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CHAPTER  3

DATA AND STATISTICAL ANALYSIS TECHNIQUES

3.1 Climatology and Variability of the ITCZ

The understanding of location, structure, and variability of the ITCZ has important

implications for the regional and global climate. The purpose of this study is to describe

general characteristics of the mean climatology and patterns of variability of the ITCZ.

 The data sets used for this analysis are monthly OLR, i. e., the longwave

radiation observed at the top of the atmosphere. The OLR data set is one of the most

widely data used as a proxy for tropical convection (Waliser et al. 1993; Vincent et al.

1998). In the tropics, OLR is governed primarily by cloud top temperatures, so that low

OLR values are related to high cloud tops or deep convection and thus to the ITCZ. The

OLR has been routinely obtained from the 10-12 µm window on operational National

Oceanic and Atmospheric Admistration (NOAA) polar-orbiting satellites since 1974

(Gruber and Winston 1978). New algorithms were developed in subsequent years to

improve the accuracy of the OLR (Gruber and Kruger 1984).

The OLR data set is available globally at a 2.5° x 2.5° resolution from the Climate

Prediction Center (CPC)-NOAA. The period used in this analysis spans from January

1975 to December 1997 with a gap in 1978 (264 months) due to satellite failure. The

monthly OLR data are then interpolated into a 2° x 2° resolution using a bicubic

interpolation technique to cover the global tropical region from 25°N to 25°S and

between 0° and 358°E.
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The climatological characteristics of the ITCZ including the overall long-term

mean ( x ), the standard deviation (s), and the coefficient of variance (CV) are computed

for each grid point in the study area from the OLR data as follows:
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where n is the month index spanning the 264 months of period. The x , s, and CV are the

statistical measures of the sample mean, the unbiased estimate of the variation, and the

variation (in percentage) of the mean, respectively.

To better understand the latitude preference of the ITCZ, the mean meridional

profiles of the long-term mean OLR are calculated for five non-overlapping tropical

oceans, i. e., the Indian, western Pacific, central Pacific, eastern Pacific, and Atlantic

oceans, in addition to the global tropics, specified in Table 3.1. These five regions are

selected to represent different characteristics of their ITCZ structures and distinct air-sea

interaction processes. The meridional profiles are computed by taking zonal average of

the OLR within the given longitude limits over all 264 months of data.

The frequency-dependent variability of the ITCZ explains how much of the

variance of a time-series is associated with a particular frequency. The spatial structures

of the frequency-dependent variability are calculated from normalized power spectrum
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density of OLR data for time scale classifications delineated in Table 3.2. These

classifications are similar to those used by Waliser et al. (1993) who used the pentad

OLR data set in their analysis.

Table 3.1.  Domains and longitude limits for the ITCZ
                  analysis. Latitude limits are 25°N and 25°S.

Domain Longitude limits

Indian 60° - 100°E

West Pacific 110° - 150°E

Central Pacific 160°E - 160°W

East Pacific 100° - 140°W

Atlantic 10° - 40°W

Global 0° - 358°E

Table 3.2.  Time scale classifications for the frequency-
                  dependent variability of the ITCZ.

Time scale (months) Denotation

17 - 84 Interannual

9.5 - 14 Annual

2 - 8.5 Semiannual

The normalized power spectrum density for each grid point in each time scale is

determined as follows: If A(k) is the time-domain representation of a period signal of

period P sampled at intervals Ps=P/N and F(n) is its discrete Fourier transform, then for
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each n=1, 2, .. N-1 the power spectrum of A(k) is derived as |F(n)|2/N. The power density

spectrum is then normalized by the total variance in the entire field.

3.1.1 Relationships between SST, Large-Scale Atmospheric Circulation, and
 Convection over Tropical Oceans

The relative roles of the large-scale wind circulations on the relationship between SST

and tropical convection and the relative roles of SST on the relationship between large-

scale circulations and tropical convection have great importance for climate feedback

mechanisms associated with clouds and SST and for climate predictability. In this study,

a quantitative estimate of the effect of large-scale circulations on the SST-tropical

convection relationships is derived from the linear regression coefficients (partial

derivatives) between SST and convection at a constant wind divergence category.

Similarly, an estimate of the effect of SST on the large-scale circulation-convection

relationships is obtained from partial derivatives between large-scale circulations and

convection at a constant SST category.

The data used for this analysis are monthly SST, 200-mb wind divergence (DIV),

and OLR. The analysis is based on 264 months of period from January 1975 to December

1997 (with a gap in 1978). The SST data are constructed from the Reynolds in situ

analysis (Reynolds and Gemmill 1984) from January 1975 to December 1981 combined

with the Optimum Interpolation data (Reynolds and Smith 1994) from January 1982 to

December 1997. The in situ data sets are available at a 2° x 2° resolution from the

National Centers for Environmental Prediction-National Center for Atmospheric

Research (NCEP-NCAR). The Optimum Interpolation data sets, which utilize in situ data
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from ships and buoys and from satellite data, are available at a 1° x 1° resolution from the

CPC-NOAA. The 200-mb DIV data sets are used as a measure of the large-scale

circulations of the tropical atmosphere since they are closely related to the vertical

velocity at 500 mb through the mass balance requirements. These data are derived from

the monthly NCEP global reanalysis winds and available at a 2.5° x 2.5° resolution. The

OLR data have been described in the previous section. All three data sets are then

processed to provide monthly values on the same 2° x 2° resolution from 25°N to 25°S

between 0° and 358°E.

The analysis procedures are as follows. The relationship between SST and OLR is

first examined by a scatter plot of collocated SST and OLR grid point values from the

264 months of period for each domain specified in Table 3.1. Each of plots comprises a

total of over 250,000 data points. This large number of data points can significantly

measure the relationship between these two variables. The bulk SST-OLR regimes are

then identified by calculating the mean OLR values as a function of every 0.5°C SST bin.

Next, to examine the SST-OLR relationship as a function of the large-scale wind

circulations, the upper-level divergence regimes of the tropical atmosphere are divided

into 4 categories according to the strength of the wind divergence. Category DIV1

represents strong upper-level convergence (descending motion) with -2 x 10-5 s-1 < DIV ≤

-1 x 10-5 s-1, category DIV2 represents weak descending motion with -1 x 10-5 s-1

< DIV ≤ 0, category DIV3 represents weak upper-level divergence (ascending motion)

with 0 < DIV ≤ 1 x 10-5 s-1, and category DIV4 represents strong ascending motion with

1 x 10-5 s-1 < DIV ≤ 2 x 10-5 s-1. The dependence of SST and OLR on DIV is then
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obtained by calculating the partial rate of change of OLR with respect to SST from linear

regression equation between SST and OLR for each DIV category.

To examine DIV-OLR relationship, scatter plots of DIV versus OLR are

constructed for each domain. The mean OLR values as a function of every

0.5 x 10-5 s-1 DIV bin is intended to identify the DIV-OLR regimes. To examine the DIV-

OLR relationship as a function of SST, the SST regimes are divided into five categories:

Category SST1 represents 25°C < SST ≤ 26°C, category SST2 represents 26°C < SST ≤

27°C, category SST3 represents 27°C < SST ≤ 28°C, category SST4 represents 28°C

< SST ≤ 29°C, and category SST5 represents 29°C < SST ≤ 30°C. The partial rate of

change of OLR with respect to DIV for each SST category is then computed to estimate

the linear influence of SST on DIV-OLR relationship.

3.3 ENSO-Related Climate Anomaly over Indonesia

A better understanding of ENSO-climate anomaly over Indonesia and improved climate

prediction with sufficient lead times are useful to mitigate the disaster losses and provide

decision-makers involved in resource management issues and response strategies with

important information necessary for critical economic decisions.

To derive the spatial and temporal relationships between ENSO and climate

anomaly over Indonesia, two sets of linear statistical models are used to predict monthly

OLR anomaly over the Indonesian-Pacific regions from SST anomaly over the tropical

Pacific. These models are constructed using a combination of the Empirical Orthogonal

Function analysis and the Canonical Correlation Analysis as described next. Examples of

the same approaches were done by Yu et al. (1997) who successfully predicted January-
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February-March rainfall variations in the Pacific islands from SST anomalies in the

Pacific Ocean with average skills of 0.53 and 0.41 for one and two seasons lead time.

Diaz et al. (1998) also found significant skills for the relationship between SST anomalies

in the Pacific and Atlantic oceans and rainfall anomalies in Uruguay and Southern Brazil

regions.

In this analysis, the monthly SST anomaly data with a 2° x 2° resolution covered

the tropical Pacific Ocean from 30.5°N to 29.5°S between 120.5°E to 67.5°W are used as

the predictor. The predictand is the monthly OLR anomaly data covered the Indonesian-

Pacific regions from 30°N to 30°S between 80°E and 80°W with resolution of 2.5° x

2.5°. The period for this analysis is from January 1975 to December 1997 (with a gap in

1978). All monthly anomaly values are defined as departures from 1975 to 1997 monthly

mean. The EOF and CCA models are then constructed to provide predictions at lag times

of zero to six months.

As a measure of ENSO events, the Nino 3.4 index and SOI are used. The 5-month

running mean is made for these indices to filter out the intraseasonal variations. Within

1975 and 1997 period, eight ENSO events (1976/78, 1979/80, 1982/83, 1986/88,

1991/92, 1993, 1994/95, and 1997/98) and three La Niña events (1984/85, 1988/89, and

1995/97) occurred (Fig. 3.1).



47

Figure 3.1. Time-series plot of the 5-running mean of Nino 3.4 and SOI indices
from 1975 to 1997.

3.3.1 Empirical Orthogonal Function

The Empirical Orthogonal Function (EOF) analysis is, in principle, a data reduction

technique. The reduction of data is achieved by finding a set of empirical orthogonal

eigenvectors and the corresponding principal components (PCs) which account for an

adequate total variance of the original data. The EOF analysis is performed to obtained

the modes of variability.

In EOF, the covariance matrix is constructed from the data field and diagonalized

to obtain eigenvectors and corresponding eigenvalues. The elements of this covariance

matrix must be formed from the deviations or anomalies from the mean values of the

data. Each eigenvector describes a mode of spatial pattern and the associated a series of

time coefficients (PC) that define the evolution of the spatial mode. As the eigenvectors

are orthogonal in space, the associated PCs are also orthogonal in time. A fraction of the

total variance given by particular eigenvector is proportional to its corresponding
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eigenvalue. Furthermore, the eigenvalues are arranged in decreasing order according to

the percentage of variance associated with them. The eigenvectors that account for large

fractions of the variance are, in general, considered to be physically meaningful. The

remaining modes that account for very small fractions of the variance are considered

statistically and presumably physically non-significant (noise). Since the modes are

orthogonal, any two modes may be regarded as uncorrelated. Complete descriptions and

applications of the EOF method can be found in, for example, Kutzbach (1967) and

Peixoto and Oort (1992). The outline of the computational steps is given below:

Given a matrix data FMxN, whose elements fmn are denoted by anomaly values. Here m=1,

2,..M is a grid point or station position counter and n=1, 2, …N is a time counter.

The eigenvectors and eigenvalues are calculated from the characteristic equation of the

covariance matrix R given by:

( ) (3.4)                                                                                                    0EIR =λ−

where E = [e1, e2, … eM] is the eigenvector data set, λ = [λ1, λ2, … λM] is the eigenvalue

data set, I is the unit matrix of order M, and R is given as:

(3.5)                                                                                                       FF
N

1
R T=

with FT is the transpose matrix of F.

This, any observation vector fn can be expressed as a linear combination of the M

eigenvector em:
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Here Cmn are the components of the projection of fn on em. The coefficients Cmn are the

elements of MxN matric C such that:

(3.7)                                                                                                           FEC T=

For the computations of EOF, the SST anomaly and OLR anomaly data sets are

each arranged into a rectangular matrix, where the rows represent grid points and the

columns months. In this analysis, there are a 2697x264 matrix for SST anomaly and a

2025 x 264 matrix for OLR anomaly.

3.3.2 Canonical Correlation Analysis

The Canonical Correlation Analysis (CCA) is a particular type of multivariate statistical

technique used to find a linear combination of two data sets that are most highly

correlated. In other words, multicomponent predictors are linearly related to

multicomponent predictands such that the sum of the squared errors is minimized. One of

the advantages of using CCA is its ability to operate on full fields of information and to

objectively define the most highly related patterns of predictor and predictand fields.

In CCA, the cross-covariance matrix is built between predictor and predictand

data sets obtained from the EOF outputs. In determining how many EOF modes should

be retained for the CCA inputs, this study follows a selection rule given by Morrison

(1976) who suggested that retained EOF modes should be explained at least 75% of the

total variance. The eigenvectors and eigenvalues are then obtained from the characteristic

equation of the product of the cross-covariance matrix between predictor and predictand

data sets and their transpose matrices. The resulting eigenvectors are called canonical
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vectors. The linear combinations of canonical vectors form orthonormal sets of canonical

temporal functions or principal components. The square roots of the resulting eigenvalues

are called canonical correlation coefficients. These canonical correlation coefficients

represent the levels of correlation between patterns of predictor and predictand variables.

The spatial distributions of the predictor and predictand fields or canonical maps are

evaluated from the correlation between predictor and predictand fields and their

respective canonical component time series. Detailed descriptions of the CCA method

can be found, for example, in Graham et al. (1987) and Barnett and Preisendorfer (1987).

The outline of computational steps are summarized as follows:

Consider Y(x,t) and T(x’,t) as predictor and predictand fields, respectively given by their

truncated principal components as:
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=

p
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where p and q are the truncated limits, κj and λk are the eigenvalues of respective

predictor and predictand fields, ej and fk are the eigenvectors of respective predictor and

predictand fields, αj(t) and βk(t) are the normalized principal components of respective

predictor and predictand fields and calculated as follows:
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Optimal representation of T(x’,t) in terms of Y(x,t) is obtained by first forming the set of

all linear combinations of the αj and βk in the Euclidean vector space Ep and Eq:

∑β∑ α=
=

q
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where 
r r
r and s are arbitrary unit vectors in Ep and Eq, respectively. It can be shown that

the correlation of 
r r
u and v  is maximized if 

r r
r and s are, respectively the eigenvectors of

the systems of:
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where C is the p by q matrix whose elements are:

(3.15)                                                                                       )t()t(C
tkjjk βα=

< >t denotes an average over t=1, 2, .. n and µj and µk are the non-negative square roots of

the eigenvalues µj
2 and µk

2, respectively and called canonical correlation coefficients.

From eq. (5.9) the canonical component vectors can be derived as:
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The uj and vk each forms orthogonal sets of vectors in Ep and Eq.

The above results allow to represent the Y and T data sets as linear combinations of their

canonical component vectors:
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where gj(x) and hk(x’) are defined as:
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The canonical maps gj(x) and hk(x’) are vectors whose components show the correlation

at a specific location (x or x’) between Y and T and their respective canonical component

time series (j or k). It is convenient, for ease of interpretation, to deal with normalized

version of gj and hk maps. If these normalized maps are denoted by gj’(x) and hk’(x’) then:
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The prediction formula is calculated as:
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It should be noted that the consequence of the linear relationship between the tropical

Pacific SST anomaly and the Indonesian-Pacific OLR anomaly constructed from the EOF
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and CCA models is that the assumptions that OLR anomalies over Indonesia associated

with SST anomalies over the tropical Pacific Ocean during La Niña events are the linear

inverse with those associated with SST anomalies over the tropical Pacific Ocean during

El Niño events.


