
CHAPTER2

DATA AND METHODS

”Err orsusinginadequatedataaremuch lessthanthoseusingnodataat all.”

— CharlesBabbage,circa1850

2.1 Datasets

2.1.1 OLR Theprimarydatausedin thisstudyaretheoutgoinglong-

wave radiation(OLR) from theNationalOceanicandAtmosphericAdministration

(NOAA) polar-orbitingsatellites(GruberandKrueger1984).OLR is regularlyused

to locateareasof deeptropicalconvectionandasa proxy for precipitation (Arkin

andArdanuy1989)by identifying thepresenceof cold cloudtops.Althoughthere

is a goodcorrelationbetweenlow OLR valuesanddeepconvectionin the tropics,

it is not possibleto distinguishcoldcloudtopsdueto convectionfrom thosedueto

thick cirrostratusdecks.This limitation is particularlyimportantin acase-studyap-

plicationandlessimportantwhenOLR is time-averaged.TheOLR datais available

from June1974throughtheendof 1997,exceptfor mostof 1978whenthedatais

missingdueto satelliteproblems.Thedataareinterpolatedin spaceto removeany
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missingvaluesexcludingtheextended1978gap (LiebmannandSmith1996).The

raw OLR datais mappedontoa 2.5
�

x 2.5
�

globalgrid andrepresentstheaverage

of twicedaily (onedaytimeandonenighttime)satellitepasses.Anomalytimeseries

aregeneratedby removing the meanandthe first threeharmonicsof the climato-

logicalannualcycle (365.25,182.625,and121.75days).It is usefulto notethat,at

leastin theEasternHemispheretropics,a10W m ��� OLR anomalyis approximately

equalto a2.0mmday��� rainfall anomaly (Xie andArkin 1998).

A fundamentallimitationof theOLRdatasetis thatthedailyaveragevalue

is obtainedfrom only two satellitepassesthatoccurat thesametime eachdayand

nightandthereforedoesnot fully resolvethediurnalcycle. In regionswherethedi-

urnalcyclein convectionisstrong,particularlyoverland (MeisnerandArkin 1987),

this limitation will leadto systematicerrorsin theOLR estimate.Thediurnalcycle

of convectioncanonly beproperlyaddressedby frequentsamplingaroundtheclock

with theuseof geostationarysatellites.Althoughthemonsoonregionhasbeenmon-

itoredby anIndiangovernmentgeostationarysatellite,thedataarenotyetavailable

to thescientificcommunity. Recently, thegeostationaryEuropeanMeteosat-5satel-

lite wasmovedover the monsoonregion which will allow a detailedexamination

of the diurnal cycle of convectionandwill hopefully permit the determinationof

suitablecorrectionfactorsfor daily averageOLR estimates.

2.1.2 NCEP/NCAR Reanalysis The National Centerfor Environ-

mentalPredictionandNationalCenterfor AtmosphericResearch(NCEP/NCAR)

reanalyses (Kalnay et al. 1996) are employed to representthe dynamically-

consistentcirculation at 200-mb,850-mb,and 1000-mb. The reanalysisusesa

”frozen” dataassimilationmodelfor theentire1958to1997periodwhicheliminates

spuriousdiscontinuitiesthatarisefrom changesin theassimilation.Thereanalysis
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dataaremappedontothesame2.5
�

x 2.5
�

grid astheOLR dataandareavailableat

four timesdaily resolutionfrom 1958to 1997.Here,only the1974to 1997subsetof

daily averageddatais used.It is importantto notethatOLR andtheNCEP/NCAR

reanalysesareessentiallyindependentdatasetssinceOLR informationis not used

to infer diabaticheatingor divergentflow.

2.1.3 SST The seasurfacetemperature(SST) is representedby the

Reynoldsseasurfacetemperatureanalyses(ReynoldsandSmith1994)which are

anoptimally-interpolatedblendof satellite,buoy, andshipmeasurements.Weekly

SSTanalysesareavailablefrom 1982–1997ona1
�

x 1
�

globalgrid. Priorto 1982,

monthlySSTestimatesarederivedfrom reconstructedmonthlymeanSST (Smith

etal. 1996)thatarebasedon in situobservationsandareinterpolatedwith EOFs.

The stateof ENSOis evaluatedhereusingthe Niño3 SSTindex, which

is calculatedby averagingmonthlyReynoldsSSTover thedomain5
�
S–5

�
N, 150

�
–

90
�
W. NumerousotherSSTindicesincludingNiño 1+2 (easternPacific) andNiño

3+4 (westernPacific) aresometimesusedto representENSO.TheNiño3 index is

consideredtypically to be the most representative of the large-scalebehavior of

ENSO.

2.1.4 Precipitation A daily blendedstationdata/MSUprecipitation

ratedataset(Magãna,privatecommunication)is usedasan independentrepresen-

tation of rainfall. In this dataset,precipitationover land is determinedfrom the

historicalrecordof precipitationgaugemeasurementswhile precipitationover the

oceansis inferredfrom theMicrowaveSoundingUnit (MSU) data (Spencer1993).

Theblendedprecipitationdatasetis availablegloballyona1
�

x 1
�

grid from 60
�
S–

60
�
N for theperiod1979to 1995.
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Theseasonallyaveragedstrengthof theSouthAsianmonsoonis assessed

with the all-India rainfall index (AIRI) which is available from 1871–1997.The

AIRI is a weightedaverageof 306 well distributedrain-gaugestationsacrossIn-

dia (Parthasarathyet al. 1992; Parthasarathyet al. 1994). Furtherdetailson

the AIRI and its relation to regional rainfall anomaliescanbe found in Mooley

andParthasarathy(1984).Descriptionsof othermeasuresof SouthAsianmonsoon

strengthand a brief analysisof their interannualvariability are found in Section

4.3.1.

2.2 Methods

2.2.1 Statistical Techniques Theprimaryconclusionsdrawn in this

studyarebasedfundamentallyonstatisticalanalysesof SouthAsianmonsoonvari-

ability. As such,an extensive suiteof statisticaltechniquesareemployed which

facilitateexplorationof the interrelationshipsbetweenISO convectionandcircula-

tion, interannualvariationsof intraseasonalconvectionandtheseasonalstrengthof

the monsoon,andthe synoptic-scaleconvectionandthe ISO. Thestatisticaltech-

niquesusedincludethefollowing:

� laggedcross-correlationandlinearregression,

� Fourierspectralanalysisandtemporalfiltering,

� wavenumber-frequency spectralanalysisandfiltering,

� waveletanalysisandwaveletderivedvariance,

� empiricalorthogonalfunction(EOF)analysis,and

� compositeanalysis.

Thedetailsof eachstatisticaltechniqueareincorporatedwithin thebody

of the thesisat the point of first use,except for the cross-correlationand linear

regressionmethodwhich is describedin thefollowing section.
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2.2.2 Lagged Cross-Correlation and Linear Regression The

cross-correlationandlinear regressiontechniqueusedhereis the sameasthat de-

scribedin detail by Kiladis andWeickmann(1992). Area-averagedOLR is used

to representtropicalconvectionin a baseregion. TheOLR timeseriesis typically

extractedfrom a bandpassfilteredOLR dataset(thebandpassfiltereddatasetsused

hereandmotivationsfor theirselectionwill bediscussedin Sections3.2and5.2)so

thatparticularspatialandtemporalscalesof convectioncanbeisolated.Thebasere-

gion bandpassfilteredOLR timeseriesis regressedagainstidenticallyfilteredOLR

and1000-mb,850-mb,and200-mbu (zonalwind component)andv (meridional

wind component)timeseriesat all othergrid points. Sincethe focusof this study

is on borealsummer, regressionequationsareprimarily developedbasedon con-

vection in the June–Septemberperiod. However, for the purposeof comparison

betweenthesummertimeandwintertimeISO, regressionequationsarealsodevel-

opedfor the northernwinter months,December–March(Section3.3). The linear

dependenceof the circulationon deeptropical convectioncanthenbemappedby

applyingtheregressionequationat eachgrid point relative to a singlestandardde-

viationin OLR. Thetemporalevolutionof thecirculationandconvectionanomalies

canbeassessedsubsequentlyby performinglaggedregressions.

This techniqueassumesthat the relationshipbetweenOLR and the cir-

culation is nearly linear, an assumptionthat is reasonableto the extent that OLR

anomaliesarerelatedlinearlyto tropicalheatinganomaliesandthatlineardynamics

candescribetheresponseto tropicalheating.A numberof studieshave suggested

that, in the tropics, realisticcirculationperturbationscanbe generatedby forcing

linear barotropicmodelswith steadydivergencesources (e.g., Matsuno1966;

Webster1972; Gill 1980; SardeshmukhandHoskins1988). However, a caveat
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to theassumptionof apredominantlylinearresponseto tropicalheatingis thatnon-

linear interactions,suchasthe feedbackof thecirculationon theconvectionitself,

is likely to beasignificantfactorin thetotal responseto convectiveheating (Chang

andLim 1988).

The statisticalsignificanceof the local linear relationshipbetweenOLR

in thebaseregion andthedependentvariableat eachgrid point canbedetermined

usingthecorrelationcoefficient. For all linearregressionmapsshown in thisstudy,

if the absolutevalue of the correlationcoefficient betweenthe OLR baseregion

timeseriesandthe dependentvariabletimeseriesat a particulargrid point exceeds

the5% significancelevel correlationcoefficient, thentheregressedvaluefor a neg-

ativeone-standard-deviation( � ) baseregionOLR valueis plottedat thatgrid point.

Similarly, if theabsolutevalueof thecorrelationbetweentheOLR baseregion and

eithertheu- or thev- wind componentatasinglegrid pointexceedsthe95%signif-

icancelevel correlationcoefficient, thetotal wind anomalyvectoris plottedat that

grid point.

A samplecross-correlationandlinearregressionmapis shown in Fig.2.1.

Scatterdiagramsof 25 to 80 dayfilteredu	�
�� , v	�
�� , andOLR at 65


E, 10



N in the

ArabianSeaversusOLR in abaseregionlocatedin thecentralBayof Bengal(85


–

90


E, 12.5



–17.5



N) areshown in Fig. 2.1afor lag zerodays. Figure2.1bshows

the globalmapof regressed850-mbwind vectorsandOLR at lag zerodays. The

correlationcoefficients for the zonaland meridionalwind vectorsat the Arabian

Seagrid point are–0.55and–0.44respectively. A correlationcoefficient whose

magnitudeexceeds0.25is statisticallysignificantat the95%level. Therefore,since

thecorrelationcoefficientsfor bothu	�
�� andv	�
�� aregreaterthan0.25,thetotalwind

vectoris plottedin Fig. 2.1b. Thecorrelationcoefficient for OLR is only +0.13and
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thereforeis not statisticallysignificant. Consequently, the regressedOLR valueis

notplottedat65
�
E, 10

�
N.


