set:

=& =Lty

By construction’; is uncorrelated with Darwin Sea Level Pressureesl(;) sincd, = &,

the residual term in the equation. Changek is interpreted as the change in the observed
values of SOILf,) that cannot be explained by the observed changearwin Sea Level
Pressure valued;{.l5in the rainfall model (equation 1) explains the pament of rainfall

that cannot be explained by the Darwin SLP.

Another assumption in the rainfall model (equatibnis that the error terms should be
uncorrelated and have constant variance over flinis. assumption is likely to be violated in
regression models with time series data. Autocatie (the error terms being correlated
among themelves through time) leads to regressioefficients which are unbiased,

inefficient and the standard errors are probablyngrmaking tests and- tests unreliable.

Weighted least squaresregression

The multiple least squares criterion weighs eackentation equally in determining the

estimates of the parameters. The procedure tréatf the data equally, giving less precise
measured points more influence than they shoula lzend gives highly precise points too
little influence. The weighted least squares weigbme observations more heavily than
others, giving each data point its proper amouninfifience over the parameter estimates,
and this maximizes the efficiency of parametemestion. Weighted least square reflects the
behaviour of the random errors in the model.

The modely, = By + B1x1¢ + Boxze + Ne

1 x1 x4
andN - [Nl' NZ "'Nt] !
1 x5 xp

Let Y = [y, ¥z, .. ¥e]', B = [Bo, B, B2] . X =

thenthe same model equation can be written as
Y=XB+N

Parameter estimates using ordinary least squaresecbound as

B=X'X)""(X'Y) = [Bo,f. B2l

To find the weighted least squares parameters efwhighted model, we minimise the
Weighted Sum of Squared Errors.

WSSE = Y1y we(ye — 91)?
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=Yieawe (Ve — ,go - ﬁ1x1,t—ﬁzx2,t)2

wherew, > 0 is the weight assigned to th& observation. The weight, can be the
reciprocal of the variance of that observationt®eterm,s? , i.e.,

Observations with larger error variances will reeeiess weight (and hence have less
influence on the analysis) than observations withl&er error variances. The estimates are:

B =X'WX)"1(X'WY)
where W = [w;, w,, ... w;] is the weight vector.

The biggest disadvantage of weighted least squarése fact that the theory behind this

method is based on the assumption that the weaght&nown exactly. This is almost never

the case in real applications where, instead, astidhweights are used (Carrol and Ruppert,
1988).

RESULTS
Multiple regression

Table 1 shows the results of the multiple regressipproach to predict Zimbabwe’s mean
annual rainfall using the Darwin SLP for March atag of one year and the principal
component of SOI for September of the same yeaclwisi not explained by Darwin SLP.

The multiple regression model is:

e =Po+ B1x1,t-1 + BaXxz -1

Wherg), is the predicted mean annual rainfall,_, is Darwin SLP value for March of the
previous year and, ., isI; the component of SOI for September of the previgawhich

is not explained by the corresponding Darwin SLRedor March.

Table 1: Multipleregression model for predicting mean annual rainfall

Variable coefficient pvalue

Bo = 995.1645 0.0000

Darwinmarc-1) | B, = —43.324 0.0162
I B, = 4.5628 0.0629
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Figure 1: Rainfall versus predicted rainfall using multiple regression model
Weighted regression model

To address the heteroscedacity in the data, welglegression is used. The weighted linear

regression models results for rainfgit
Vi = BS + fo1,t—1 + B;xz,t—1
Wherex,,_, is Darwin SLP values for March of the previous ry@adx,,_, is I; the

component of SOI for September which is not exgdiby Darwin SLP for March. Various

weights are considered in arriving at estimggef; andg; using weighted regression.

The model Withl% as the variance stabilizing weight was selectedabse it is the model
2

with the least AIC and BIC. The model is signifitat 5% significance level. The estimates
of B, frandB; are 730.603; 13.261 and-18.120 respectively. The model has a much
improved multipleR? = 0.99.



Proceedings 59th 19 World Statistics Congress, 25-30 August 2013, Hong Kong (Session CPS202) p.5320

1200
10004
T 800 e
c
‘T
x
8 600-
>
c
c
<
4004
200 ‘ T T T ‘ T 1T ‘ T T T ‘ L ‘ T 1T ‘ L ‘ T T
75 80 85 90 95 00 05
Year
‘ — Observed Rainfall ----- Predicted Rainfall

Figure 2: Rainfall versus Rainfall forecast

From figure 2 the model seems to be able to predisample mean annual rainfall. The
model shows little variability inbetween forecastad actual rainfall. The model has a
multiple R? = 0.99. Thus, the model can be used to predict oae ghead mean annual

rainfall for Zimbabwe. The out of sample forecasit be done for the years 2010 to 2013.
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