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ABSTRACT

Theaimofthisstudyistoanalyzemeteorologicaldataobtainedfromthevariousexpeditionsmade
totheIndianstationsinAntarcticaoverrecentyearsanddeterminehowsignificantlytheweatherhas
shownamarkedchangeovertheyears.Foranytimeseriesdataanalysis,therearetwomaingoals:(a)
theauthorsneedtoidentifythenatureofthephenomenonfromthesequenceofobservationsand(b)
predictthefuturedata.Onaccountofthesegoals,thepatterninthetimeseriesdataanditsvariability
aretobeaccuratelyidentified.Thispapercantheninterpretandintegratethepatternestablishedwith
itsassociatedmeteorologicaldatasetscollectedinAntarctica.Usingthedataanalyticsknowledgethe
validityofinterpretationforthegivendatasetsapatternhasbeenidentified,whichcouldextrapolate
thepatterntowardsprediction.Toeasethetimeseriesdataanalysis,theauthorsdevelopedonline
meteorologicaldataanalyticportalatNCPOR,Goahttp://data.ncaor.gov.in/.
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INTRoDUCTIoN

It is well known that global warming (Jonathon, 2011) has led to significant climate changes.
EmpiricalmeasurementsoftheEarth’s heat (Johnson et al., 2019)contentshowtheplanetisstill
accumulatingheatandglobal warming isstillhappening.TheiceatbothSouthPoleandNorthPole
encountersthefirsteffectofanysuchclimaticdisturbances(Flohn,1978).Thus,thePolarclimate
systemispaidmoreattentiontoatmosphericscientificcommunityasitisregardedtobesensitive
toanthropogenicinducedclimatechanges,ozonedepletionandmeltingoficeshelf(Bintanjaetal.,
2013).The temperaturedifferencebetweenequator-tropical regionandpolar region is themajor
driverofthegeneralcirculationofwholeatmosphere.

ObservationsofAutomaticWeatherStation(AWS)parameters/featureslikeairTemperature
(Temp),AirPressure(AP),windspeed(WS),winddirection(WD)andrelativehumidity(RH)andalso
severalotherobservationscarriedoutatIndianresearchbasestationssuchasMaitri(70°45’52”S,
11°44’03”E)andBharati(69°24’41”S,76°11’72”E)inAntarctica.Usingthesedatasetscollected
overtheyears,dataanalyticsandvisualizationhavebeenperformedthroughanalysismethodslike
trend,behavior,seasonalandwaveletspectrumanalysis.Forthisstudy,weusedAWSdatasetsfrom
Maitristationcoveringtheperiod2012-2015.ThesedatasetsareavailableinourNationalPolarData
Center(NPDC)-http://data.ncaor.gov.in/newhtml.
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IDeNTIFyING AND eLIMINATING eRRoRS IN THe DATA 

Thestatisticaldataofhourlytemperature,windspeed,winddirectionandairpressureusedinthis
studyaresummarizedinhistograms(Figure1).Thesestatisticalparametersarecalculatedseparately
usingallyearlyavailabledatasets,polarday(from10November–24January)andforpolarnight(from
19May–27July).Statisticalpropertiesofdatasummarizedinthehistogramofallyeartemperature
(Figure1a)isskewedtotheleft.Theabruptendoftherighttail(Figure1a)isassociatedwiththe
meltingbarrierofthesnowandiceintheregion.Inresponsetoafavorabletemperatureincrease,
icemeltingmaytakeplace.Theassociatedmodificationsinthesnow-icesurfaceenergybudgetlead
toalimitationoftemperatureincrease.Thehistogramoftemperaturesshowstworelativelysmall
localmaximawhicharerelatedtothetemperaturevaluescorrespondingtocoldandwarmseasons
intheregion(Figure1b&c).Thetemperaturedistributionforpolarday(Figure1b)isunimodal
andasymmetric.

Thedistributionoftemperatureforpolarnight(Figure1c)presentslessasymmetrythanthe
correspondingdistributionforpolarday(Figure1b).Sincecoldseason,thedecreaseinthefrequency
intherighttailofthehistogram,towardspositivetemperature,islessabruptthaninthecaseofthe
polardayhistogram.Thehistogramofpolarnighttemperatures(Figure1c)suggestsalsoapossible
multimodality in thedistribution.Theairpressurehistogramsall showbell-shapeddistributions
(Figure1d–f)suggestingaGaussianprobabilitydistributionfunctionofthisvariable.Duringpolar
night,duetotheabsenceofthesolarradiation,thesurfacetemperatureisnegativeandhencethe
pressureshowsvariousrangefrom970-980hPa.Thehistogramsofwindspeed(Figure1g–i)show
atypicalWeibulldistribution.Thedoublemodethatisseeninwindspeed(Figure1g)ismorelikely
toappearonpolarnightwindspeedthanpolarday.Thehistogramsofthewinddirection(Figure
1j–l)showoneprominentpeakatabout250°thatisrelatedtothetypicalsynopticdisturbancesin
theregion,whichareassociatedwiththekatabaticandsupergeostrophicwinds,respectively.

ANALyZING THe TIMe SeRIeS DATA

Inthetimeseriesdataanalysisitisoftenassumedthatdatasethasasystematicpattern,whichare
usuallyasetofidentifiablecomponents.Itisalsoassumedthatthedatasetmayconsistofrandom
noise.Together, thesemake thepattern in thedatasets to identify.Thus the time series analysis
techniquesadoptedmustinvolvesomeformoffilteringoutnoiseoreliminationofoutliersinorder
tomakethepatternmorenoticeable.Asmost timeseriespatternsofmeteorologicaldatacanbe
describedintermsoffourbasicclassesofcomponents:trend,behavior,seasonalityandwavelet 
spectrum analysis,wehaveadoptedthementioneddataanalysisforthisstudy.Thetrendofthedata
representsageneralsystematiclinearor(mostoften)nonlinearcomponentthatchangesovertime
andmaynotrepeatoratleastwithinthetimerangecapturedbyourdata.Thebehavioralanalysis
ofthedatarepresentsthedependenceofthevariousstatisticalparametersoveroneanother.Those
threegeneralclassesoftimeseriescomponentsmaycoexistinreal-lifedata.Thewaveletanalysis
isadoptedasithelpsintheexplorationofcyclicpatternsofdata.Thepurposeofthisanalysisis
todecomposeacomplextimeseries,whichmaycontaincycliccomponents,intoafewunderlying
sinusoidalfunctionsofparticularwavelengths.

Trend Analysis
Thetrendsinthedataforseveralyearscanbeusedforpredictionoffuturedata.Moreover,thetrends
showhowglobalatmosphericphenomenonhashadaneffectontheweatherintherecentyears.Trend
analysisisbasedontheideathatwhatwasthe(non)linearityofthemeasured/observedparameterin
thepastthatgivesthescientistsanideaofwhatwillbethefutureprojectionofthesameparameter.

UsingthedatafromMaitristationatAntarctica,preprocessingorcleaningofdataisdonefirst
usingpython.Inthisallthedatasheetsareread,theblankdataorallNan/NAarerecordedas“-999”
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