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The link between climate and typhoons are well studied, particularly in determining if changes in
typhoon characteristics are forced by certain climate anomalies / trends. However, only few
assessed the impact of a typhoon event to the weather / climatenzalies surrounding the
typhoon period. In Southeast Asia, no study investigated the effects of Super Typhoon Haiyan
that devastated the Philippines, to the weather / climate variables before and after its landfall.

Herce, the motivation of thisheds study is drawn from ik cap.

In this dudy, the spatictemporal anomalies using observational and reanalysis datasets i.e.,
GPCP, CRU, HadISST and ERRAMnalyzed,exploring temperature and precipitation, to
determine how anomalies surrounding the Haiyan period compare with meliewatic
variability between the no#typhoon and typhoon months / yeard=rom the results the
anomaliesare evidentwithin the focal region (SE Asi@)asfar as the annual, seasonal,dn
monthly values are concernedor these periods, results revealechat the predpitation are
wetter-than-average and temperaure are warmerthanaverageduring the year, seasn and
month when TyphoonHaiyan occurred (Y2013 SON2013 November 2013, providing a
background of the possible impacts of the typhoon Haiyaruweace during these periods
Between precipitation and temperature anomalies, the temperature is notoriously higher (that
is apparently illustrated by the redominated anomaly maps), as compared to precipitation with
blue and red colors distributedcross differengeograplic locations across the SE Asm@aap.

This is likewissupported ly the result ofthe ECDF plots shamg the percentage of positive
(negative) valuesdemonstratingwet (dry) anomalies for precipitation and hot (cold) anomalies

for temperatre.

The effects of seasonal phases and irgenual variations (dry/wet, monsoon, ENSO) on
precipitation and temperature patterns were also asses3éx analysisevealed that ENSO and
monsoon significantly impacts the precipitation patterns in the region. However, ENSO does not
significantly impact the temperature. Although it must be emphasized that Typhoon Haiyan
occurred on an ENSReutral year,therefore, it may have not necessarily influenced the
variability of the studied variablesAlbeit, the regression anlgsis with precigation and
temperaure againstNino 34 Index shows that these variables are negatively correlated to the

SST momaly with high gnificarce.
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Using wind, pressure, precipitation and runoff data, the daily sp@&imoporal evolution of
abnormal weather patterns surrounding the landfall period (before, during, and after) is
determined Theresults revealed that during the typhoon period, the highest anomalies with
respect to all variables (precipitation, runoff, windspeed and pressure) are recorded when
typhoon Haiyan made landfall (November 7 & 8) predominantlyeRhilippines where there is

a large disparity of the calculated anomalies during these days, as compared to the rest of the
days during the typhoon period. November 7 and 8 also topped the rank when compared with

the same days of the netyphoon years, gsecially with the windspeed and precipitation values.

With respect to theinter-variable relationshp, the result of the multiple linear regressions
revealedthat precipitation and runoff are positively correlated with windspeetijle negatively
related with pressuremeaning, thecyclonic (low pressupelyphoon Haiyan evemicreased the

precipitationandrunoffin as far as the Philippines is concerned.

Building from these results, it can be deduced that an extreme event such as Typhoon Haiyan can
profoundly influence the climate variables surrounding its occurrence. In additiomT@on
induced activities/events like ENSO and monsoon can further enhance the effects, especially on

the precipitation patterns in the region.

It must alsobe enphasized that results varydm one dataset to anther, demonstrating that

there are inconsistenciewith the data®ts, in as far as the analyzing these anomalies for its
amplitude and geographical locatis are considered. It can be noted that both GPCP and CRU
data are constructed using rain gauge data and inhomogemgitythe recorded values can be

a factor that affects the results. On the other hand, ERAS is based on model results that also have

its own estimation uncertainties.

From this study, further research can be conducted investigating the differences of the analyzed
datasets. A deeper undstanding on the effects of EN/LN can also be performed especially on
years when maxima/minima values of the studied variables were recorded. Other extreme
typhoon events can also be explored not just in the Philippines but in other countries of the

region

11
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This thesis paper is organized into the following chapters:

Chapter 1 introduces the technical definition and description of
cyclones/hurricanes/storms/typhoons and their interrelation with climate change, as
documented inpertinent literature. A short information about typhoons in Southeast Asia
(particularly the Philippines) is also discussed. Righlights of the selected key papers that
studied typhoons and climate anomalies are summarized according to the focus of their studies
and the models, methods, and data used for analysisaracterizing the influence of changes in
climatological variales on cyclone/typhoon variabilities. The papers gmeupedand presented
according to the investigated argae., outside and within the Southeast Asian region. This
chapteralsoexplains the rationale behind the chosen topic based on the researchdgspsied

from the literature review, specifically on papers studying typhawtuced impacts on climatic
variables surrounding its occurrence and the usenle$ervational(GPCP, CRWBladISS)Tand
reanalyzed ERA) datasets. Moreover, the thesis study's objectives, scope, and limitations are

illustrated

Chapter 2defines the spatial coverage of the stugyedominantlyfocusingon thegeographical
location ofthe target region (Southeast Asiand its climate charcteristics This characterization

is thenassocid SR ¢ A GK (KS NBInudly SidmatedazargsDhe-obwhithhisi &
constituted bycyclones, whered ¢ & LJKI&iarg that caused severe damage to some parts of
the Philippines ilNovember 2013is highlighted. This chapter alsdescribeshe datases used
and the methodologies and tookdopted tocollect, pre-process,and analyze them regarding

the Typhoon Haiyan event and the climatologiesponses to ife.g.,trends and cycles)

Chapter 3illustratesthe main results of the analysis, discusses the findinggealedby the

results, and shows how the results ainterpretations relate to previously published studies.

Chapter 4states the conclusions drawn apdovides and outline athe theoretical implications,

significance, and any possible future applications of the thesis work.

12
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1.1 Understanding Typhoons and Climate Change

The Philippine Atmospheric Geophysical Astronomical Services Administration (PAGASA)
describesdTropicalCyclone(TC§ I warm-core low-pressuresystemwith a spiral inflow of

mass at the bottom and spiral outflow at the topts formationalwaysoccursover oceans where

sea surfacandair temperatures are greater than 2698 the process,te air receives heat from

the seg and arge amounts of sensible aratent heatare accumulated, spiralingptvards the
center.This heaexchangeccursrapidlydue toalarge amount of spray throwhny the windinto

the air, liberating a massiviatent heat ofcondensationthus givingrC itsequiredenergy.

PAGASA further defines &€da nonfrontal, synoptiescalephenomenon ttat developsat any
level over tropical and sulropical water, with anorganized circulatioff. Depending on the
region, ts nomenclature varies in different part$ the world. Itisreferred to asbhurricaneg n A
the North Atlantic, Eastern North Pacjémd South Pacific Oceain O & O finzhgBayaf Bengal
Arabian Seaand Western South Indian Oceamiilly-willy" in the eastern part of the Southern
Indian Ocearanda U & LJKig tAeyiMestern North Pacific OcefarfFor guidancen the locations

of these major global oceanseeFigure 1below.

90N

EQ Indian
O _Ocean

308S 1

60S A

1

9OS 1 T T T
0 60E 120E 180 120W 60W 0

Figurel. Map of theOceanRegions(Luo,Leung, Zhou, & Zhang, 2015)

1{ 2 dzNJD S Rbodt MdBpial @yclones | & GKS t! D! {! 6So0airds
https://www.pagasa.@st.gov.ph/information/aboudtropicaltcyclone
23 |bid
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Although TGormsover oceansit can never develop in th8outh Atlantic and th&utheastern
Pacificdue to the cooler sea surface temperatu(8STyand higher vertical wind shear3C
occurrencesare usuallysituated atlatitudes greater than 5° from the equator.ypically, they
reach their greatest intensitwhile overwarm tropical water Albeitweakering as they move

inland (landfall)they often leavedamages to properties drumancasualtie$.

The Phijppines is one of th&ountries mostly impacted by typhoonsdt is located along the
typhoon belt in the Pacific and is visited by abtwnty typhoons every yeat five of which are
destructive. It was observed that ther@asan increase in the number of intense typhoons over

the Philippine Sea after the mi2ZD00s (He et gl 2017).Based on meteorological records from
National Hurricane Center (NHC) and Joint Typhoon Warning Center (JTWC), five (5) out of the
eleven (11) strogest TC that made landfall in world history hit the Courtwith Typhoon Goni

that recently occurred in 202@pping the lisfseeTable 1°. Typhoon Haiyan on the other hand,
despite landing on the second speér wind strength remained to be théopmost destructive
typhoon in the Country, based on cost of damagéese estimates of economic losses consist

of damages to buildings and transportation networks, loss of revenue for businesses, and loss of

crops,per anarticle by Uy & Pilaf2018}¥.

Tablel. WorldQ &opEleven (115trongest Topical Cycloneat Landfall

Year Wind speed Affectedlocation
Local [miles per :
(International) hour (mph)] Province/ Country
1 Super Typhpon Rolly 2020 195 Catz.ahdu.anes,
(Goni) Philippines
2 Super Typhoon 2013 190 Leyte, Philippines
Yolanda(Haiyan) yie, PP
Super Typhooifrerdie T
3 per 1yp . 2016 190 Itbayat, Philippines
(Meranti)
4 Hurricane Dorian 2019 185 Bahama Islands
Great Labor Da .
5 . Y 1935 185 Florida, U.\
Hurricane
4 1bid

5 According tathe dnformation on Disaster Risk Reduction of the Member Couifthie$hilippine§ by Asia
Disaster Reduction CentéhDRChttps://www.adrc.asia/nationinformation.php?NationCode=608&Lang=en
6 List taken from the paper by Santos (2020)

"The ranking is based on ¢ag damages per the typhoon assessment reportiefRosario (2014hroughthe
Philippine National Disaster Risk Reduction and Management Council (NDRRMC)

8 Written in the Business Worldbased on data reported in theo@pendium of Philippine EnvironmeBtatistics
(CPES) of the Philippine Statistics Authority (PSA)

14
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6 Super Typhoon Joan 1959 185 Eastern Taiwan
7 Hurricane Irma 2017 180 Leeward Islands
8 Cyclone Winston 2016 180 Fiji

Typh
9 Super Typhooduan | 5, 180 Luzon, Philippines

(Megi)

S Typhootii

10 Hper 1yphootliang 1 199 180 Luzon, Philippines

(Zeb)

. Northern Territory,
11 CycloneMonica 2006 180 rrory
Australia

There is a scientific consensus that climate chasaggributes to stronger typhoons due tbe

higher sea surface and subsurface temperatures, which remove the natural buffer on typhoon
strength when cold wier upwellsd St 2 g GKS 20SIyQa &adz2NFIF OS 61 2f
intensity changesargelyconcern the Countries in East and Southeast Asia (Mei & Xie, 2016).
According tothe Skth AssessmenReport (AR6J of the Intergovernmental Panel for Climate
Change (IPCGgwer but more extreme typhoon@vith stronger wind speedsjave affectedhe
Southeast Asian region in the 21st centurdpweverthere is no significant trenth the overall

number recorded. IPCforther reports that rainfall will increase in northetatitude but will

decrease in the Maritime Continent where the Philippines belongs. Analyzing the typhoon data
from 1951 to 2013, Cinco et al. (20¥6yealed thatduring this periodhere wasa decreasing

trend in the number of landfalling typhoons in the Countmyth fewer typhoonshavingwind
speedsabove 118 HKometers per hour (kph)but more extreme typhoons with wind spegd

above 150 kphA more recent study by Tran, Ritchiet & NJ A YA TYA NJ LI G NR O1 6
observation showing that over the 50 period (1970 to 2019), the TC exposure in Southeast
Asia relative to the Western North Pacific climatology has consistently shifted northiaearce,
decreasing the landfallvents in the Philippines and Vietnam while increasing in some South
China areagCorrespondinglyChen et al. (2021pund thatthe TC mean inland landfall intensity

will increaseby 2 m/s (6%) ihe Western North Pacifihe by the end of the 21st centyrbased

on model projections.

Studiescovering other regionshowedvarying responses odfropical Cyclones Hurricanes /
Tropical Storms (TS) to external forcings. Bhatia et al. (2019) and Knutson et al. (2020) showed
that more intense TCs are consistent with the expected impacts of global warming due to

anthropogenic forcingslirenbeth et al. (2018) concued with this bydemonstating that there

9 Sourced fromdwS3IA 2y f -A€d HACCARK W@king Group :l1 The Physical Science Basis
https://www.ipcc.ch/report/ar6/wgl/downloads/factsheets/IPCC_AR6_WGI Regional Fact Sheet Asia.pdf
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iIs a link betweenclimate change andhe abovenormal activites of the recent Atlantic
hurricanesn 2017(i.e., Harvey, Irmaand Marg), wherein the ocean heat contemwlue to global

gL NY¥AY3I Kl a aeatadatddtéemIBiSghurticsghB Harvey as an isolated case
study, they observed thahe ocean heatontentwas higheson recordglobally and in the Gulf

of Mexico before the northern summeirf 2017. Theseecord-high values fueled and intensified
hurricane Harvey bringiniipod rainson land.In the context ofglobal distributionMurakami et

al. (2020) demonstrate that the individual effect of external forcings like greenhouse gases
(GHG), aerosalandvolcanic activities oif Cfrom 1980 to 2018 can be distinguished in terms

of the spatial pattern of occurrence (varying per region) rather than their frequency, with the
global spatial distribution being attributed to the increase in GHG emissiorher study by
Villarini & Vecchi (2012) explored projections of North Atlantic TS, revealing that over the first
half of thetwenty-first century,anincrease in TS frequency arises from radiative forcings other
than increasing atmospheric concentration ofXCBowever, projected TS trends over the entire
215t century do not show consistent dependence on @eupled Model Intercomparison Project
Phase JCMIP35 scenario§RepresentativeConcentration Pathways (RCPR.6, 4.5 and 8.5%.
Besidesseasurface temperature (SST), mast the uncertaintiesin the North Atlantic TS
frequencyare influenced by the complex nature of the climate system and its response to

radiative forcing.

1.2 Review ofPertinentStudies on ¥phoonsand dimate Variables

Building on theknowledgeof dtyphoor& ¢ | Y R @& @dre\ eXtendivg ditérature revieof
scholarly articles and scientific journals is carried osing these keywordso deepenthe
understandingof their interconnection. The search resultéd same key papers thaprovide
various moded, methods,and datasetsshowinghow cyclonéhurricane'typhoon behaviorsand
climate variablesare related Many of these studies are done outside of the Southeast Asian

region, as presented imable2.

0 Four RCRcenariog2.6, 4.5, 6 and 8]&readopted by IPCfor its Ffth AssessmenReport (AR5)RCPs are named

after a possible range of radiative forcing values [cumulative measure of human emissions of GHGs from all sources
(expressed in Watts per square meter) in the year 218Mtive to preindustrial values2.6, +4.5, +6.0 and +8.5

W/m? respectively]. In the abovecited papethowever, only the three RCH&.6, 4.5 and 8.bwere considered
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Table2. Sudies onthe relationship between climate variables and typhoorm®nducted
outside Sutheast Asia

Author/s

Study focus

Methods / Models/ Data Used

Explain interannual variability of
TC activity over the Western
North Pacificusing SST anomali

in the Pacific, Indian and Atlantiq

Observed two modes of variability:
1) forced by SST anomalies in t

easterncentral Pacificand tropical

Atlantic

(2019)

oceans 2) a coupleaceanatmospheremode
and a dipole SST anomaly in thelo-
Pacific warm poét
Wang & Wang Predict the twoWestern North| Built a set of physiebased empirica

Pacific Subtropical Highmodes
and TC activitygenesis number
tropical storm daysand power
dissipation index in the peak TC
season (JuBeptember)

together with transbasin SS]

models

Bhatia et al.
(2018)

predictors of the preceding
season
Provide insight on howthe | Used three 76r HighResolution

distribution of TC intensification
can be transformed due to
cimatecay 3S> 0@ S8Y
with  different  climatologica
targets and a specific radiatiy

forcing

ForecastOriented Low Ocea
Resolution (HIFLOR) model at
Geophysical Fluid

Laboratory GFDL)

Dynami

Mei, Xie, Zhac
& Wang(2015)

Study TC tracks from observatio
and simulations forced by SS]
using interannuato-decadal

variability of annual TC track

Used a 25m-resolution version of
GFDL HigResolution
Atmospheric Model (HIRAM) and

the

regional atmospheric mode

1 Thetropicalwarm pool,otherwise known as Ind®acific Warm Poois a mass of ocean water, spanning almost
half the globe-- from the western waters of the equatorial Pacific to the eastern Indian Ocean. This body of water

holds the warmest seawaters in the world, driving heat and moisture high into the atmosphere tredfetijng
the climate of the surrounding lantNASA2001, De Deckker, 2016
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density in the Western North

Pacific

considering two modes of decad
variability:

1) a nearly basiwide mode (which
links to variations in TC number and

forced by SST variations over th-

equatorial tropical central Nortt
Pacifig;

2) a dipole mode betweenthe
subtropics and lower latitudes
(associated with  the Atlantic

multidecadal oscillation)

Jinetal. (2013

Demonstrate the effect o€entral
Pacificwarmingon the observed
atmospheric and TC variabili
over East Asiaduringthe Central

Pacific- El Niio period

Used Weather Research and Fored

(WRF) based regional climate modé

Kilic & Raible
(2013)

Investigate the influence of S§

anomalies on the hurrican

characteristics

Performed a set of sensitivit
experiments on the case of Hurrica

Katrina in 2005, using th&RFmModel

Seasonal prediction of summer

Constructed a multiple linear

Choj Kim &| frequency in the midatitudes of| regression model
Byun(2010) East Asia relative to SS]

anomalies

Understand the seasonal tim Applied Bayesian analysis
Tu Clou & | series changes of typhoons in tf
Chu(2009) vicinity of TaiwanconcerningSST

anomalies

NOTEBoldfacetextsindicatemajor ocean regionstalics indicatethe study areacountry,
andbiogeographical subdivisidias depicted irfFigure 3 are underlined

In the study by Wang & Wang (2019), the first modiéenterannual TC variabilify.e., forced by
SST anomalies in the eastarentral Pacific and tropical Atlantishowed a shift in TC formation

locations southeastwaralorthwestward buthad an insignificaninfluence on the total number
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of TC genesis. However, it affects the track ofti€number of tropical storm days, aqbwer
dissipation indexThe second mod§.e., a couped ocearatmospheremode and a dipole SST
anomaly in the Indd”acific warm poolignificantly impactedhe total number of TC genesis.
Moreover, thebuilt models' predictionseveded inter-annual variabilities of th&/estern North

Pacific Subtropical Higind variability of Véstern North Pacifid C activity.

Theclimate modelexperimentBhatia et al. (2018) performedsing prescribed litnatological
oceanand radiative forcing based on observations from 1GB®5 showssimilarities with the
observationsn the simulated intensification distributions and the percentage of TCs that become
major hurricanesunder warmer conditionsComparingthe control experimentperturbed by
climatological SSTe multi-modds projectingSST anomalieend atmospheric radiative forcing
from either 20135 or 208%2100 (RCP 4.5 scenario)he frequency, intensity, and

intensification distributiorof TCs all shift to higher values the 2% century progresses
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Figure2. Biogeographic realms and marine ecoregional boundaries of the wérld
(Spalding et al., 2007)

The internal variability in TC track density between 1979 and 2008, as examined using ensemble
atmospheric modekimulations by Mei et al. (2015%hows prominent spatial and seasonal

patterns, particularly strong in the South China Seaandg theEastAsia coast

The first set of sensitivity experimeny Kilic & Raible (2013)sing basirwide changes of the

12Foramore detailed description of the ocean regions and their jurisdiction, please refer to ANNEX 1 as appended
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SST magnitudeevealed that thehurricaneintensity goes along with the SST changes, such that
SST increase leads to hurricane intensification. Moreover, the trajectory shifted to the west with
increasing SSTs, ataithe east whileSSTecreasediue to the strengthening of the background
flow. On the other hand, the influence adealizedLoop Current eddiédgenerated ly localized

SST anomalietiswed that theK dzNINJ O |y S<eaharicad ivith yhérdasing SST close to the
core of a tropical cyclone. Negative nearby SST anomalies reduiceehsity, while positive SST
anomalies (located west or north of the hurricane centre) chatgygajectory TheSST anomaly

attracts the hurricane, causing additional moisture soured increased vertical winds.

Based on the analysis and modahulationsby Tu et al. (2009warm SST anomalies over the
equatorial Western andCentral Pacific is a major contributing factor to a northwatdfted

typhoon track.

The study of Choi et al. (201Bvealed an interesting result, wherein the presendelarge
amounts of sea ice during the preceding spring that continued into the summer prevented
Western Pacificjubtropical Highfrom advancing toward mithtitudes of East Asia, thus,
reducing summer TC frequency. Relative to tthig, studyby Jin et al(2013)shows that the
number of TCs approaching East Asia incdyober is positively correlated with SSTs in the
equatorial and northern ofequatorialCentral Pacifiooceans The study showed thatorthern
off-equatorial Central Pacific warming, rather than equatorial Central Pacific warefiiegtively
induces local irregular steering flows relative to the observed increase in TC activity over East
Asia during éntral Pacific B Nifio period Fuithermore, a sensitivity analysisvas performed

where the prescribedentral Pacifie El Nifiorelated SST anomaly is confined near the equator
Thisdid not capture the observed TC increase over East @sighe other handthose including

the off-equatonal region showed atmospheric and TC variabilities. Thedmifatorial @ntral
Pacific{ { ¢ +Fy2YlLfté& AyTfdsSyO0Sa (KS SELIyaArzy 27
northward to the Philippine Sea, creating a tunnel effect in the East China Sea wher@ @sre

move to East Asian coastal regions, affecting China, Taiwan, Korea, and Japan

Common b these papers are the Oceanic Region (Western North Pacific) and the use oASST as
climatologicalvariable of study. Although the results did not yield@nsistentor predictable

pattern, it was evident that SST anomalies can influence tHerfiéation and its activity

13 The circulation of the Gulf of Mexico is dominated lwaam ocean current called Loop Currents (LC). At random
intervals, a part of the warm water separates as a Loop Current ring (known as "eddy"). The warm LC water and the
associated eddy, supply energy and allow hurricanes to intensifyjtaghe case oHurricane Rita in 200that

passed over an LC and converted the ocean's heastoton energy (University of ColoradBoulder, 2005)
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Despitemost of the aboveaeviewed paperdeingconducted outside of Southeast Asia, a few

articles were found covering this region, as summarizeldw.

Table3. Studies orthe relationship between climate variables and typhoor®nducted
within Southeast Asia

Author/s

Study focus

Methods / Models/ Data Used

Comiso Perez &

Stock(2015)

Investigated the correlation o
historically strong typhoons if
the Philippinesto the SST,
water vapor, clouds, winds,
sea level pressur@and

precipitation

The role of SST in the formation of
Typhoon Haiyan in 2013 was
evaluated considering two study
areas- the Warm PooRegionand the
West Pacifilkegia, usingan
enhanced versioofwS @ y 2 f R
dataset incorporatingddvanced Very
HighResolutionRadiometer (AVHRR]
SSTModerate Resolution Imaging
Spectroradiomete(MODI$ and
National Centers for Environmental

Prediction(NCEPreanalysis data

Wang Zhao, Qiao
& Zhao(2018)

Analyze the impact of warm
core ocean eddy combined
with climatechangeinduced
SSbnt & LIK22Yy | F

intensification process

Conducted numerical simulations

using observational datttom AVHRR
only V2 SSBndTropical Atmosphere
Ocean(TAQ and Argo buoy datasets

Kang & Kimura
(2003)

Investigate the areas around
East Asiasubtropical
anticyclone to analyze the
influence ofthe regional
climate ofJapanandKoreain
the summer, relative to the

SST increase arnd the

Philippinelslands

Use a regional atmosphetiicth -
generation Penn StateNational
Center for Atmospheric Reseérc
mesoscale model (MM5)er. 3.5 with
realistic lateral and surface boundary

forcing

NOTE talicizedtextsindicate the study area /countryyhile underlinedtexts represent
regional oceanisubdivision
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The three papers alike used SST as the common climate variable for analysis. Similarly, they
revealed that this variable could influence the variations in typhoon/cyclone behavior, as

described in detaibelow:

Results of the studipy Comiso et al. (2015howed that the SST is webrrelated with wind
strength and the observed trends in SST suggest that extremely destructive typhoons like Haiyan
aremorelikely to occur in the future. Further analysis indicated that water vapor, cloudsls,

and seadvel pressure for the same period did not reveal strong signals associated with the

typhoon event.

Per Wang et al (2018) the observed data showed thafyphoonHaiyanintensified, and the
maximum sustained winds increased after encountering a double veam® ocean eddyThe
studyreveals thathe presence of the warrtore eddyand climatechangeinduced SST increase
resultedin the rapid intensification ofTyphoonHalyan. Between the two factors, the waroore

ocean eddy that significantly brought more heat into the upper ocean played the leading role in
the intensification while climate warming made a lesser contributiokloreover, with the
increased thickness of thmixed layer associated with the waroore ocean eddyTyphoon
Haiyan did not significantly decrease the SST to the east of the Philippines, as is typical of

typhoons.

Kang & Kimura (2008ed climate model simulations teveal hat the uniform increase of SST
around the Philippine Islangsopagateda Rossby wavé resultingin an anomalous subtropical
anticyclone around Japan/Koredhe Rssby wave propagation is linear, where the model
response to negative SST anomalies reverses poldhig suggesthat the response to the SST
forcing around the Philippine Islands is a deterministic probdermeits magnitude depension
the size of the SST anomaBonversely, onlinearity increasg if there is a tropical depression
typhoon in the model domainThere is alsoa zonally weakened uppéevel jet, and a

meridionally intensified lowevel jet, when the Rossby wave is excited by SST chanbere a

14 As described by the National Oceanic Atmospheric Administration (NO¥sfipnal Weather Sendg Rossby

waves are plagtary waves that form naturally in rotating fluidBue to the rotation of the Earth, these waves
develop within the ocean and atmosphere. Sincesthevavesare large and massive movements spanning
horizontally across the planet, they can influence the theaand climate conditions as they transfer heat from the
tropics to thepoles andreturn the cold air toward theropics Tre horizontal movements (especially its speed) are
dependent on the latitude of the waysuch that at lower latitudes (close to the equator}aikes months to a year

for it to travel across the ocean, while those that form away from the equatar fnie-latitudes) may take about

10 to 20 years. Vertically, the waves move small along the surface and large along the deeper portion where there
is thermocline orthe transition point between upper warm and colder depth of the ocdamssby Waves also help
locatejet streams andcan mark ousurface low pressursystems.
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positive SST anomailytensifies the meandering of the upp&vel jet takingabout fivedays for

the atmospheric circulation to respond to such an SST far€nthe vertical the model showed
barotropic and baroclinic responsesver 40°ND55°N, 100°B160°E,and ower 10°ND40°N,
100°B140°E respectivéy. Moreover, theeffect of SST forcing epproximatelyfour times
stronger tharthe internal modelvariability.For Japan and Koreagsitive SST forcing affects the
precipitation pattern causing rainfall to decrease Japarandincreasein Koreacontrastingly.
Meanwhile, positive and negative SST forcing affect the precipitation around the Philippine
Islands¢ wherein a positive SST forcing increases precipitation, and vice versa. Lastly, the
response to the Rossby wavesensitive to the geographical location of SST forcing, reaching a

maximum in 110°B140°E, 10°N20°N, where the experiments are carried out.

1.3 ResearchGaps

From theliterature reviewin the preceding sectiorwe can deduce thathe link between
anomalies n climate variables andhe intensification track formation, density, trajectory,
genesis number, strengthand duration of typhoons/storms/hurricanes/cyclonesre well
studied. However they vary with respect to their scope (location and periddpst of these
studies aimto determine if changes in typhoon characteristics are forcedsscificclimate
anomalies/trends but there are only a few studies onthe impact of a typhoon everib the
weather/climate amomalies surrounding the typhoon pedoOne of thesas Ji et al. (2021), who
investigated SST and chlorophyll concentration responses to typhoons over the East China Sea.
They combined multi-source satellite data using the weighted average method and
reconstructed them through the Data INterpolating Convolutional AtEmcoder method
(DINCAE)Guzman & Jian@012) on the other handgexplored the general trends of TC rainfall
rates based on aime series of aineteenyear[1998;2014 observational data fronthe Tropical
Rainfall Measurement Mission (TRMM) and the Global Precipitation Measurement mission, to
analyze how they are associated with increases in SST and total precipitable watet tive TC
environment.Meanwhile,Deo et al. (2020pnvestigated T@nduced extreme rainfall events over

the past few decades for the Southwest Pacific nations in the context of climate variability and
change.Their study developed Bayesian regression etedor individual island nationt
understand betterthe relationships between Fidduced extreme rainfall anthe combinations

of various climatic drivemsiodulatingthe relationship Comparativelylao, Zhoyand Wu(2008

usedthe GlobalPrecipitation Climatology Project (GPCOPRMM and storm tracldata toexplain
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the relationship betwee @ C andextreme rain events for July to November period (JASOIN)

the North Atlantic and Western North Pacific.

In addition only minimal literature focuse®n Southeast Asiaand Philippine typhoons.
Benchmarking from th@reviously citedpapersin Section 1.2hat investigatethe relationship
betweenclimate variables and the intensification Byphoon Haiyamo studies were exploring
the effects of tle typhoonon the weather or climate variables before and after its landfalong
with this, the expandediterature searchdza A y3 (G KS 1 S& g RNJ& Bound pnE/A & | y ¢
one related papefe.g.,0Oggini et al., 2021jvhich partly discusses th&e subjects.Here,Oggini
et al. (2021)studied thesurfaceresponse ife., surface wind and sea surface temperature] to
supertyphoon Haiya based on satellite and Argo float dagad evaluatedatmospheric and
oceanic analysisr reanalysis dataset§.e., NCEAFNL, ERA%nd HYCOM®. However one
paper by Bhatia et al. (2020ped ERAS to calculate the trends in TC intensificatioresponse
to climate changebut this only redirecs to the premisethat several studies were already

undertaken on that topi@and notthe contrary.

On the use of observational datasets to evaluate the effects of cyclones/typhoonson
precipitation, papers like Lao et al. (2028hd Trenberth et al. (2018as already citedapplied
their analygsto GPCP datdHowever, theedid not concerrHaiyannor the target area of study
(Southeast Asian regignA paper investigating weatheelated catastrophege.g.,Miller, Muir-
Wood & Boissonnade, 2008kedtemperature data fronthe Climatic Research Unit (CRU) of
the University of East Anglia to evaluate tbimate trend from 19502005 Neverthelessthe
study aims tosurvey thelossescausedby the catastrophe; not to link the TC activity to the
temperaturetrends Other non-TGrelated studies use CRU tdemonstrate the trends in either

temperature orprecipitation

Regardingpapers that utilize the datasetsin one studyvisa-vis cyclone/hurgane/storm
occurrence Nogueira (2020) and Watters & Battaglia (2021) have performed an- inter

comparisonbetweenthese datasetsNogueira (2020tompared the differences amor@PCP,

15 JASONE an acronynfior the months ofJuly, August, September, October, November

16 NCERFNLstands forthe Final Operational Global Analysis data of the National Center&rgironmental
Prediction (NCEPERADS ithe fifth-generation atmospheric reanalysis of the European Centre for Medange
Weather Forecasts (ECMWF), while HYG©Oah acronym for HYbrid Coordinate Ocean Mpdealataassimilative
hybrid isopycnakigmapressure (generalized) coordinate ocean mod#dveloped and evaluatedy multi-
institutions through the sponsorship of thdational Ocean Partnership Program (NOPP), as part of the U.S. Global
Ocean Data Assimilation Experiment (GODAE)
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ERAS8nNterim, and ERAto understand theglobalrainfall fluxtrendsover a 40yr period [1979
2018, but it barelydelved intostorms|[i.e.,storm trackregiong asthe studyfocus On the other
handWatters & Battaglia (202Xompared the GPCP and ERA5 datasets tintlegrated Multi
satellitE Retrievals for GPM(IMERG}o understand the precipitation systemsn the case of
Hurricane Irman 2017 Regardlessf these two papersthe minimal numberof relevantstudies

gives a opportunity toextendthis research subject

Lasty, the interrelationshipamonganomalies irthe studiedvariablesinducedby the typhoon
eventcan beexamined.For instance, Jiang et al. (2008yestigatedwhether the stormswith
higherwind/intensity duringthe Atlantic Ocean hurricane season2005signify a strong rainfall
potential beforeand during the landfallCorrespondinglydiang et al. (200&ompaed the same
parametersin a different studyfor two North AtlanticHurricanes [Isidore and LiJiin 2002.
Besides primarily attributing the probability of extremainfall to the increased TC activiyeo
et al. (2021)[who likewise studied F@duced rainfall response agsreviously citefl also
demonstrated thather underlying climatic conditions that aren-TC inducede.g., La Niia or
El Nino periodintra-seasonal variabilitiike MaddengJulian Oscillation (MJ&)monsoon, etc.]
can also have an implicatioron the rainfall pattern This is supportedy studies of Lyon &
Camargo (209), that observedthe influence ofseasonally varyingNSO otthe rainfall and TC
activity in the Philippinesand Kumar et al. Z007) which examined thevariations in the
relationship between ENSO and monsoon rainfall over South Hsése two papers both used

precipitation data from CRU for their analyses.

Consideringhe abovefindings an assessment of the effects @fyphoonHaiyanon the climate
variables/driverssurrounding its occurrencevith the use of ERASSPCPand CRU datasets
particularly on the Southeast Asia region where Bielippines belongs (and where the extreme
typhoon a1 I A& yé ¢ NBull{b& R vakidbl® Zddtiibution to scientific research.
Furthermore, the paperghat investigateinter-variable relationshipsefore and during the
typhoon event and the probable effects of netyphoon climatic conditions happening

simultaneouslhor beyond the typhoon duratiogive supplementaryinsighton how theanalysis

17 GPM stands for I8bal Precipitation Measurement

18 MJOis an atmospherigi.e. clouds, rainfall, winds, and pressudibturbance throughut the planet, moving
eastward in the tropics and returning to its starting poitin average of about 30 to 60 dayJOis dstinct from

El NingSouthern Oscillation (ENS®hich is stationaryand isassociated with persistent features over the Pacific
Ocean basin, lasting for several seasons or longer. MJO esamtsccur multiple timewithin a season (i.e. week
to-week basis), ando it isbest described as intraeasonal tropical climate variability (Gottschalck, 2014).
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can be expoundedlhesereasonsthereby, befit the motivationof this thesis

1.4 Objectives Scope,and Limitations

The overarching scope of this study is to analyze the spatnporal anomalies using
observational and reanalysis datasets, i.e., GPCP, CRU, HadISST, and ERAS5, to determine how
anomalies surrounding the Haiyan period compare with metlmatic variability between the
non-typhoon and typhoon months/years. Using wind, pressure, precipitation, and runoff data,

the daily spatietemporal evolution of abnormal weather patterns surrading the landfall

period (before, during, and after) will be determined, and their intariable correlation will be
measured. Regression and other statistical treatments will also be carried out to understand
which environmental signal is likely impactey the typhoon event whether it corresponds to
changes in temperature, pressure, wind, precipitation, or runoff values. The effects of seasonal
phases and inteannual variations (dry/wet, monsoon, ENSO) on precipitation and temperature

patterns will ao be assessed.

Global data will be calculatetbr comparison but the assessmenwill concentrateon the
Southeast Asian region to highlighis area's major spatial trends and climatological structures
and any anomalou$ehaviorsrelative to the selected climate variabld3ue to the volume of
datasets thaheed to be analyze@speciallyonthe daily valuespnly 5 of the 54 essentiatlimate
variables® were consideredor the analysisNonetheless theseparametersare adequate to

achieve he centralaim of this study.

As to the availability of observational data that is crucial in reconstructing-tknng climate
patterns and analyses of extreme weather events, there has been a challetigeSoutheast
Asian region in keeping, preserving, and archiving observatiatal @/er time. Since this has
not been a priority by government agencieta availabilityonly reaches back a few decades.
Thiscan be complementecowever, by comparingalreadyprocessed maps or graphs frcsites
or institutions that analyze climate tawithin the region. These will be beneficialmatchthe

NBadz Ga 20601 AydatRandlyBRP ¥ (KA A GKSaAaQ

19 per the Global Climate Observing System (GCOS) of the World Meteorological Organization (WMO), an Essential
Climate Variable (ECV) is a physiclagmical,or biological variable or group of linked variables that are critical to
the characterization of E&rk Q & Of AYlI G6S® / dZNNBy Gt &> GKSNB INB pn 9/ *
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2.1 Descriptionand Climate Characterization dhe Study Area

The foal region ofinterest in thisstudy isSoutheast Asidarhis regioris betweenthe continental

part of the rest of Asia to the Nortland the oceanic part (Indian and Pacific Oceans) to the South
and Eastwith its latitudinal positionlying approximatelywithin 30°N and 1@S [seeFigure 3.
Thesegeographicafactorsprofoundlyinfluence theregiongiving it a distinct climatéSoutheast
Asian countries are dividadto continental (Myanmar, Thailand, LapCambodia, and Vietnam)
and insular Malaysia, Singapore, Indesiag the Philippines,Brunei, and East Timor]. The
continental subarea experiences more seasonalgyxfremetemperatureand rainfall and more
pronounced dry spells, while the insulfamtherwise known ashe "maritime continent” due to

the greater expanse dhe sa than landlhavea more equable climatéChuan, 2005 rederick

& Leinbach, 2022) Rainfallin the region nonethelessjs more associated with the change in

seasons rather than theemperature variations.

Southeast Asiéallswithin the warm and humid tropics and a generally monsoonal climats.
subject to regular monsoon systengsthe northeast (dry monsoon) and the southwest (wet
monsoon), invhich the prevailing winds revesdirection every six monthgroducing wet and

dry periods for most of the regionThe northeast monsoon occurs from November to March
bringing relatively dry, cool miand a small amount oprecipitation to the mainlandin this
period,the southwestward air passes over teeawhere itwarmsand gathes moisture, causing
heavyprecipitation when the air rises over mountains and encounters landmassegderick&
Leinbach, 2022)The onset othis monsoon varies from one area to anotheharacterizedoy
increasedrainfall. It arrives in midNovember along the east coast of Malaysia and in early
December towards the south. In the eastern side of the Philippines, it arrives in Novémnber

the northern part, Decembefor the central and Januaryor the southem. InIndonesia, the

onset is felt in November and Decembarcriticalfeature of this monsoon is the cold surge from
Siberia, affecting the South China Sea. The extent of this effect is observed from diffused cloud
covers in the northern part of the South ChiSea, the northern and central Philippinasd the

West Pacific for most of the perio@hese &treme cold surges can redutiee air temperature

in the northern side of Southeast Asia, particularly in places located®st difd beyond. Nearer

to the equdorial South China Sea, heavy rains and severe flooding may occur due to enhanced
convection that cause pre-existing disturbancg e.g., southern Thailand, Malaysia, and

SingaporeWhile the cold surges enhance convective activity, the middle and latestoges
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bring about dry conditionsi-or this reasonMalaysia and Indonesgseldomexperienceheavy
rainfalls after mid-January and early Marchespectively. In the eastern part of the Philippines,
heavy rainsseldom occuafter Januaryin the northern part, after February in the centrand

after March in the southern part (Chuan, 2005).
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Figure3. Geographical location afhe Southeast Asian Region and the Philippides

20Map isproducedthroughthe QGIS softwareSources of shapefiles are citedSaction 2.2
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On the other hand, the southwest monsoqmevails from May to September when the air
reverses and dominantly flows to the northeashe bulkof the rainfall during this period goes

to the mainland, affecting southern Malaysia and the insular part of Southeast Asia, hence, there
isalittle or non-prolonged dry season in this part the region This isnainlyobservedalong the
equatorial side and the east coast of the Philippin@srederick& Leinbach, 2022)A crucial
feature of this monsoon is theérough. Ths is a low-pressureregion and a heat source
characterizing wet and windy weather closely linked to the monsoonal disturbémagsroduce
considerableaainfallover Southeast AsiégSouthwest monsoon alsshows oscillations in rainfall
causing wave disturbances, which degeinto tropical storms and typhoons under favorable
conditions Most heavy rains during this monsoon period are attributed to tropical waves, mid

tropospheric cyclonesind the convergence zor{€huan, 2005)

Many cyclonic disturbances produce only moderate rainfalit in certain cases, thesnature
into tropical stormgcalled cyclones in the Indian Ocean or typhoons in the Patlie$e events
bring heavy rains andlevastationto the areas where they hifFredeick & Leinbach, 2022)in
fact, there has been significant growth in the number of extreme weattedated events in the
region, such asgncrease in flooding, storma&nd landslides, since the start of the last century

(Beirne, Renzhi & Vql2021). This is depictenh the figurebelow.
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Figure4. Historical trend of extreme weather occurrences in Southeast Asia

The same papeby Beirne et al. (2021further statesthat four Southeast Asiacountries are

21 Original figuresourced from Beirne et al. (2021), as compiled using data froADEN2020). EMDAT stands for
Emergency Events Datababéifs://www.emdat.be/), that contains essential data on the occurrencglobalmass
disasterdrom 1900 to the present.
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among the top ten most affecteby climaterelated disasterérom 19992018,based onglobal
record offatalities and economic loss&s Theseare Myanmar, the Philippines, Vietnamnd
Thailandranked 29, 4", 6", and 8", respectivel} Regardingnulti-climate hazard/ulnerability,
Figure5 shows thehazard mapof the countries in Southeast Adfaper the paper byyusuf &
Franciscq2009)

Legend
Multiple Climate Hazard Index
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0.04-0.00
0.00- 0.14
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B 024031
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D Country Boundary

NOTEForthe scaldevelsin the legendzero (O)ndicatesthe lowestvulnerability and one (1)

meansthe highest

Figure5. Multi -climate hazard map of Southeast Asia

From the figure abovdhe hotspotddark-orange toredcolored areasihclude the northwestern

and Mekong region of Vietnam, the coastal regions of Vietifating theSouth China S¢a

22 Accordimg to the mnking by Germanwatch using Climate Risk IrfEekstein, Kiinzel, Schéafer, & Winges, 2019).

23 For thiscited paper, only sevefiThailand, Vietham, Laos, Cambodia, Indonesia, Malaysia, and the Philjppines
were assessed out of the elevBoutheast Asian countriehese countrieelong to the Economy and Environment
Program for Southeast Asia (EEPSHW)ps://eepsea.org), a networking initiativefounded in 1993 by the
International Development Research Centre (IDRC), the Swedish International Development Cooperation Agency
(SDA and the Canadian International Development Agency (CHoA3upport research andjive training in
environmental and resource econom@&songits membersthat previously included China and Papua New Guinea
[non-SoutheastAsian countries]in 2015, the EEPSEA has evolved into Economy and Environment Partnership for
Southeast Asia (EEPSEA Partnership), a regional platfornrafmsdisciplinary research to address global
environmental challengeamong the countries in the region. This partnership now inculiyanmar asan
additional member.
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Bangkok and its surrounding areas in Thailahehostall the regions of théhilippines, and the
western and eastern parts of Jalsdandin IndonesiaDominant hazards are then identified from

these climate hotspotsas listed in the following table.

Table4. Hotspots and dominant climate hazards among Southeast Asian courftties

HAZARD HOTSPOT DOMINANT HAZARDS ‘
Northwestern Vietnam Droughts
Eastern coastal areas of Viethnam Cyclones, droughts
Mekong region of Vietham Sea level rise

Bangkok and its surrounding area in Thaila] Sea level rise, floods

Southern regions of Thailand Droughts, floods
The Philippines Cyclones, landslides, floods, droughts
Sabah state in Malaysia Droughts

The westernand eastern area of Java Islar _ _
_ Droughts, floods, landslides, sea level rise
Indonesia

As reflected irthe Figure and Tablabove, the Philippines is highly vulnerable multi-climate
hazardsgespeciallyin cyclone and rainfalhduced hazards [flooding and landslides] or the lack of

it [droughts]. This is supportedy statistics fromClimate Change Knowledge Poftdhat gave
anoverviewof the 02 dzy 4t NBE Qa T NB |j dzR\y firesefitediimiide 6 stoRfsR164 G S NEB
(46.94%)] comprise the biggest percentage of natural hazamdidentsin the Philippines

followed byfloods [136 (23.134)]. Whereasthe rain-inducedlandslideq29 (4.93%] ranked 4",

and droughs [8 (1.384)] ranked & out of 10 recordechazard occurrenceis the countryfrom

1980to 2020

For cyclones/typhoons in particular, the Visayan Islands in the Philippinesdeeastatedby
Super Typhoon Haiyam 8" November 2013Following its landfalif has beerrecorded as the
strongestever typhoonduring that periodbased on satellite dat(Comiso et al., 2015until

Typhoon Gonsurpassed its strengtim 2020[seeTable 1on pagel13]. However, aother paper

2 Table sourced from the same pagd®r Yusuf & Francisco (2009)

25 The Climate Change Knizdge Portal (CCKP) by the World Bank Group (WBG) is a elafsésl information
hub with global data on historical and future climatajinerabilities,and impacts. Aggregated data are also
accessible on a national, smlational, and watershed scale.
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by Lagmay et al. (2015) and information from N&Apecif that Typhoon Haiyan has maximum
sustained winds reaching 315 kph (~195 mph), which could tie it to the recorded wind speed of
Goni. Nevertheless, the Typhoon Haiyan event draws the basis for the scope and area of study in

this thesis paper.

Disaster_Category

. Storm

M Food
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B canasiiae
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Figure6. Average AnnuaNatural Hazard Occurrences in the Philippifd©80-20202’

2.2 Datasets Used

A significant volume of data was collected for this study, essentially on the climate variables for
analysis. Four (4) climate datasets are downloaded and analyzed for this study namely GPCP,
CRU, ERAS ahthdley Centre Global Sea Ice and Sea Surface Tatmge(HadlSSTT hey range

from daily, monthly, seasonal, and annual values.

GPCP provides precipitation analysis from surface and satellite measurespamsingfrom
1979 to the present for monthjyand from 19% to the present for daily data. CRU is a gridded
historical dataset derived from observational déi@nd-based except Antarcticajecorded from

1901to present It provides temperature and rainfall values from weather stations worldwide

26 Sourced from: https://scijinks.gov/haiyan/, a site produced by the NASA Space Place team at NASA's Jet Propulsion
Laboratory for NOAA National Environmental Satellite, Data, and Information Service (NESDIS), with funds from the
Geostationary Operationahizironmental Satellite; R Series program and the Joint Polar Satellite System program.

27 Chart is produced by the R program, but data used for charting is sourced from the CCKP site,
https://climateknowledgeportal.worldbank.org/country/philippines/\vgrability
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and derivative poducts, including monthly and lortgrm historical climatologies. ERAS provides
estimates of many atmospheric, land, and oceanic climate variables extending from 1950 to the
present. ERA5 combines historical observations into global estimates using adivaodeling

and data assimilation systems. Hadl§®dvides globally complete fields of SSWwith data
available from 1871 to the present. This is used as a boundary for ERA5. The metadata of these

datasets is summarized Trable 5.
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Tableb. Metadata of Datasets used for Analyses

Dataset Variable Description Format Spat!ale Spatlfal Tempo;al SEUEE PR
domair? resolution range acces
Monthly satelh@egauge NetCDF (Network 2.5lonx 2.8
GPCP o and associated Adler et al.,
Precipitation oo Common Data mm/day Global lat 1981 to 2020 .
Monthly precipitation error 2018; NCEY
. . Form)
estimate(Version 2.3
. S Daily precipitation 0 0 Adler et al.,
GPCP Daily Precipitation estimates (Version 1.3) NetCDF mm/day Global PPlonx Plat | 199%to 2021 2018: NCE}
CRU , ,
S Timeseries of monthly Osborn et al.,
.Monthliy Precipitation mean values (Version 4.0 NetCDF mm/month Global 0.8’lonx 0.9 lat | 1981 to 2020 20262 CCKP
timeseries
CRU . : : 0.5°lon x 0.8 lat
Monthly | _Surface Arr | Timeseries of monthly NetCDF °c Global 1981102020  -do-
. ; Temperature | mean values (Version 4.0
timeseries
CRU Timeseries of annual mea 0.5'lon x 0.5 lat
Annual Precipitation : NetCDF mm/year Global 1981 to 2020 -do-
. : values (Version 4.06)
timeseries
CRU . . . 0.5°lon x 0.8 lat
Annual | _Surface Air | Timeseries of monthly NetCDF oC Global 1981 to 2020 -do-
. . Temperature | mean values (Version 4.0
timeseries
ERAS Timeseries of monthl 0.8lon x 0.5 lat
Monthly Precipitation y NetCDF mm/month Global 1981 to 2020 CCKP
timeseries mean values

28The downloaded datasets cover glob@hpsbut coordinates for thefocal region (SE Asia) are extracfesin these.

2 This column indicates only the years used for the analy@essidering that GPCP coveasabeginningfrom 1979, the temporal range selected for the analysis is ZH2D0 to
have an exact 4§ear period and to have uniform tempomr@mparisorfor all datasets. Only the daily GPCP dwata anaddedyear(2021) to compensate for the lacking number of
years analyzed, sindata is only available from 1996.

30 NCEI direct downloadittps://www.ncei.noaa.gov/data/globl-precipitation-climatologyprojectgpcpmonthly/

31 NCEI direct downloadittps://www.ncei.noaa.gov/data/globaprecipitation-climatologyprojectgpcpdaily/access/

32 CRU sitehttps://crudata.uea.ac.uk/cru/data/hrg/

33 Climate Change Knowled&ertal by the World Bank Groupttps://climateknowledgeportal.worldbank.org/downloadata
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ERAS Surface Air Timeseries of monthl 0.5’lon x 0.51at
Monthly y NetCDF °C Global 1981 to 2020 -do-
) . Temperature mean values
timeseries
ERAS Timeseries of annual mea 0.8lon x 0.5 lat
Annual Precipitation values NetCDF mm/year Global 1981 to 2020 -do-
timeseries
ERA5 . . . 0.5°lon x 0.8 lat
Annual | _Surface Ar | Timeseries of monthly NetCDF °c Global 1981102020,  -do-
. . Temperature mean values
timeseries
Total Total amount of water C3S Climate
ERA 5 Daily precipitation accumulated over a NetCDF m/day Global 1°lonx °lat | 1981 to 2020| Data Store,
(Var 228) particular time period Copernicu¥
10 m U wind | Eastward component of 0.5°lon x 0.8 lat
ERA 5 Daily component wind at the height of 10m NetCDF m/s Global 1981 to 2020 -do-
(Var 165) FNRY 9 NI KZ(
10 mVwind Northward component of 0.5°lon x 0.8 lat
ERA 5 Daily component P NetCDF m/s Global 1981 t0 2020 -do-
the 10m wind
(Var 166)
Pressure of the 0.5°lon x 0.8 lat
Mean sea atmosphere adjusted to
ERA 5 Daily level pressure . NetCDF Pa Global 1981 to 2020 -do-
the height of mean sea
(Var 151)
level
Total amount of water
accumulated over a 0 0
ERA 5 Daily Runoff particular time periodas a NetCDF depth in m Global 0.25%lon x 025 1981 to 2020 -do-
(Var 205) lat
sum of surface + sub
surface runoff
Sea surface 0.2%lon x 0.28 .
HadISST | temperature Monthly SST foocean lat Met Office
peratur y NetCDF oc Global 1981 t0 2020|  Hadley
monthly (SST Version only A
1.1) Centre

34 https://climate.copernicus.eu/climatelata-store
35HadISST1 Datlownload https://www.metoffice.gov.uk/hadobs/hadisst/data/download.html

35


https://www.metoffice.gov.uk/hadobs/hadisst/data/download.html

To investigate the effects of ENSO on the studied climate variables;feN&€d datasets were
likewise downloaded for analysis. ENSO is monitored using several indices (i.e., Nino 1+2, 3, 3.4,
4, ONI, and TIN), and anomalies are computed for-ge2® baeline period. The Nifio 3.4 index

and the Oceanic Nifio Index (ONI) are the commonly used indices in defining El Nifilo and La Nifia
events (Trenberth; NCAR, 2016). Therefore, these were used for the anatysisionly El Nifio

(La Nifia) or Warm (Cold) phases characterized by a five consecutivendnth running mean

of SST anomalies (ERSST.v5) in the Niflo 3.4 (egishown irFigure 7).This phenomenon is

observed in the equatorial Pacific Ocean, with a threshold of above (below) +@FT]J.

Figue 7. Nino Region¥®

The ONI dnonth running mean valuets taken fromthe Climate Prediction Center, National
Weather Service of NOAA Data are available from 1950 to presghtt for this analysis, only
the values from 1982020 are usedFor the monthly analysighe Nifio 3.4SST Index was
downloaded from Rysicalcienceslaboratory of NOAX. These values are calculated from
HadISST1 spanning from 1870 to September 2021. Same aMitbnly the 1981 to 2020 data
were used for the analysi&oth time seriesare availablein tabular format but were copied in

CSV files for ease of use during data processing.

SomeGISshapdiles werealsoused to produce mapdemonstrating the locations of the focal
area and points of emphasithat include the World Administrative Boundari€snd Marine

Boundaries for SE A$ia

36 Information and map are sourced fronttps://www.ncei.noaa.gov/access/monitoring/enso/sst

%7 Sourced fromhttps://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php
38 Sourced fromhttps://psl.noaa.gov/gcos wgsp/Timeseries/Ninoéredits to Rayner et al., 2003

39 Sourced fromhttps://international.ipums.org/international/gis.shtml

40 Sourced fromhttps://www.marineregions.org/gazetteer.php?p=details&id=18092
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2.3 Methods & Tools in Data Analysis

PREPROCESSING OF DATA

Prior tothe analysisof each dataset usgthe R software, the dataare preprocessed with the

aid of Climate Data Operator (CDO) to compute the daily, morgasonaland annuameans.

These were useful especially for computing thienatologicaimeans of data thainvolves mult

year valuesOperators like ydaymeaftomputesclimatologyfor the mean of same day for all
years) yseasmean(computes climatology for same season of nitiple years),ymonmean
(computesclimatologyfor same month of multiple yearsijnonmean(computes for the monthly

mean only) seasmean (computes for mean of the season only), \@atmean(computes for

yearly mean only\ere used for the calculationSnce the datasets vary, e.g., GPCP is for daily
accumulated precipitation, while the CRU and ERAS5 use monthly and annual accumulated values,
CDO was also used to convert daily into monthly or yearly values through the muldpm (multiply

with day per month) ad muldpy (multiply with day per year).

For the analysis of SE Asian region, since the netCDF files cover the entire global coordinates, the
values of the coordinates for SE Asia are extracted using the sellonlatbox (select longitude and
latitude) operata. The maritime extent of SE Adwith coordinatesat longitude:92.2( to
141.007degreesand latitude:-10.930to 28.547 degree$ is used for this operatiolhe decimal
degreesare utilized because the netCDF filase this griddingormat. During this process
however, there were files that are not directly in lonlat grinig were in generic format, hence,

these wereformatted by selecting the appropriate grid, through tkeelgrid operator.

For analysis that only requires a particular day, seasamth, or year, theoperators likeselday
(extract the values for the selected day/selmon(select the month/s)selseas (select the
season/s) andselyear(select the year/swere used.For the aily analysis, since the ERAS
datasets are large and take time to process in R due to its (oA 0.25 lat resolution, the

global data is rgyridded into T lon x 1° lat resolution using the remapcorfconservative
remapping)operator. This was doneisce the interest of the analysis is not necessarily focused

on the global values but on SE Asia. The daily dataset for SE Asia, however, remained with the

originalgrid resolution.

Fordata that requires the use of spaii mean, the fldmean operator wased to canpute the
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weighted mean of the values per grjbint

DATA ANALYSIS

After all the required data are prprocessed and ready, further data analysis were performed

through the Rporogram

Baseline (referenca)eriod

The standard reference period for calculating climatologies the 30year period of 198010,

until the World MeteorologicaDrganizatiomecently recommended that the 3@ear base period

should be updatedo 1991-2020to0 better reflect the change in® Of AYIF 6S® 2 ah Q&
Commission recommends to its members the adoption of the neweZ0dbaseling with the use

of the 1981-2010base year until the end of 2020.

Sincethe datautilized for this thesis are onlyntil December 2020, the 1982010 baseline is

used as a reference periadl throughout the analyses

Annual analysis

For precipitation, CRU, ERA5, and GPCP are analyzed individually both for the global and SE Asian
region, but the three datasets ammergedin one time series plot to determine trends and
patterns for comparison. The maximum and minimum values were then identified to see the
common years for all datasets. The same analysis is performed for the annual temperature using
CRUHadISST, and ERAS5 datasets. From the absolute annual and baseline climatology values, the
anomalies are computed and again plottad barand linechart, this time mergingboth the
precipitation and temperature values in one pldflaximum and minimum values are again
identified and compared among the datasets for purposes of inspectingdbeimonalites The

values forY2013 are then extracted and compared for both the precipitation and temperature
datasetsand the percentile and rank of these values a@®ermined to demonstate how

extreme is Y2013 compad to other dnon-typhoore yeas.
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Seasonal analysis

The standard global seasons are used for this study. These are DJF (winter) season, MAM (spring)
season, JJA (summer) season, and SON (autseayon. As with the annual analysis, the
precipitation and temperature datasets are individually processed but aieaipaated into

the same timeseries plot for comparison. Maximum and minimum global and SE Asian values
are likewise identified to chéc the if the datasets have common maximum/minimum
yearskeasons . Since typhoon Haiyan occurred in November 2013, a separate yearly timeseries
for the SON season is plotted, this time focusing on the SE Asia region only. Similarly, the
maximum and minimunabsolute values are inspected to identify the common year. From the
absolute and baseline values, the SON anomalies are then computed and phttdshr and

line chart and the values for the Year 2013 are again extracted and comparddtermine how

extreme theSON 2013 valuesmongthe 40 years considered.

Another plot is created reflecting the seasonal values ofAkian region for Y2013 only. The plot
IS inspected to compare the common maximum or minimum seasons among the datagbts

the same year.

All plotsused thedggplotZ package, since it hefeatures thatare helpfulin improvirg the plotsQ

aesthdics.

Monthly analysis

The same sequence, as with the seasonal analysis, was performed for the monthly datasets to
plot the time series and inspect ttdmmon maximum/minimum year for eachonth, among

the datasets. A separate yearly time series using November month only is plotted to identify
which are the maximum or minimum years and if there are commonalities among the datasets.
Anomalies are likewise computed for all of November, and the values for3Y&@®l again

extracted and plotted for comparisanith respect to its rank and percentile.

Another plot iscreated, thigeflecting the monthly absolute values andnomalieqfrom January

to December) for Y2@BL The same comparison for maximum and minimum is made

Investigating the ENSO and monsoonal influence

For the annual analysis, the influence of ENSO (EI Nifio, La Nifia, or Neutral) on the precipitation
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and tempenture anomalies are investigated. To determine which is the classification of each
year, the colors used by the Climate Prediction Center for ONI served as a reference where
periods of below and above normal SSTs are colored in blue and red when theottresta
minimum of 5 consecutive overlappidgmonth meanis met. As these are overlappingpnths

there are years, however, that both ElI Nifio and La Nifia can be seen. For these cases, the
prevailing phenomenon will be based on what is observed towardetig: of the yearg the

period when ENSO normally matures (Rasmusson & Carpenter, Fa8ft)e seasonal analysis
however, theNifio 3.4Index valuesinomalies are wed, with the 3-month meancomputedfrom

the monthly SST valuedhe same dnonth mean as with theseasonal month§DJF, MAM, JJA,

and SON) are pickefbr a uniform temporal comparison.

For the monthly analysis, the Nifio 3.4 Index valuedikesviseusedsince these are computed
on a monthly timescale, and the same months are picked (e.g., November only or January to

December), depending on the analysis performed.

To investigate th effect of monsoonal variations on the monthly precipitation values, the
months are classified into Northeast (denoting Northeast monsoon month), Southwest (denoting
Southwest monsoon month), and None (or not a monsoon month). Northeast months include
Nowember to March, Southwest months include May to September, while None months are only
P'LINAE FYR hOG20SNW ¢KAa OfFaaAFTAOIGAZY Aa O2

discussed irsection 2.1.

Daily analysis

Similarly, the time seriesfdhe daily values are plotted for the global and SE Asian region. For
this analysis, the datasets used are only GPCP and ERAS for precipitation and ERA5 for winds,

pressure, and runoff.

Similarly, the maximum and minimum day, month, and year are idedtifiom the time series
plot. Additionally, the highesibsolute and precipation anomaly(per grid point) is identified to
check if it falls within the typhoon dayklaiyan was formed on November 3 and dissipated on
November 11, 2013nd within the affected gea. This was done by picking the coordinates of
the longitude and latitude of the point with the highest value. This point is then mapped using

QGIS to visualize its location.
Likewise, the anomalies are computed, plotted, and inspected for the maximanmammum
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day, month, and year. For GPCP, considering that the temporal range is from 1996 to 2021, the
climatology value is the mean of all-26ar period rather than the baseline periods 198110

and 19912020 used for the analysis of ERA5 data. The goint and day with the highest
precipitation anomaly are then identified to investigate again if these coincide with the days and

points of interest.

Separate plots were created, showimadpsolute, baseline, and computed anomalies for the
typhoon days. The days are also colored according to before (N&\deéhoting before landfall),
during (Nov. 7 & 8; landfall days), and after (Net19after hndfall days). Since the official date

of landfall is November 8, in the morning of Philippine time, November 7 and 8 are classified as
GRAzZNAYy 3¢ RI&a Ay GKAA &aiddzRé aAyoOS GKS RIFGIF &S
official landfall dates 20:40 UTC on November 7, but records indicated that there were several

other succeeding landfalls in other parts of the country until late November 8.

Mapping

Climatological maps are generated from annual, seasonal, monthly, and daily values toevisualiz
the spatial coverage and location of major anomalous areas. Individual maps show the
climatology and absolute values for the study year (2013), study season (SON 2013), and study
month (November 2013) using a rainbow color scalegdaranteeuniform cobr scales among

the datasets, the same-lmnit values were set, ensuring that most of the values and their
corresponding colors were properly displayed on the map. For precipitation, the colors range
from red, orange, yellow, green, blue, and mageiaa (or dry to high or wet). The reverse colors
were used for temperature, where magenta denotes cold and red denotes warm. However, some
extreme values beyond the setlimit cannot be displayed; thereby, blank white spots can be

seen.

For the anomaly mas, only blue and red color scales are used for better visualization. For
precipitation, blue signifies a wetter (positive) anomaly, and red is for a drier (negative) anomaly.
For temperature blue means colder (negative) anomaly, and red means hotteritiy®s
anomaly.For the daily maps, #hcorrespondingpressureand runoffvalues are indicated by
contours using viridisgradient while windspeedused the same rainbow color gradient as

precipitation.

Theanomaly pointsthat are beyond the local 85 percentile among the Waes within the SE

Asian map (per grid point) are also determined and plotted. gfecipitation, values that are
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higher than the 99" percentile are colored dark i to signify extremewet anomaly,and red to
signifyextremedry aromaly.For temperaure, the reversecolors are used where redgsiifies

extreme warmanomaly anddark bluedenotes extreme cold anomaly.

For plotting these maps, th@astel€ and dattices packagesn R are ued.

2.4 Statistical Treatment

Percentile

To @mpute forthe local 595 percentile range tadetermineanomalypoints that are beyad this
threshold, quatiles are computedusing thequantile ()function in R.For the rankingon how
extreme ae the Y2013, SON 2013 and November 28-i@naliescompared to the rest of the 40

yearsconsidered the ecdf() is usedsinceit returns the pecentile values.

Analysis of varianc& Wilcaxon Rank SunT est

Analysis of variance (ANOM&)performed todetermine whether themonsoonalphasesand
EN® variations have affected the precipitatiorand temperature patterns. The significant
influence is measured based on the p and F valueth@fresults Takng into accounttwo
parameters only (estuding ENSENeural year, andnon-monsoon month), andter teg is

performed this time usingVilcoxon rank sum

Prior to testing, all datage are detranded usingthe detrend ()function from the dpraoma

package in R.

For these analyses, trev ()and wilcox.test ()functionsin Rare used to copute thep and F

values.
Correlation

To better understand thestrength and direction ofassociation among thevariables
(precipitation, temperature, andSST anomalies), & S| NXcdne@t®dn analysis [i.e.,
precipitation vs. temperature, precipitation vVSSTtemperature vsSSTis performed for each
of the datasets. The pairing is done for similar datasets i.e., CRU precipitation vs. CRU
temperature, ERA5 precipitation vs. ERA5 temperatdifgecorrelation is then supported by

regressing the variables againsach other, to @wmpute for the pvalues where significant
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correlations are only constiled when the pvalue islower than 0.05 even if the correlation

coefficientthat indicates their relabnships are high.

All datasetsare lkewise detrenled before subjecting them into the correlation and regression

analyses.

Serial correlations are also inspected usingakig() function in Ras autocorrelation caaffect

the resuls.

Density plot, scatterplot and boxplot

To visualizehow the aboveanalyzedvalues are clustered or dispersednd to to better
understand the result of the correlationnalysis, density plots were used to show ttiata
distribution, with particular attention tekewness (to the righdr left), kurtosis {f there are sharp
peas in the graph) and boxplot are used to show theshape of the disthution,
dispersiomspread of the valuesandto identify outliers.The scatterplot is also used to check if

the relationship of the correlated values is reflected in the plot.

For these angkes, probability densityare plotted usinchist () function, whileskewnes ()and
kurtosis () functions are used fronthe dmomentg package in RFor the boxplot, the
geom_boxplot(function in thedggplotZ package is used=a plotting the pairwise compari,
correlation and density pls together in one framgethe pairs ()function from the 6GGally¢

package isised

Empirical cumulative distribution function

To understand the differences of the anomaly maps (why it is rool@edred or blue or even),
the ECDF is used to show the percentage of values equal &dbove zero (positive). This is
because the median of thelnit for the coloris intentionally set at zero for easier visualization

as to whether the pointhave positive or negative anomaliésr this, the ecdf (Jfunction is used.

To confirm this percentagehe count of the positive or egative values are also computed by
sub-setting first the anomaly values greater than or equal to zero and counting the False

(negative) and True (zero or positive) using the table () function in R.

Welch ttest analysis

Apart from distinguishing the differences of the anomaly values among the datasets through the
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ECDF and counthey are also subjected to a Welch T¥#ample itest to further examine fif,
indeed,datasetsare significantly different amongachother. Significant differences are based
on the pvalues and evidence tifie most robustsignificant difference are based on the highest
t-valueamong the ttest comparisoni.e., CRU vs. ERA5, CRU vs. GPCP, ERAS5 vH&IPEST
was not testedsinceno other dataset that measures SST can be comparedFRorithis test, the

t.test () function is used.

Regression analysis

Simple linear and multiple regression analysre conducted for the daily variables to assess the
effect of the winds or winds + pressure (regressor) to the precipitation ambff values
(response variableslor precipitation, different regression models are tried [regressed with: 1)
winds only; 2) winds + time; 3) winds + pressure; 4) winds + pressure + time; 5) pressure only; 6)
pressure + time] to check which model resutishigh R and whether changing the regressors

will result to improvement in adjusted?Rnd AIC Better models should have higl? with a
minimum AICThe mean of residuals and the correlation of residuals and fitted values are also
inspected sine a zero mean anda negative correlaton indicates a good modeRAnother
indication of good fitting is that the plot of the residuals vs. the fitted values do not show any

visible pattern among the points.

To seethe linear relationship between the regress@nd response variablethe summary of
coefficients are inspected whether they amegatively related (and with a steep negative slope)
or positivelyrelated (and with a steep positive slopeThe significance of this relationship is

determined based on & pvalues.

The same analysis was done for runof€luding testing of amadditional model [regressed with
1) wind + pressure + precipitation; and 2) wind + pressure + precipitation 4. tiHeze,
precipitationis addedas one of the regressorBor all the analysis, then() function is used for

the canputation.

Lastly, regression plots are created for each variable to present their indivelaibnships To

plot the regression lines, thggscatter (Jfunction fromdggpubk package is used.
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3.1 Annual Analysis

Results

The absolute annualumulativemeanprecipitation and temperatur@alues are plottedh Figure
8for the global mean (left panels) and for the sowthstasian region (sea, right panels) terms
of maximum and minimum valueERASNd GPCRave a commoiglobalmaximum year (2016)
for precipitation, while CRU and HadISST have a common global maximun(292a) for
temperature.In SE AsiaCRU and ERA5 have a common maximum year (20hig¢ ERAS5 and
GPCP have a common minimum year (1987 precipitation CRU and ERAGN the other hand

share a commominimum year (1984fpor temperature.

For thed (i & LIK 2 2, Ye., theSyleadEvhen Typhoon Haiyan occurretie absolute mea,
baselineclimatology and anomaly valuesf the SE Asian regidar the year 201&re extracted

for all the datasets usedis summarized ihable 6.

Table6. Year 2013 AbsolutdnnualMean, BaselineClimatolbgy and Anomaly Value$or
Precipitation& Temperature[SE Asia]

Vi CRU ERAS5 | GPCRHadISST
" | Absolute| Baseline| Anomaly| Absolute | Baseline | Anomaly | Absolute| Baseline| Anomaly
=%

§ 2297.626| 2171.179| 126.48 | 2492.249| 2236.699| 255.551 | 2259.561| 2041.359| 218.202
o

o

GE) 24.257 24.064 0.1 25.779 25.510 0.269 28.387 | 28.172 0.215
|_

NOTEPrecipitation unitsmm; Temperature units®C
For the third datasés, GPCRs used for precipitation whileladISSTs used folSSTanalyes
Highestvaluesamong the datasetare emphasizedn boldfacecoloredfonts

As reflected in the above table, ERA5 has the higpestipitation anomaly for Y2013 among

CRU, ERA5, and GPCP datasets, and ERA5S likewise resulted in the highest temperature
anomaly. For temperature however, HadISST measures a different variable than CRU and ERA5,
hence, thiscannotbe compared with the tw. Looking at how extreme the Y2013 is compared

to the nontyphoon years, the followingables 7 and summarize the percentile of Y2013 for

each datasetboth for precipitation and temperature.
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Annual Cumulative Mean Precipitation (Absolute Values)

Annual Cumulative Mean Precipitation (Absolute Values)
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Dataset =#= cruy == ora5 =M= HadlSST

Dataset ™#= cru == grz5 =M= HadlSST

N
Max. Global MeanCRU)876.545 (mm/year)n 201G Max. SEA MeafCRU)2431.398 (mm/yearin 2017
Min. Global MeariCRU)796.527 (mm/year)n 1987;Min. SEA MeafiCRU)1944.03 (mm/year)n 1982
Max. Global MeaiERA5)1095.453 (mm/yearin 2016 Max. SEA Meaft=RA5)2615.704 (mm/yearin 2017
Min. Global MeafERAS5)1031.623 (mm/yearin 1992;Min. SEAMean (ERA5)1800.307 (mm/yearin 1997
Max. Global MeaiGPCP)999.026 (mm/yearjn 2016 Max. SEA MeafGPCP)2412.65 (mm/yearjn 1984
Min. Global Mear{GPCP)963.791 (mm/year)n 1991;Min. SEA Mea(GPCP)1618.595 (mm/yearin 1997

ST
Max. Global MeaniCRU)14.435 {C)in 2020 Max. SEA MeaftRU)24.63 fC)in 2019
Min. Global Mear{CRU)13.109 fC)in 1984;Min. SEA MeaCRU)23.586 {C)in 1984
Max. Global MealERA5S)14.81 fC)in 2016 Max. SEA MeaftRA5)26.185 {C)in 2016
Min. Global Mear{fERA5)13.849 fC)in 1985;Min. SEAMean (ERA5)25.096 {C)in 1984
Max. Global MeaiiHadISSTt4.767 {C)in 2020 Max. SEMean (HadISSTR8.705 fC)in 2016
Min. GlobalMean (HadISSTR.093 ¢C)in 2009;Min. SEA MeafHadISSTR7.738 fC)in 1982

Figure8. Annual Mean Precipitation and Temperature (Absolute Values) for Global and SE Asian Region
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Table7. Rank andPercentile of Y201Precipitation Anomalie§SE Asia]

Dataset Precipitation

> Fnl.A< - ecdf(df1.1$Precip.Anomaly[1:40])
> Fnl.A(df1.1$Precip.Anomaly[1:40][df1.1$Year[1:40]==2013])

[1] 0.85
CRU > summary(Fnl.A)
Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.

-227.15 -74.26 10.75 11.25 106.50 260.22
Rank: 7

> Fn2.A< - ecdf(df1.1$Precip.Anomaly[41:80])
> Fn2.A(dfl.1$Precip.Anomaly[41:80][df1.1$Year[41:80]==2013])
[1] 0.875

> summary(Fn2.A)
ERAS Empirical CDF: 40 unique values with summary

Min. 1st Qu. Median Mean 3rd Qu. Max.
-436.39 -168.97 45,91 18.21 176.39  379.01

Rank: 6

> Fn3.A< - ecdf(df1.1$Precip.Anomaly[81:120])
> Fn3.A(df1.1$Precip.Anomaly[81:120][df1.1$Year[81:120]==2013])

[1] 0.875
GPCP | > summary(Fn3.A)
Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.
-422.764 -145.157 52.270 5.711 154.613 371.292
Rank: 6

Table8. Percentile of Y2013 emperature Anomalie$SE Asia]

Dataset Temperature

> Fnl.B< - ecdf(df1.2$Temp.Anomaly[1:40])
> Fnl.B(df1.2$Temp.Anomaly[1:40][df1.2$Year[1:40]==2013])

[1] 0.7
> summary(Fnl.B)
CRU Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.

-0.47800 -0.11675 0.08000 0.07675 0.21850 0.57100
Rank: 13

> Fn2.B< - ecdf(df1.2$Temp.Anomaly[41:80])
> Fn2.B(df1.2$Temp.Anomaly[41:80][df1.2$Year[41:80]==2013])

[1] 0.775
ERAS > summary(Fn2.B)
Empirical CDF: 39 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.

-0.41500 -0.09350 0.08200 0.09297 0.25950 0.67400
Rank: 10

> Fn3.B< - ecdf(df1.1$SST.Anomaly[1:40])
> Fn3.B(df1.1$SST.Anomaly[1:40][df1.1$Year[1:40]==2013])

[1] 0.85
HadISST | > summary(Fn3.B)
Empirical CDF: 40 unique values with summary
Min. Ist Qu. Median Mean 3rd Qu. Max.

-0.43400 -0.06500 0.04000 0.04752  0.14050  0.53300

Rank: 7




As shown, ERA5 and GPCP are the highest for the three precipitation datasidoth having the
Y2013 on the 875percentileand ranking B out of the 40 yearswhile HadISS$ thehighestfor the

temperature datasets, with Y2013 on the8percentileand ranking  among all years

For spatial comparison, th@maps of the30-yr climatology absoluteand anomaly valuefr Y2013
aredepicted iNnANNEX 3or precipitation andemperature.Globally and in SE Asia, the temperature
anomaly maps showeghore dominant red than blue spots, demonstratiagrevalence opositive
(warm) anomaliesas background climatic conditions for ilg@n occurrenceFor precipiation, the
global anomaly mapshow wet anomalyblue colors)and dry anomaly(red colorg distributed all
over the map, at different locations the considered dataset$n & Asia, CRU and ERAS visually
showed more blue points (wetter) compared &PCP for precipitatigrwith the largest anomalies
(darkblue spots)in ERA5.The Empirical Cumulative Distribution Function (ECDF) plots for
precipitation anomalie$Figure9] and the count opositive or negativeralues inTable9 show that
about 70%o0f the values are equal to or above 0 (positive) for CRtile ERAS5 and GPCP have about
80%

1.0

_— CRU

ERAS5

——  GPCP

Fnix)

04

02
I

0.0

-1000 -500 0 500 1000

Precip.Anomaly

Figure9. Empirical Cumulative Distribution Plots of Y2013 Precipitation Anomalies for SE Asia
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Figurel0. Probability Distribution Plots of Y2013 Precipitation Anomalies for SE Asia

With respect to the distribution gbrecipitationanomaly values, the skewne<SRU = 1.064, ERAS =
0.380, GPCP =0.254dicates that all datasets apositively skewed or more concentrated to the left

of the graph as shown ithe density plotin Figure 10 -- with GPCP being more symmethaving
skewness closer to zero. The kurtd§iRU =7.819, ERAS = 5.510, GPCP = 2Ig66kveals thathe

GPCP value is closer to 3 hence more normally distributed than CRU and ERAS5 with both having sharp
peaks on the graph.

For temperature anomalieshe ECDF plots iRigure 11 show that CRU has the least percentage
(about 90%)among the three datasets, while ERA5 and Hadia8& almost 100% of the values

above 0This is likewise confirmed by the count of positive and negative valuksbie 9.

With respect to the distribution of anomaly values, the skewn&3Rl) =0.628 ERA5 =1.2Q,
HadISS¥ -0.29] indicates that ERA5 is positively skewed or concentrated to the left, while CRU and
HadISST are negatively skewed or more concentrated to the right of the graph as shtiosweinsity

plot in Figure1l2. Among the datasets, HadISST is more symmetricskétvness closer to zero. The
kurtosis[CRU =3.280 ERAS5 ¥.828, HadISS¥ 3.054] also reveals that HadISST value is closer to 3
hence more normally distributed than CRU and ERA5, with ERA5 having sharp peaks on the graph.
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Figurel2. Probability Distribution Plots of Y2013 Temperature Anomalies for SE Asia

Table9. Count ofNegativevs. Zerd PositiveAnnual Precipitation and Temperature Anomalidsr

Y2013

PRECIPITATION

TEMPERATURE

CRU

> pos_cru< - prcp_2013 cru$anomaly>=0
> table(pos_cru)
pos_cru
FALSE TRUE
828 1855

> table(pos_cru)[2])/(table(pos_cru)[
2]+table(pos_cru)[1])

> pos_cru< -tmp_annual_cru_2013%anomal

y>=0

> table(pos_cru)

pos_cru

FALSE TRUE
356 2327

50



TRUE > table(pos_cru)[2]/(table(pos_cru)[2
0.6913902 ]+table(pos_cru)[1])
TRUE
0.8673127
> pos_erab< -prcp_2013 erab$%anomaly>= > pos_erab< -tmp_annual_era5 2013%$anom
0 aly>=0
> table(pos_erab) > table(pos_erab)
pos_era5 pos_era5
ERA5 | FALSE TRUE FALSE TRUE
1868 5874 246 7496
> table(pos_erab)[2]/(table(pos_era5 > table(pos_erab)[2]/(table(pos_erab)
)[2]+table(pos_erab)[1]) [2]+table(pos_era5)[1])
TRUE TRUE
0.7587187 0.9682253 |
> pos_gpcp< - prcp_2013 gpcp$anomaly>= > pos_HadISST< - tmp_annual_HadISST_201
0 3$anomaly>=0
> table(pos_gpcp) > table(pos_HadISST)
pos_gpcp pos_HadISST
GPCF[’ FALSE TRUE FALSE TRUE
63 222 48 1491
HadISST] > table(pos_gpcp)[2]/(table(pos_gpcp > table(pos_HadISST)[2]/(table(pos_Ha
)[2]+table(pos_gpcp)[1]) dISST)[2]+table(pos_HadISST)[1])
TRUE TRUE
0.7789474 0.9688109 |

The 595 percentiles ofthe anomaly valuesor all the grid pointsnvere also calculated to show the
points that are beyond the threshol&hown inFigures 13 & 14 are thepointswith anomalyvalues
exceedngthe local 595rangedenoted by red (blue) fodry (wet) anomalies, while theeversecolors

were used for temperature, where the pointelowthe 5" percentile are marked with blugr cold)

and the pointsabove 9% percentile aremarked with red (or hot)lt is seen that there are clear
differences in the locations of these marked rém blue) points, demonstratig that there are
inconsistencies in the locations of high (or low) precipitation and temperature anomalies in terms of

its geographic location in as far as the year when typhoon Haiyan occurred, is considered.

51



lat

lat

lat

Figurel3. Maps Showing Anomaly Points Beyoneb5 Percentile for Y2013 Precipitation [SE Asia]

CRU Anomaly Points above 95th percentile

(in blue)
s . ’
o' 1™
= "Ij
|
e . L7y D

T T T
100 110 120 130 140

lon

ERAS5 Anomaly Points above 95th percentile
(in blue)

100 110 120 130 140

lon

GPCP Anomaly Points above 95th percentile
(in blue)

100 110 120 130

lon

05

0.0

05

lat

lat

CRU Anomaly Points below 5th percentile

(in red)
(=
« -~
i . T
(_D\‘ -
‘Q -
[
o
k.
- -
o |
T T T T T
100 110 120 130 140
lon
ERAS5 Anomaly Points below 5th percentile
(in red)
o ]
o)

. AT T

o
T

100 110 120 130 140

GPCP Anomaly Points below 5th percentile
(in red)

100 110 120 130

lon

0.5

0.0

05

0.5

0.0

05

0.5

0.0

-1.0

52



CRU Anomaly Points above 95th percentile CRU Anomaly Points below 5th percentile

(in red) (in blue)
8 8
T ."I"'._!‘
-
1.0 1.0
& 8 ?’
F 05 ’ 05
- 24 e ~ 24
o \ 4 00 = 0.0
05 05
L= o —
10 10
S ! o
T T T T T T T T T T
100 110 120 130 140 100 110 120 130 140
lon lon
HadISST Anomaly Points above 95th percentile HadISST Anomaly Points below 5th percentile
(in red) (in blue)

||'" 0

lat

0.0
05

10

8 9 4
T T T T T T T T T T
100 110 120 130 140 100 110 120 130 140
lon lon
ERAS5 Anomaly Points above 95th percentile ERAS5 Anomaly Points below 5th percentile
(in red) (in blue)

10

05

ke 0.0
05
10

100 110 120 130 140 100 110 120 130 140

lon lon

Figurel4. Maps Showing Anomaly Points Beyoneb5 Percentile for Y201Bemperature [SE Asia]

To further compare the differences in the values, the summary of ttestt for each datasdas
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summarized imMable D] shows that CRU, ERA5, and GPCP are significantly different in terms of
precipitation anomalies- having relatively low waluesfor CRU vs. ERA5 and CRU vs. GPCP, and just

a little lower than 0.05 for ERA5 vs. GPB&sed on thdighestt-value, the strongest evidence of
difference is between CRU & ERAS5. For temperature, CRU and ERA5 are likevfisangign
different. HadISST was excluded from this analysis since only CRU and ERA5 measure surface ait

temperatures among the three.

Tablel0. Results of Welch Twssample ttest for Y2013 Precipitation and Temperatufsnomalies

PRECIPITATION TEMPERATURE

data: prcp_2013_cru$anomaly and prcp_20 data: tmp_annual_cru_2013%anomaly
13_era5%anomaly and tmp_annual_era5_2013$%anomaly
fN=1=1918780)] df = 7469.9, p-value < 2.2e * df = 4260.5, p-value

-16 < 2.2e -16
CRU vs. alternative hypothesis: true differ - alternative hypothesis: true diffe
ence in means is not equal to O rence in means is not equal to O
ERAS | 95 percent confidence interval: 95 percent confidence interval:
-137.2749 -112.6301 - 0.08435525 - 0.06825695
sample estimates: sample estimates:
mean of X mean of y mean of x mean of
122.7846  247.7371 0.1929929 0.2692990

data: prcp_2013_cru$anomaly and prcp_20
13_gpcp$anomaly
t = -5556, df = 334.37, p-value = 5.643

e-08
CRUvs. alternative hypothesis: true differ -
en ce in means is not equal to O N/A

GPCP | o5 percent confidence interval:
- 122.93596 - 58.64702

sample estimates:

mean of X mean of y

122.7846 213.5761

data: prcp_2013_erab5$anomaly and prcp_2
013_gpcp$anomaly

t = 2.1005, df = 328.22, p-value = 0.036
45

ERAS vs,
alternative hypothesis: true differ - N/A
GPCP | ence in means is not equal to O
95 percent confidence interval:
2.167778 66.154240
sample estimates:
mean of x mean of
247.7371 213.5761

The SE Asian precipitation and temperature anomalies are plotted against the ENSO variations, as
presented inFigure B, to investigate whether the El Nifio/Southern Oscillation (ENSO) phenomenon
impacts the parly precipitation and temperature in the region. For the plot, the years are categorized

into El Niflo (EN), La Nifla (LN), and Neutral (N), based onrtitenth running mean values of the
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Oceanic Nino Index (ONI), as described in det&hiapter 2Section 2.3.

As seen, most of the precipitation anomalies are positive for LN years (green bars) and negative for

EN years (red bars). However, a few green bars fall along negative anomalies, and a few red bars fall
along positive precipitation anomalies @ifferent years.For theN years (blue barsjheyfall either

along positive or negative precipitation anomalies, buhibit a common pattern where both years

1981 and 2013 have positive precipitation anomalies, while years 1990 and 1993 have negative

precipitation anomalieg for all three datasets.

Comparing thenomaly year@ the same platCRU and ERA5 have a common maximum year (2017)
for precipitation and minimum year (1984) for temperature. ERA5 and GPCP, otherwise, have a
common minimum year (1997) for precipitation anomaly, and ERA5 and HadISST have a common
maximum year (2016) for teperature anomaly. With respect to the typhoon year (2013), the
precipitation and temperature anomaly values differ among the datagetSERAS has the highest
precipitation and temperature anomalies, as previously presentéichivie 6 Being an ENSO Nealk

year, the plot and the values in theame tableshow that both precipitation and temperature

anomalies are positive.

To statistically characterize the influence of ENSO variations (EN, LN and N) on the precipitation and
temperature anomalies, an Analig of Variance (ANOVA) is performed for each dataset as detailed

in Table11. The results showed that the precipitation anomalies for all datasets are significantly
influenced by ENSO variations with very lowgtues (marked with a green rectangle). The large F
values likewiseonfirm this result For temperature anomalies (markedth a red rectangle), only
HadISST isfluenced by the ENSO variation, although theatueindicates lower significance being
slightly highethan 0.05 It is important to stress that Haiyan occurred in a neutral year, as anomalies

of ENSO would havelwrwise likely significantly affected its occurrence and evolution.

A Wilcoxon rank sum téss also performed, accounting only the EN and LN years as presented in

Table 2. Like the ANOVA results, only precipitation anomalies showed signifiezaltips.
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Annual Precipitation and HadISST Anomalies vs. ENSO variations (SE Asia)

cru

eras

gpcp

|

[

o
I

[~
wn
=

[1Aww] uoneydioald

‘ I [-2505,

= 0 O (0P 0T e 0 O L D) P00 D e 0T "\Tl.DLD [P 0 e OO L D= DO

= =

[ in

o (=]
I 1

=2

o

=
I

-—C\I LD P 00 e T LD Po D0 e O LDLDI‘- COU’JClv— c\lm-:r LDLDI‘-UD G:Ci
G’:G’: DIODH DD DHIC DD HDRDOO00 DDD DDDD ocooooDo DD
tpant

CICT T T T T T T CACC T T T T T

Year

Annual Temperature and HadISST Anomalies vs. ENSO variations (SE Asia)

LN s e e e e s e B B L e s e e e e BB B B e e
-—c\lm LD P D0 e T LD 000 e O LDLDI‘-UD G:u:i-— c\lm':ru') LDI‘-DD G:Ci

G’:G’:G‘J DI IRIIRIRIHIHIHIHIH IO 00D DDDD DDD oooooDo DD
e T T T T T T T T T T 0 ST T T T

cru

erab

2001
2002
2003
2004
2005
2006
2007
2008
2008

L B L U I O e e N o Y o I N o e e IO o I L O Vi o I O e e O Y T o I I O w T T o O w T o
—rrr T -0 DO DODODODDDDDEDODEODO D000 0C000000 T T T T T ™™ — 0
ooooooooooo oDooooooo@oo oo oDoOoooDoDooDooDooDoDoooDooDoDoDoo
Cd i Cd T 0 T T S T 0 e e e e — — — — — — — — — — — — O Cd O O O O O Cd ©d Cd 0 O 0 0 0 € O 0 O 04 o

EnsO I en [l v B N SST == HadissT

CRU
Max.Precip.Anomaly:260.22 (mmjn 2017
Min. Precip.Anomaly:-227.149 (mm)n 1982
Max. Temp.Anomaly:0.571 ¢C)in 2019
Min.Temp.Anomaly:-0.478 fC)in 1984

Max.Precip Anomaly:379.006 (mm)n 2017
Min. Precip.Anomaly:-436.392 (mm)n 1997
Max. Temp Anomaly0 0.674 ¢C)in 2016
Min.Temp.Anomaly:-0.415 C)in 1984

Figurel5. Annual Precipitation and Temperatuf8STAnomalies vs.

GPC
Max. Precip.Anomaly:371.292 (mm)n 1984
Min. Precip Anomaly=422.764 (mm)n 1997
Max.SSTAnomaly0.533 (C)in 2016
Min.SSTAnomaly-0.434(°C)in 1982

ENSO variations (SE Asia)
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Tablell. Results of Aalysisof Variancefor AnnualPreciptation & Temperature Anomalies

Dataset ANOVA results

againstENSQSE Asih

= summary{aov(dfl.15Precip. DT[1:40]~df1.13ENSO[1:40]0)
pf Sum 5q Mean 5q|F value Pri=F)
dfl.13eEMs0[1:40] 2 353779 176889 22,37 4,28Be-07 ®w®
Residuals 37 292551 7907
CRU Signif. codes: © “**=' Q0,001 ‘#*' 0,01 *' 0.05 '.' 0.1 ° " 1
= summary {acv (dfl. 25Temp. DT[1:40]~df1. 28ENS0[1:40]0)
pf sum 5q Mean 59 F value Pr=F)
dfl. 23eEMs0[1:40] 2 0.0492 0.02461 d.523 0.597
Residuals 37 1.7419 0.04708
= summary {aov(dfl.15Precip.DT[41:80]~df1.15ENSO[41:80]))
of  sSum Sg Mean 5q [F value Pri=FJ}
dfl.1%ens0[41:80] 2 1030105 515052 32.51 7.0%e-09 #w¥
Residuals i7  S8B108 15841
ERAS Signif. codes: © “##*%' Qg 001 *#**' 0,01 “*' 0,03 *." 0.1 ° " 1
= summary (aov (dfl. 25 Temp. DT [41:80]~df1. 23ENSO[41:80]))
of Sum Sg Mean Sq[F value Pri=F)
dfl. 2%ENSO[41:80] 2 0.0276 0.01381 Q.26 0.772
Residuals 37 1.965%2 0.05311
= summary(aov(dfl.13Precip.DT[81:120]~df1.13ENSO[81:120]))
Df sum Sg Mean 5q [F value Pri=F)
dfl.1%ENSO[81:120] 2 914200 457100 30.75 1. 36e-08 #www
Residuals 37 550055 14866
GPCP / signif. codes: 0 **##' 0,001 ‘#*' 0.0l **' 0.05 *.' 0.1 * ' 1
HadISST = summary(aov(dfl. 2555T.D0T[1:40]~df1. 2Z3ENS0[1:40]3)
Df Sum Sg Mean Sq|F value Pri>F)
dfl. 2%ENS0O[1:40] 2 0.2006 0.10030 3.219 0.05314
Residuals 37 1.1530 0.03116
signif. codes: O "#%%' 0.001 f#*=° Q.01 **' 0.05 ‘. 0.1 ° "1

Tablel2. Results of Wilcoxon Rank Sum Test AnnualPrecipitation and Temperature

Anomaliesfor EN and LN years

WilcoxonTestResults

Dataset
> wilcox.test(Precip.DT[1:40] ~ ENSO[1:40], data = df1.1, conf.int = TRU
E)
data: Precip.DT[1:40] by ENSO[1:40]
: W= 18, p-value = 4.362e -07
CRlPrec|p alternative hypothesis: true location shift is not equal to O
95 percent confidence interval:
-264.2979 -132.7509
sample estimates:
difference in location
-204.0518
> wilcox.test(Temp.DT[1:40] ~ ENSO[1:40], data = df1.2, conf.int = TRUE)
CRU Temp.
data: Temp.DT[1:40] by ENSO[1:40]
W= 195, p-value = 0.2758
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alternative hypothesis: true location shit is not equal to O
95 percent confidence interval:
- 0.08565767 0.22234233
sample estimates:
difference in location
0.07507208

> wilcox.test(Precip.DT[41:80] ~ ENSO[41:80], data = df1.1, conf.int=T
RUE)

data: Precip.DT[41:80] by ENSO[41:80]
ERA5 W= 5 p-value = 5.2e -09

: alternative hypothesis: true location shift is not equal to O
PreCIp, 95 percent confidence interval:
-420. 6027 -253.6029
sample estimates:
difference in location
- 344.2017

> wilcox.test(Temp.DT[41:80] ~ ENSO[41:80], data = df1.2, conf.int = TRU
E)

data: Temp.DT[41:80] by ENSO[41:80]

W= 165, p-value = 0.8875

ERA5 Temp alternative hypothesis: true location shift is not equal to O
95 percent confidence interval:

-0.1761172 0.1683153

sample estimates:

difference in location
0.007378376
> wilcox.test(Precip.DT[81:120] ~ ENSO[81:120], data = df1.1, conf.int =
TRUE)
data: Precip.DT[81:120] by ENSO[81:120]
W= 6, p-value = 8.21e -09
GPCP alternative hypothesis:  true location  shift is not equal to 0O
Preci 95 percent confidence interval:
p. -395.2323 -234.9853
sample estimates:
difference in location
- 324.7317
> wilcox.test(SST.DT[1:40] ~ ENSOJ[1:40], data = df1.2, conf.int = TRUE)

data:  SST.DT[1:40] by ENSO[1:40]
W= 105, p-value = 0.08271
alternative hypothesis: true location shift is not equal to O
HadISST | 95 percent confidence interval:
-0.24021371 0.01385485
sample estimates:
difference in location
-0.1182621

Discussion

On the percentile and ranking of Y2048 well as the ECDF plots that displayed the percentage of
positive anomaliest is evident that Haiyan occurred imarmerthan-average and much wetter

than-average year in SE Asia, according to all inspected datasets.

For theprecipitationanomaly maps, th&PCP has higher percentage of positive vathias CRU
but there appears to havenore blue-dominated anomalynap for CRUThis can belue to CRU

having more grid points with finer grid resolution (0.5% 0.%) than GPCP (2% 2.%). For
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temperature anomalies, the high percentage of positive values confirm réaedominated
anomaly maps for SE Asia for all thasgasets.Checkingnformation from other institutiongo
compare the generatednomalymaps, the Annual 2013 Global Climate Refidry the National
Centers for Environmental Information (NCEI) NOAA states that 2013 was the fourth warmest year
globally since 1880 records, supporting the-gaiminated global anomaly maps. For precipitation,
the report specifies that global laAshsed stdons measured neaaverage on balance for this
year but varied greatly from region to region. This explains thespetvenly distributed bluand

red colors at different points in the continentfy the National Centers for Environmental
Information (NCE NOAA states that 2013 was the fourth warmest year globally since 1880
records, supporting the redominated global anomaly maps. For precipitation, the report
specifies that global landased stations measured neaverage on balance for this year bairied
greatly from region to region. This explains the 1sotevenly distributed blue and red colors at

different points in the continents.

The differences across the maps that depict the points beyond & I6cal rangalso manifest

that there are general inconsistencies across datasets regarding not only the amplitude of large
precipitation and temperature anomalies around the Haiyan tyq but also their geographical
position. The inconsistencies are most apparent for precipitagan notoriously more difficult
variable to monitor and simulate than temperature. Overall, as far as the SE Asian region and
annuatmean values are consideredhe empirical distributions demonstrate that for both
precipitation and temperature, different datasets provide a clearly different description of the
Y2013 anomalies, pointing to a lack of consistency about the background climatic conditions upon
which Haiyan occurred. It must be noted, however, that the points analyzed are individual grid
points in the map, but their spatial relevance differs since they are at varying latitudes. Hence the

empirical distributions are not comparabtdrom one to the othe.

On the effect of ENS@EAsian countrietave historicallyexperiencel significant climateelated
issues with El Nifioscausingdeficient rainfall or droughtthat impacts the crop production,
particularly inindonesiaand Philippines(Shean, 2014)This supports the result of the analysis
where mostred bars (EN years) fall on negative precipitation anomalieggriéen bars (LN years)
falling on positive precipitation anomalies previously cited paper by Deo et al. (2021) studying

SouthwestPacific nationonfirmsthis observation, where neitGinduced LN years enhance

41 Sourced fromhttps://www.ncei.noaa.gov/access/monitoring/monthiseport/global/201313
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rainfall. However, it has a lower probability than combinedah@LNto induce extreme rainfall.

In SE Asia, a study by Wang, Luo & Liu (2020) usedyarB8mning mean fronl901¢2017 to
calculate the correlation coefficient (CC) between rainfall variations and ENSO, indicating that
tropical subregions of Asia (including SE Asia) show a robust and stable relationship with ENSO,
with persistent CCs that are significantly abdke 99% (95%) confidence level. In their study,
strong correlations denote drier anomalies during EN and wetter anomalies dtiduiever, they

also noted that theesponsdo EN and LI asymmetric and diffetsetweenmajor orminor ENSO

events On the catrary, the same paper by Deo et al. (2021) also states that an EN year can
influence intense/extreme rainfall when combined with a TC activity. This could explain why a few
green bars in the plot fall along negative anomalies, and a few red bars fa§ plositive
precipitation anomalies at different years. While on Neutral yearsgdribined contributions to

rainfall vary (increasing or decreasing) from one area to another. Consistent with this, the plot
shows that some N years (blue bars) fall eithenglpositive or negative precipitation anomalies.
[221AY3 FAdNILHKSNI Fd 20KSNJ f AGSNY GdzNBxX GKS LN
Kirkpatrick (2022) mentioned that fewer TC landfalls occur in SE Asia in EN years, with locations
shifting northwestward over mainland Asia, while landfalls are higher and more distributed in LN
and highest in N years. However, it is beyond this thesis's scope to investigate whether the N years

other than 2013 have experienced strong TC activities¢batributed tothe rainfall variations.

On the temperature, thelot did not necessarily show that EN years hpesitivewhile LN years

have negativeanomaliesbut a related paper by Thirumalai, DiNezio, Okumura & Deser (2017)
observed that there is a robust relationship between ENSOSihdsiasurface air temperatures
(SATs) with all April extremes occurring during EN years. Upon quantifying the relative
contributions of longterm warming and 2012016 EN year to the extreme SAT in April 2016, the
study found that global warming increases the likelihood of redmehking April extremes,

estimating that 29% of the 2016 anomaly was caused by warming and 49% bg.EI Ni

Taking into consideration the result of the statistical treatments, the ANOVA and Wilcoxon tests
deduced that ENSO has significantly affected the precipitation patterns, but there is no significant

effect on the temperatureanomalies vis-vis the EN/LNN yearvariations.
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3.2 Seasonal Analysis

Results

The yearly SON values for precipitation and temperature (Global and SE Asia) are plotted
in Figure 16. Looking at the maximum and minimum valu€&RU and ERA5 share a common
minimum year (1991yvith respect to global precipitation values. For SE Asia, ERA5 and GPCP
both share a common maximum year (2010) and minimum year (1997). For tempei@Ritce,

and ERB share a common maximum year (2020), while ddRU andERAShare a common
minimum year (192) globally. In SE Asia, only CRU and HadISST have a common maximum year
(1998). It is again apparenthat the various datasets provide different information ¢ime

recorded maxima/minima years, an indication of the differences among them.

Likethe annual analysis, the yearly S@bsolute, baseline, and anomaly values for the year 2013

are extracted and summarized Trable13.

Table13. SON2013 Absolute Mean, Baseline and Anomaly Values for Precipitation &

Temperature

Var CRU ERA5 | GPCRHadiSST |

" | Absolute| Baseline| Anomaly| Absolute | Baseline | Anomaly | Absolute| Baseline| Anomaly
=%

§ 573.771 | 536.64 37.127 614.463 | 588.446 26.017 589.989 | 555.9& 34.007
o

o

g 24.347 24.341 0.006 25.751 25.693 0.138 28.595 28.481 0.124
|_

As reflected in the above table, CRU has the highest precipitation anomaly for Y2013 among the

NOTEPrecipitation unitsmm; Temperature units’C

For the third datasetS5PCRs used for precipitation whileladISSTs used for temperature analyse

Highestvaluesamong the datasetare emphasizedn boldface colored fonts

CRU,ERA5, and GPCP datasets, while ERA5 has the hayimsialy amongthe datasets

measuring temperatureHlowever, as previously mentioned in the annual analysi4adISST

measures a different variable than CRU and ERAS, Bendgé K A &

Ol y Qi thétso. O2 Y LJI

Onhow extreme the Y2013 is compared to the Agphoon yearsTables 14 and 15 summarize

the percentileand rankingof SON for Y201 3or all the years considered, amoaljthe datasets
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Max. Global MeariCRU)215.676(mm/quarter) in 201Q Max. SEA MeaftCRU)638.781(mm/quarter)in 2016 Max. Global MeariCRU)15 (°C) in 2020; Max. SEA Meafi"RU)24.9(°C) in 1998
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Figurel6. YearlySONPrecipitation and Temperaturébsolute Values (Global & SE Asia)
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Tablel4. Percentile ofSON2013 Precipitation Anomalies [SE Asia]

Dataset Precipitation
> Fnl.A(df1.1$Precip.Anomaly[1:40][df1.1$Year[1:40]==2013])
[1] 0.675
> summary(Fnl.A)
CRU Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.
-111.853 - 46.492 17.002 3.117 51.800 102.137
Rank: 14
> Fn2.A< - ecdf(df1.1$Precip.Anomaly[41:80])
> Fn2.A(df1.1$Precip.Anomaly[41:80][df1.1$Year[41:80]==2013])
[1] 0.575
ERAS > summary(Fn2.A)
Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.
-192.8290  -49.6178 6.5840 0.3222 66.5757  153.4200
Rank: 18
> Fn3.A< - ecdf(df1.1$Precip.Anomaly[81:120])
> Fn3.A(df1.1$Precip.Anomaly[81:120][df1.1$Year[81:120]==2013])
[1] 0.575
GPCP > summary(Fn3.A)
Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.
-219.399 -60.210 14.221 -1.987 73.050 127.323
Rank: 18
Tablel5. Percentile ofSON2013 Temperature Anomalies [SE Asia]
Dataset Temperature
> Fnl.B< - ecdf(df1.1$Temp.Anomaly[1:40])
> Fnl.B(dfl.1$Temp.Anomaly[1:40][df1.1$Year[1:40]==2013])
[1] 04
CRU > summary(Fnl1.B)
Empirical CDF: 39 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.

-0.4240 -0.1010 0.0660 0.0760 0.2455  0.5590

Rank: 24

> Fn2.B< - ecdf(df1.1$Temp.Anomaly[41:80])
> Fn2.B(df1.1$Temp.Anomaly[41:80][df1.1$Year[41:80]==2013])

[1] 0.575
ERA > summary(Fn2.B)
> Empirical CDF: 39 unique values with summary
Min. Ist Qu. Median Mean 3rd Qu. Max.

-0.34900 -0.09750 0.09400 0.09985 0.29300 0.61200
Rank: 18

> Fn3.B< - ecdf(df1.1$SST.Anomaly[1:40])
> Fn3.B(df1.1$SST.Anomaly[1:40][df1.1$Year[1:40]==2013])
[1] o0.65

HadISST | > summary(Fn3.B)

Empirical CDF: 39 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.
-0.49700 -0.11700 0.07300 0.05228 0.17500 0.58700

Rank: 15
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As shownCRU is théighestamongthe three precipitation datasets with the SON2013 on the

67.5" percentile and ranking 1% out of 40 years while HadISST is the highest for the
temperature datasets, wittBON2013 on the65™" percentileand ranking 19 among all years
Compared to Y2013he SON 2013 anomalies are not lagh, with just above theaverage
predpitation and temperature anomalies, in as far as all SON seasons from 1980 to 2020 are

considered.

For spatial comparison, thmaps of the30-yr climatology absoluteand anomaly value®r SON

2013are depicted inANNEX 4or both precipitation and émperature.Globally and in SE Asia,

the temperature anomaly maps showatdme blue spots although there ssill prevalentred,
demonstrating positive (hotter) anomalies. For precipitatianpmaly maps again show blue and

red colorsdigtributed at variouslocations. Statistically, the Empirical Cumulative Distribution
Function (ECDF) plots for precipitation anomaliEgure 17] and the count of positive or
negative values iffable16 show that about70% of theanomalyvalues areequal to or above 0
(positive) for CRUwhile ERAS and GPCP have alti®36. These values show that SON 2013 is

just slightly wettesthant GSNIF IS A GK NBaLISOG G2 GKS ol ast

occurrence.
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Figurel7. Empirical Cumulative Distribution Plots &ON2013Precipitation Anomalie§SE
Asig

With respect to the distribution of anomaly values, the skewn€&Rl 6.082 ERAS 6.41Q
GPCP 8.503 indicates that all datasets are positively skewed or more concentrated to the left

of the graph as shown in density plot Figure 18-- with CRUhaving moresymmery as the
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skewness isloser to zero. The kurtosf€RU =7.797, ERA5 3.814, GPCP 3.446] also reveals
that GPCave a more normal distributiowith kurtosis closer t@ than CRU and ERASmMong

the three,CRUhassharp peaks on the graph.

CRU ERA5 GPCP

0.0035
|

0.004
|
0.0030
0.0030
I

0.003
I
0.0020 0.0025
00025
L

0.0020
L

ensity
0002
L
y
00015
ensity
00015
L

00010
0.00M0
L

0.0m
I

0.000
L

0.0000 0.0005
0.0000 0.0005
L I

r T T T T 1 r T r T 1
600 -400 -200 0 200 400 600 -400 -200 0 200 200 500 -200 0 200 400

Precipttation [mm] Precipitation [mm] Preciptation [mm]

Figurel8. Probability Distribution Plots oSON2013PrecipitationAnomalies for SE Asia

The ECDF ploia Figure 19re more apparent for temperature anomalies, showing a higher
percentage of positive anomalider both ERA5 andHadlSSTabout 80%), compared to CRU
(about 50%)This is confirmed by the summary of count3 able B. As with precipitation, these
values also show that SON 2013 is hettean-average, with respect to the baseliokmatology

across all datasets.

With respect to the distribution of anomaly values, the skewn&R( =0.664 ERA5 6.07Q
HadlSS¥F -0.20Q indicates that CRU and HadISST are negatively skewed or more concentrated
to the right of the graph, while ERA5 is positively skewed or more coratedtto the left as

shown in the density plot iRigure 23 ERAS is more symmetric among the three having skewness
closer to zero. The kurtosi€ERU =3.240, ERA5 4.178 HadlSS¥ 3.887 also reveals that CRU

value have a more normal distribution being closer to 3 than ERA5 and HadISST, with ERA5 and

HadISST having more sharp peaks on the graph.
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Table16. Count of Negative vs. Zef®ositiveSON 201¥recipitation and Temperature
Anomalies

PRECIPITATION

TEMPERATURE

> pos_cru< -prcp_SON_cru_2013%anomaly
>=0
> table(pos_cru)

> pos_cru< -tmp_SON_cru_2013%anomaly>=

0
> table(pos_cru)

pos_cru pos_cru
CRU FALSE TRUE FALSE TRUE
906 1777 1255 1428

> table(pos_cru)[2]/(table(pos_cru)[
2]+table(pos_cru)[1])
TRUE

> table(pos_cru)[2]/(table(pos_cru)[2
]+table(pos_cru)[1])
TRUE
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0.6623183

> pos_erab< - prcp_SON_era5 2013%anoma
ly>=0
> table(pos_erab)

> pos_erab< -tmp_SON_era5_2013%anomaly
>=0
> table(pos_erab)

pos_era5 pos_erab
ERA5 | FALSE TRUE FALSE TRUE
3328 4414 1612 6130
> table(pos_era5)[2]/(table(pos_era5 > table(pos_era5)[2]/(table(pos_erab)
)[2]+table(pos_era5)[1]) [2]+table(pos_erab)[1])
TRUE TRUE
0.5701369
> pos_gpcp< - prcp_SON_gpcp_2013%anoma > pos_HadISST< - tmp_SON_HadISST_2013%a
ly>=0 nomaly>=0
> table(pos_gpcp) > table(pos_HadISST)
pos_gpcp pos_HadISST
GPCR | FALSE TRUE FALSE TRUE
135 150 328 1211
HadISST|

> table(pos_gpcp)[2]/(table(pos_gpcp
)[2]+table(pos_gpcp)[1])
TRUE

0.5263158

> table(pos_HadISST)[2]/(table(pos_Ha
dISST)[2]+table(pos_HadISST)[1])
TRUE

The 595 percentiles of the anomaly valués all the grid points were also calculated to show

the anomalies for SON 201Bat are beyond the thresholdShown inFigures21 & 22 are the

points with anomalyvaluesexceedng the local 5(red or dry) andd5 (blue or wet)range for

precipitation, and the reverse with points below 5 marked with blue (or cold) and above 95

marked with red (or hot) fotemperature anomaliesAs with the annual analysis, there arear

differences acrosthe maps againdemonstratngthe general inconsisten@mong thedatasets

regardingthe amplitude and locations of the anomalies throughout the entire SE Asian region.

Inconsistencies are both apparent for precipitation and temperature.

Further comparing the anomaly values among the datasetsstimemary of the test resultsin

Table 17 shows that CRWs. ERA5and CRU vsGPCPRare significatly different in terms of

precipitation CRU vs. ERAS Rerelatively low pvalue while CRU vs. GPCPsha pvalue justa

little lower than 0.05. ERA5 and GPCP on the other hand did not show significant difference

between them.Basingon the highestt-value, the strongest evidence dffference is between

CRU &ERAG5for precipitation With respect totemperature anomaliesCRU & ERAS are

significantly different with aelatively low pvalue. HadISST is excluded from theest.
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Figure21. Maps Showing Anomaly Points Beyoneb5 Percentile for SON 20 ecipitation [SE
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Tablel7. Results of Welch Tw&®ample ttest for SON 201Precipitation and Temperature

Anomalies
PRECIPITATION TEMPERATURE
data: prcp_SON_cru_2013%anomaly and prc | data: tmp_SON_cru_2013%anomaly an
p_SON_era5 2013%anomaly d tmp SON era5 2013$%anomaly
t =4.2247,  df = 5799.4, p-value = 2.429 , df = 3852.3, p-value
e-05 < 2.2e -16
CRU vs| alternative hypothesis: true difference alternative hypothesis: true diffe
in means is not equal to O rence in means is not equal to O
ERADS | 95 percent confidence interval: 95 percent confidence interval:
5.854015 15.990371 -0.1445941 - 0.1248210
sample estimates: sample estimates:
mean of X mean of y mean of x mean of y
36.71606 25.79387 0.0004153987 0.1351229766

data: prcp_SON_cru_2013%anomaly and prc
p_SON_gpcp_2013%anomaly

t =19872, df = 330.79, p-value = 0.047
73

CRU vs| alternative hypothesis: true difference

in means is not equal to O N/A

GPCP | 95 percent confidence interval:
0.1532826 30.2989706

sample estimates:

mean of x mean of

36.71606 21.48994

data: prcp_SON_era5_2013%anomaly and pr
cp_SON_gpcp_2013%anomaly
t = 057139, df = 309.11, p-value = 0.56

ERAS | 81
alternative hypothesis: true difference
VS. in means is not equal to O N/A

95 percent confidence interval:
GPCP | -10.51721  19.12508

sample estimates:

mean of X mean of

25.79387 21.48994

The yearly SON precipitation, temperature and SST anomaliethameplotted to inspect the
maximum and minimum years for each variabkes shown inFigure 23, ERA5 and GPCP share
commonmaximum (2010) and minimum (199@ars forprecipitation anomalies. On temperature,
no common maximum or minimum yearabservedor all datasetsNotable from this plot however

is the year 1997 whictegistered tle maximum for both Nino 3.4 and CRU temperature anomalies.
Contrastingly, 1997 is éhminimum year for precipitation anomaly in ERA5 and GPigi®year was

also the minimum year recorded for GPCP and ERAS5 in terms of annual mean.

Figure 24 to 26 presents the plots of the linear regression between Precipitation, Temperature,
HadISST and Nino 3.4 SST anomdiesthe yearly SON seasoamong all datasetsi-or CRU,

regressims for precipitation vs. HadlSSTprecipitationvs. Nino 3.4 SSTemperatue vs.HadISST
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and temperature vs. Nino 3.4 SSTraflulted to a significantalue, withboth precipitationand
temperaturebeingpositively correlatedvith HadISSTand pecipitationand temperatureandbeing
negatively correlated tiNino 3.4.For ERB, the regression of precipitation against temperature,
HadISST, and Nino 3.4 all resulted to significavdlpes, with precipitation positively correlated
with temperature and HadISST and negatively correlated with NindERAS temperature likewise
resulted to a significant palue when regressed with HadIS&md both variablesare positively
correlated.GPCPnN the other hand, showed positive correlation with HadISST aNtho3.4 SST
all with significant pvalues. Lastly, HadIS&IBo resulted in a significant-palue with negative
correlation to Nino 3.4.Theserelationshipsare likewise reflected in the scatterplots kigure27
where the red, green or blue circles incline toward the left if negatively correlated and toward the
right if positively correlated. The rest of the correlations without a corresponding signifieaaiue
(i.e., CRU precipitatioms. temperature CRU temperature vs. Nino 3add ERA5 temperatures.
Nino 3.4)otherwise show that the circles are more distribd across different parts of the plot,
than displaying an inclining left or right patterhlthough the values ammore or lesevenlyspread
and clustered as shown in the density plot and boxpldtigures 27 and 28, there are outliers for
CRU ancERAS temperature as well as HadlSST which may have partly affecteelgtkesion

analysisNevertheless, almost all the regresssostillproduced significant walues.

Focusing orthe seasonal changas SE Asi&or the whole Y2013, thabsoluteprecipitation and
temperature values are plotted iRigure29. All three datasets have the same maximum season
(JJA), while ERA5 and GPCP share a common minimum season (MAM) for precipitation. For

temperature, all datasets have the same maximum (JJAjramdhum (DJF) seasans

The seasonal anomaliésr Y2013are then computed using thieaseline referencand are plotted

in Figure30. To check if the highest or lowest anomalason for precipitatiomnd temperature

also corresponds to the highest towest SST anomaly for ENSO, the Nino3.4 seasonal SSTs are
likewise presented in the same plot. As seen, ERA5 and GPCP share common maximum (JJA) anc
minimum (SON) seasons for precipitation anomalies. For temperature, CRU and ERA5 have a
common maximum s&son (DJF), while all CRU, ERAS5 and HadISST have the same minimum season
(SON). The Nino3.4 SST anomaly on the other hand has the same maximum season (SON) as the
CRU precipitation anomaly, among othefstom these observationsthe precipitation and
temperature for the SON season of th2013 is comparatively low than the rest of the seasons

despite Haiyan occurring in November of this yéais also noteworthy that September belongs to
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the Southwest monsoon season when it is expected that large voldmerogoes to the mainland,
however, only CRtkgistered SON as the maximum precipitation season among the datasets. It is
also notable thathe Nino 3.4 SST anomaly is leghforthis seasa. When ENS@ supposed to
peak on DJF, for the Y2013, it shawherwise Thiscan be a manifestation th& NSO may have a
background effect on thechanges of the precipitation andemperature variables The
interpretation of thisobservation,however, is not delved further and is beyond the scope of this

thesis paper.

Discussion

Relatingthe resultsto literature information, papers by Diffenbaugh & Scherer (2011), Hawkins &
Sutton (2012), Lehner, Deser, & Sanderson (2018), and Herring(80ab) found that there are
significanttemporal shifts in warmer temperatures in the summer season, particularly at lower
latitudes, with one study [e.g., Mahlstein, Hegerl, & Solomon, 2012] indicating that Mainland SE Asia
has likely experienced distitly higher peak seasonal surface air temperat{8AT since the year

2000 due to global warming. These observations coincide witpltits for seasonal absolute values

in Y2013wvhere the maximum temperatures are in tdA (summegeason Correspondinly, the

JJA season also registered the highest precipitatdthough for SE Asia the JJA months belong to
the northeast monsoon season, where bulk of the rain is in the mainland. The effect of monsoons

on precipitation in SE Asia will be discussed furtheéhe section for monthly analysis.

It is alsointeresting to link the result of this analysis to the study by Wang, Luo & Liu (2320)
previously cited in the preceding Sectiavijere the relationship of DJENSO anomalgnd
precipitation reversegrom SOGND (meaning a shift to a positive relationship from the persistent
negative correlation for ten months) over a large regairAsia except for SE Asla.the plot of
seasonal anomalies for Y2013, DJF is the minimum season for Nino3.4 whileti&OMismum

season for precipitation (although with ERA5 and GPCP odFthg.indicates that there is a positive
relationship with ENSO DJF and precipitation SON, contrary to what the paper found where SE Asia
Is exempted from this shift. Only with the GRlataset that the opposite is notepwherein SON is

the maximum seasqgrthereby showing that ENSO DJF and SON precipitation for this dataset are

negatively related.
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Checking maps produced by other institutions, a global map by NCEFR&baisthat the 2013

SON in Alaska is the third wettest SON since 1918 records, while Australia experienced the warmest
period on record for SON 20]38lease refer tlANNEX 20 view the full map]Thisis likewise shown

in the blue-dominated (wetter or positive anomly) for Alaska and the redominated (hotter or

positive anomaly) for Australia in the precipitation and temperature anomaly rgepsrated for

this study Russia also observed the warmest November recoi2013 thereby showing a dark

red colorfor thisarea.

On thedifference of colors displayed between thERA5 and GPCP precipitation anomaly maps
despite having relatively similar percentage of positive anomaly vatbssmay be due to ERA5

having a finer resolution (moreig points) than GPCP.

42 Sourced fromhttps://www.ncei.noaa.gov/access/monitoring/monthiseport/service/global/extremes/201311.gif
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3.3 Monthly Analysis

Results

TheyearlyNovemberabsolutemeanprecipitation and temperature valuese plottedin Figure

31. In terms of maximum and minimungGRU and ERAfve a commormglobalminimum year
(1991)for precipitation, while CRU arBRASave a common global maximum year (2020) for
temperature.ln SE AsiERARNd GPCP botave common maximurf1988 and minimum yea
(2006) years for precipitatiorizor temperature, CRU artERAShare a common maximum year
(2016) and all three datasets have the same minimum year (1988pgin, the information
providedaccording to themaxima/minima values present differences among thatasets)ike

the annual and seasonal analysis.

Theabsolute meanbaseline, and anomaly value§the SE Asian regidar November2013are

extractedfor all the datasetsas summarizetelow.

Tablel18. November 2013Absolute Annual Mean, Baseline and Anomaly Values for
Precipitation & Temperature [SE Asia]

Var CRU ERA5 | GPCRHadiSST |
" | Absolute| Baseline| Anomaly| Absolute | Baseline | Anomaly | Absolute| Baseline| Anomaly
=%

§ 172.753 | 156.18 16.565 197.198 | 188.919 8.279 173.089 | 169.5% 3.5043
o

o

g 23.230 | 23.0® 0.191 25.256 25.116 0.140 28.421 | 28.330 0.091
|_

NOTEPrecipitation unitsmm; Temperature units’C

For the third datasés, GPCRs used for precipitation whileladISSTs used folSSTanalyses

Highestvaluesamong the datasetare emphasizedn boldface colored fonts

As reflected above CRUhas the highest anomaly for both precipitation anémperature

different from what the annual and seasonal analydiservedwhen ERA5 wasonsistently

highest in as far as annual and seasonal means are concénetthie significance of November

2013 values compared to Novembers of other years, the percentileswmenarized in the

following Tables 19and 20.
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Max. Global MeaiiHadISST)16.921(°C) in 2019; Max. SEA MeafiiadISSTR8.874(°C) in 2016
Min. Global Mear{HadISST}0.324(°C) in 1988;Min. SEA MeafHadISSTR7.936(°C) in 1992

Figure31l. Yearly NovembePrecipitation and

Temperaturédbsolute Values (Global & SE Asia)
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Tablel9. Percentile ofNovember2013 Precipitation Anomalies [SE Asia]

Dataset Precipitation
> Fnl.A< - ecdf(df1.1$Precip.Anomaly[1:40])
> Fnl.A(df1.1$Precip.Anomaly[1:40][df1.1$Year[1:40]==2013])
[1] 0.75
> summary(Fnl.A)

CRU Empirical =~ CDF: 40 unique values with summary

Min. 1st Qu. Median Mean 3rd Qu. Max.

-41.178 -13.799 7.521 2.747 16.953  38.320
Rank: 11
> Fn2.A< - ecdf(df1.1$Precip.Anomaly[41:80])
> Fn2.A(df1.1$Precip.Anomaly[41:80][df1.1$Year[41:80]==2013])
[1] 0.55
> summary(Fn2.A)

ERAS Empirical CDF: 40 unique values with summary

Min. 1st Qu. Median Mean 3rd Qu. Max.

-67.79800 - 26.89850 5.90600 0.08252  21.75050  62.32300
Rank: 19
> Fn3.A< - ecdf(df1.1$Precip.Anomaly[81:120])
> Fn3.A(df1.1$Precip.Anomaly[81:120][df1.1$Year[81:120]==2013])
[1] 0.475
> summary(Fn3.A)

GPCP Empirical CDF: 40 unique values with summary

Min. 1st Qu. Median Mean 3rd Qu. Max.

-68.576 -20.134 6.279 -1.015 18.054 56.679
Rank: 22

Table20. Percentile ofNovember2013 Temperature Anomalies [SE Asia]

Dataset Temperature
> Fnl.B< - ecdf(df1.1$Temp.Anomaly[1:40])
> Fnl.B(df1.1$Temp.Anomaly[1:40][df1.1$Year[1:40]==2013])
[1] 0.5
> summary(Fnl.B)
CRU Empirical CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.
-0.6910 -0.1645 0.1955 0.1342 0.4365 0.8480
Rank: 21
> Fn2.B< - ecdf(df1.1$Temp.Anomaly[41:80])
> Fn2.B(df1.1$Temp.Anomaly[41:80][df1.1$Year[41:80]==2013])
[1] 0.475
> summary(Fn2.B)
ERAS Empirical =~ CDF: 40 unique values with summary
Min. 1st Qu. Median Mean 3rd Qu. Max.

-0.5930 -0.1237 0.1535 0.1261 0.3688 0.7350
Rank: 22
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> Fn3.B< - ecdf(df1.1$SST.Anomaly[1:40])
> Fn3.B(df1.1$SST.Anomaly[1:40][df1.1$Year[1:40]==2013])
[1] 0.525

> summary(Fn3.B)
HadISST Empirical CDF: 39 unique values with summary

Min. 1st Qu. Median Mean 3rd Qu. Max.
-0.39300 -0.07950 0.08400 0.05659  0.18900  0.54400
Rank: 19

As shown, CRU is the highest for precipitatiogingon the 75" percentilg ranking on the 1%
among the 40 yearsyhile HadISST is the highest for temperatin@ingon the 52.%' percentile
ranking on the 19. From the above tableit can also be construed that November 2013 is not
comparativelywetter and warmer than the rest of the years, despite the occurrence of Haiyan

on this same month.

To visualize, thenaps of the30-yr climatology absoluteand anomaly value®r November2013

are presented in ANNEX 3or precipitation and temperature. Gobally and in SE Asia, the
temperature anomaly maps showedore dominant red (and darked) spots, demonstrating
positive (hotter) anomalies. For precipitation, taromaly maps show bly@nd dark blue) spots,
indicating a positive (wettemnonth, but some red (drier) areas are also depict&datistically,

the Empirical Cumulative Distribution Function (ECDF) plots for precipitation anoffadjese

32] and the count of positive or negative valuesTiable 21 show thatCRU has the highest
percentage ofvalues equal to or above (@t 56%). ERAS followed, still with more than 50% of
positive values. GPCP on other hand has roughly 50% of positive values, meaning, there are drier
than wetter points. This demonstrates thahdeed, November 2013 jsst slightlywetter-than-

average monthas regards the baseline climatology.
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Figure32. Empirical Cumulative Distribution Plots dfovember2013 Precipitation Anomalies
for SE Asia
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With respect to thedistribution of anomaly values, the skewne€RU .166 ERAS 6.475
GPCR= 0.089 indicates that all datasets angositively skewed or concentrated to the lefs
shown in the figure belownAmong the dataset<GPCHRs more symmetric with skewness obos
to zero. The kurtosifCRU =6.261, ERA5 4.061, GPCR- 3.566] also reveals thaGPCRalue is
closer to 3 hence more normally distributed than CRU and ERA5SCWRithhaving sharp peaks
on the graph.
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Figure33. Probability Distribution Plots of November 2013 Precipitation Anomalies for SE Asia

For temperature anomalieshe ECDF plots Figure34 and thesummary of countin Table21
show thatCRU likewise has the highgstrcentage 70%) among the thredatasets, while ERA5
and HadlSSTave almos70% of the values above This indicates that November 2013 is a little
hotter than average, compared to the baseline climatoldgyas far as the three datasets are

concerned.

With respect to the distributiorof anomaly values, the skewnes3RU =0.597, ERA5 .22,
HadISSE 0.15§ indicates that CRU is negatively skewed or more concentrated on the right,
while ERA5 and HadISST are positively skewed or concentrated to the left. Among the datasets,
HadISST is more symmetric with skewness closer to zero. The ki€®Rkis5.048, ERA55.519
HadISS¥ 4.368)] also reveals that HadISST value is closer to 3 hence more normally distributed

than CRU and ERAS5, with ERA5 having sharp peaks on the graph, as sfigume i&5.
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Figure34. Empirical Cumulative Distribution Plots &fovember2013 Temperature Anomalies
for SE Asia
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Figure35. Probability Distribution Plots of November 2013 Temperature Anomalies for SE Asia

Table21. Count of Negative vs. Zero/Positive Annual Precipitation and Temperature
Anomalies forNovember2013

PRECIPITATION TEMPERATURE
> pos_cru< - prcp_nov2013_cru$anomaly> > pos_cru< -tmp_nov2013_cru$anomaly>=0
=0 > table(pos_cru)
> table(pos_cru) pos_cru
pos_cru FALSE TRUE
CRU | FALSE TRUE 803 1880

1175 1508
> table(pos_cru)[2]/(table(pos_cru)[2
> table(pos_cru)[2]/(table(pos_cru)[ ]+table(pos_cru)[1])
2]+table(pos_cru)[1]) TRUE
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TRUE
0.5620574

> pos_erab< - prcp_nov2013_era5%anomal

> pos_erab< -tmp_nov2013_era5%anomaly>

y>=0 =0

> table(pos_erab) > table(pos_erab)

pos_era5 pos_erab
ERAS5 | FALSE TRUE FALSE TRUE

3490 4252 2475 5267

> table(pos_erab)[2]/(table(pos_era5
)[2]+table(pos_era5)[1])

TRUE
0.5492121

> table(pos_era5)[2]/(table(pos_erab)
[2]+table(pos_erab)[1])
TRUE

> pos_gpcp< - prcp_nov2013_gpcp$anomal

> pos_HadISST< -tmp_nov2013_HadISST$an

y>=0 omaly>=0
> table(pos_gpcp) > table(pos_HadISST)
pos_gpcp pos_HadISST
GPCR | FALSE TRUE FALSE TRUE
144 141 535 1004
HadISST]

> table(pos_gpcp)[2]/(table(pos_gpcp
)[2]+table(pos_gpcp)[1])
TRUE

0.4947368

> table(pos_HadISST)[2]/(table(pos_Ha
dISST)[2]+table(pos_HadISST)[1])
TRUE

The 595 percentiles of the grid points were also calculated to show the significance of the
anomaly valuesThese significant points ardx@wn in Figures36 & 37. The same difference
between the datasetss observed as with the annual and seasonal analysis, showing lack of

consistency among the datasetsterms of amplitude and location of these points.

To further compare the differences in the values, the summary of tlesttfor each dataseias
summarzed inTable22] shows that CRUYs.ERA5, an€RU vsGPCP are significantly different

in terms of precipitation anomalies, having relatively lowghues for all the-test analysesERA5S

& GPCP otherwise did not show significant differeBaesed on théighestt-value, the strongest
evidence oflifference isstill between CRU & ERAS. For temperature, CRU and ERAS are likewise
significantly different. HadlSST was excludiexin the t-test, like the annual and seasonal
analysis. Thenon-significant differece of ERA5 and GPCP demonstrates that the mean of the
anomaly values for both datasets does not vargn indication that the values of the anomalies

for November 2013 as computed from these datasets are comparable. It must be regarded

however, that ERABas a larger number of grid points analyzed than GPCP.
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Figure36. Maps Showing Anomaly Points Beyoneb5 Percentile for November 2013
Precipitation [SE Asia]

89



CRU Anomaly Points above 95th percentile CRU Anomaly Points below 5th percentile

(inred) (in blue)
8 8
E -
L
10 t ' 10
(= o
™ (o]
ﬁ 0.5 05
- (=1 7.' 44 (=B
@ v 00 ®@ © 00
05 0.5
o o
10 10
2 = a—r
I I I I I I I I I I
100 110 120 130 140 100 110 120 130 140
lon lon
HadISST Anomaly Points above 95th percentile HadISST Anomaly Points below 5th percentile
(in red) (in blue)
10
05
T 0.0
05
10
§ §
T T T T T T T T T T
100 110 120 130 140 100 110 120 130 140
lon lon
ERAS Anomaly Points above 95th percentile ERAS Anomaly Points below 5th percentile
(in red) (in blue)
1.0
0.5
T 0.0
05
-1.0

T T T T T T T T T T
100 110 120 130 140 100 110 120 130 140

lon lon

Figure37. Maps Showing Anomaly Points Beyond%b Percentile for November 2013
Temperature [SE Asia]
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Table22. Results of Welch Tw&ample ttest for Y2013 Precipitation and Temperature

Anomalies

PRECIPITATION TEMPERATURE
data: prcp_nov2013 cru$anomaly and prcp | data: tmp_nov2013_cru$anomaly and
—nov2013 era5%anomaly tmp _nov2013_era5%anomaly
t = 58121, df = 4867.6, p-value = 6.562 , df = 4733.2, p-value =
e-09 2.131e -08
CRU vs. alternative hypothesis: true difference alternative hypothesis: true diffe
in means is not equal to O rence in means is not equal to O
ERAS5 | 95 percent confidence interval: 95 percent confidence interval:
5.487889 11.074443 0.03463220 0.07183357
sample estimates: sample estimates:
mean of X mean of y mean of X mean of y
15.995053 7.713887 0.1909865 0.1377536
data: prcp_nov2013_cru$anomaly and prcp
_nov2013_gpcp$anomaly
t = 3.4661, df = 356.43, p-value = 0.000
5925
CRU vs. alternative hypothesis: true difference
GPCP in means is not equal to 0 N/A
95 percent confidence interval:
5.531305 20.040467
sample estimates:
mean of x mean of
15.995053 3.209167
data: prcp_nov2013_erab$anomaly and prc
p_nov2013_gpcp$anomaly
t = 1.2642, df = 310.77, p-value = 0.207
1
ERAS vs. alternative hypothesis: true difference
in means is not equal to O N/A
GPCP | 95 percent confidence interval:
-2.506364 11.515805

sample estimates:
mean of X mean of y
7.713887 3.209167

The SE Asiaabsolute monthly precipitation and temperature values for Y2013 are plotted in
Figure 38. Asseen ERA5 and GPCP show a common maximum month (July), while all three
datasets have common minimum month (March) for precipitation. For temperature, all three

datasets share a common maximum month (June), while CRU and ERA5 have a common

minimum month (Deember).

The precipitation valuesre then plotted against themonsoonalvariations, as presented

in Figure 39, to investigate whethethe monsoonal changeaspact the monthly precipitation

For the plot, themonths are categorzed into Northeast (for Northeast monsoon month

Southwest (for Southwest monsopnand Mne (or not a monsoon month This is likewise

discussedn Chapter 2, Section 2.3s shown, high precipitation values are observed in the

months of May toSeptember or the Southwest monsoon months (blue bars), compared to the

Northeast (green) and nemonsoon (red) months.
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To statistically understand the influence of these monsoonal variations on the regional
precipitation, an Analysis of Variance (ANOVA) is performed for each dataset as defadbtein
23. The results showed that the precipitation anomalies for all datsae significantly

influenced by ENSO variations with very lowagbues (marked with a green rectangle). The large

F values likewiseonfirm this resultAmong the three precipitation datasets, CRU has the least

p-value, while ERA5 are higher than theot

A Wilcoxon rank sum test is also performed, accounting only the Northeast and Southwest
monsoon months as presented rable 24. Like the ANOVA, the result showed significant p

values.

Table23. Results of Aalysisof Variancefor Monthly AbsolutePreciptation for Y2013 against
Monsoonal Variations

Dataset ANOVA results

= summary (aov(prcp_df2iPrecip.DT[1:12]~prcp_df2iMonsoon[1:12]1))
of sum 5g Mean 5q [F value Pri=F)

prcp_df2iMonscon[1:12] 2 11314 5657 | 15.36 0.00125 **

CRU rResiduals 9 3314 368

Signif. codes: © "##=' 0,001 "%+’ 0.01 **' 0.05 “." 0.1 °* "1

= summary (aoviprcp_dif 2EPrecip.DT[13:24 |~prcp_dt2iMonsoon|13:24]))
Df sum 5g Mean sq F value Pr=F)

prcp_df2ivMonsoon[13:24] 2 12205 6102 7.634 0.0114 =

ERAS Residuals 9 7175 747

signif. codes: 0O "#%%' 0.001 **+=° 0.01 **" Q.03 *." 0.1 ° ° 1

= summary (aov(prcp_df28Precip.DT[25:36]~prcp_df2iMonsoon[25:36]))
of Sum g Mean 5q [F value Pri=F)

prcp_df2iMonsoon[25:36] 2 13227 6613 9.424 0.0062 **
GPCP Residuals 9 5316 702
Signif. codes: O “##%* Q0,001 *#+*" 0,01 **' 0.03 *." 0.1 ° " 1

Table24. Results of Wilcoxon Rank Sufest on Y2013 Monthly Absolute Precipitation for
Northeast and Southwest Monsoon

Dataset Wilcoxon TesResults
> wilcox.test(Precip.DT[1:12] ~ Monsoon[1:12], data = prcp_df2, conf.in
t = TRUE)
data: Precip.DT[1:12] by Monsoon[1:12]
. | W= 0, p-value = 0.007937
CRU Pl‘eClp alternative hypothesis: true location shift is not equal to O

95 percent confidence interval:
-104.81715 -20.23711
sample estimates:
difference in location
- 67.59499
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> wilcox.test(Precip.DT[13:24] ~ Monsoon[13:24], data = prcp_df2, conf.

int = TRUE)
data: Precip.DT[13:24] by Monsoon[13:24]
ERAS W= 0, p-value = 0.007937
: alternative hypothesis: true location shift is not equal to O
PreC|p. 95 percent confidence interva I
-118.17368 - 25.44986
sample estimates:
difference in location
- 59.46255
> wilcox.test(Precip.DT[25:36] ~ Monsoon[25:36], data = prcp_df2, conf.
int = TRUE)
data: Precip.DT[25:36] by Monsoon[25:36]
w= 0, p-value = 0.007937
GPCP alternative hypothesis: true location shift is not equal to O
Preci 95 percent confidence interval:
P- -124.67852 - 25.79639

sample estimates:
difference in location
- 66.91553

Theyearly November anomalies for precipitation and temperature are plotteligure40. To

again understand if ENSO SST has an effect on the variables, Nino3.4 SST anomalies for all
Novembers considered are likewise plotted. From this pdiRA5and GPCRhare the same
minimum year (2006) for precipitation, while CRU and ERA5 have common maximum (2015) and
minimum years for temperature. Nino 3.4 also have the same maximum year (2015) as with the
ERAS5 and GPCP precipitation maximbrom these values, regressianalysis are performed to
understand their intetvariable relationshipskigures 41 to 43 presents the plots of the linear
regressioramong the monthlyPrecipitation, Temperature, HadISST and Nino 3.4 SST anomalies,
for all datasetsAs en, almosthe pvalues are significarior the all the regressiongxcept for

CRU precipitation vs. temperature, ERA5 precipitation vs. temperature and ERA5 Teneperatu
vs. Nino3.4 The relationship of HadISST vs. Nino3.4 are likewise insignifitased on the
results with significant{values, the CRU precipitati@amd temperature argositively correlated

with HadISSBnd Nino 3.4 respectivelywhile CRU precipiten and Nino3.4are negatively
correlated. For ERAS, positive correlations were also noted bfath precipitation and
temperature vs. HadISST, and negative correlataynprecipitation and Nino 3.4. For GPCP,
precipitation is positively correlated withadlSST while negatively correlated with Nino3He
significant relationships evidently showed that among all the datasets, the correlations of
precipitation and temperature to HadlSST and Nino3.4 are all unfontere precipitation and
temperature inceases with HadISST and vice versa, while precipitation decreases as Nino 3.4

increases (and v.yThe scatterplotgFigure 41) also display these relationships where the circles
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are inclined toward the right for positive correlations and toward the left for negative
correlations.The rest of the correlations without a corresponding significamlue otherwise

show that the circles are more distributed across different partsheftlot, than displaying an
inclining left or right patternlt was also noted from the density plotkigure 4}, and boxplot in

Figure 4 that ERAS temperature and HadISST have outliers and ERA5 temperature appears to

have a peak in the curve, which cduiave affected the regression results.

The monthly anomalies for precipitation and temperature/SST in Y2013 are plotkegure45
against the monthly Nino3.4 SST anomali@emparing themonths, ERA5and GPCave a
common maximummonth (July and minimum month (March)for precipitation For
temperature, CRU and ERA5 both share common maximum (March) and minimum (December)
months. For Nino3.4, maximum and minimum months are November and January respectively,

which are not common to all the precipitation or temperature datasets analyzed.

Discussion

From the ANOVA and Wilcoxon tests, it is apparent that the monsoonal variations (Northeast and
Southwest) within the SE Asian region affected the precipitatiotepag for the Y2013. The plots

for Y2013 monthly absolute and anomaly valaes alsoconsistent with the seasonal analysis
wherein the monthly absolute and anomaly valuesve maximum temperature in June (summer
season)Correspondingly, themonths of July and Augualso registered the higheptecipitation
(absolute and anomaly values), which fall within the Northeast Monsoon season when the rain
Is concentrated in the mainland. March on the other hand is the minimuonti which falls
within the Southwest monsoon season where only small amounts of rain goes to the mainland
during this period. It should be noted however, that CRU slightly varied from the two
precipitation datasets having different maximum and minimuragipitation anomaly months.

For temperature, the minimum months recorded are December and February wherein in these
months, dry and cool air is observed in the mainland for SE Asian region. One remarkable
observation is that November 2013 has low preeipidn anomaly values, despite the occurrence

of Typhoon Haiyan during this month.

Checking maps produced by other institutions, the same global m&NMEX 2shows that
California experienced recoidw precipitation in November 2013, while Austria hias wettest

November since 2002, that explains the red (dry) and blue (wet) colors in these parts of the map.
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For temperature, Spain experienced the coolest November since 1985 recordsRwbdighas

the warmest Novembesince 1891hereby showindlueanddark-red colosfor theseareas. For

SE Asia, the percentage of negative and positive anomalies for precipitation is aro&@d 50
hence the blue and red spots are even. Albeit positive, the mean precipitation anomaly for

November 2013 throughout theegion is low.

From the regression analysis, it is also notable that Precipitation and Temperature are positively
affected by the HadISST but the Nino3.4 has negative correlation to these variables, when both
are measuring SST wuabk. Following the observations of previously cited papers, SE Asia is

expected to be excluded from the positive correlation with ENSO compared to the rest of Asia
during the SEND months hence the negative correlation with the precipitatiand Nino 3.4

confirms this result.
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3.4. Daily Analysis

Results

For the daily analysis, the focus is on the days when the Typhoon Haiyan formed, made landfall
and dissipated (Nov. 3 to 11, 2013). From these days it is apparensghtally Figure47),
there is a concentration of low pressure forming around theipiiihe Area of Responsibility

evidence of the cyclonic activity over the country linked with the passage of the typhoon.
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Figure47. Cyclonic Formation of Low Pressure in SE Asia from ERA5 Absolute Pressure Values
[Nov.3-11]

Building from this, the annual timeseries of the spatial mean for SE Asia and the Philippines, are
plotted for each day (from 3 to 11 November) with various atniespc variables, to inspect any
temporal trends or notable maxima/minima. The timesefi@swindspeed, as plotted ifigure

48 show that neither of the typhoon days registered as the maximum or minimum among all the

years considered (1982020). Howeverfor the daily mean anomalies during the typhoon period
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itself, there is a large disparity of windspeed anomaly observed in the Philippines during the
landfall days [Nov. 7 & 8], as shownFigure 49right plot, left panel], compared to the mean
values in SE Asia. From the maps of absolute and anomaly Vieigese 50]the concentration

of high windspeeds alsoevident in the Philippines for these days. It can also be noted from the

timeseries plot that Philippines has a higher mean windspeégegahan SE Asia

The same is true for the timeseries of PressurBigure51 where neither of the typhoon days
registered as the maximum or minimum among all the years considemdlov. 7 & 8 pressure
registered a negative anomaly for both locatigiggure52], althoughadip in pressure anomaly
is more observedoward the last day of the typhoon in the whole SE Agiegion than in the
PhilippinesThe concentration of lovpressure valuesalso evieént in the Philippines as visually
shown in the map irFigure 53.Fromthe timeseries plot, but both locations follow a more

uniform range for mean pressure values.

ERAS5 Timeseries of Daily Windspeed [Nov. 3 to 11] from 1981 to 2020
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Figure48. ERAS Timeseries of Daily Mean Windspeed (Absolute Values) [Nl 3

106



ERAS Daily Mean Windspeed (Absolute vs. Baseline Values) ERAS Daily Windspeed Anomaly
SEA & Phils. [Nov.3-11, 2013] SEA & Phils. [Nov.3-11, 2013]

phil sea phil
| =

S

£ E
Es50 S
= h=
o =
]
Iy E2
o S
c c
= <
25
1
0
0.0
Nov 04 Nov 06 Nov 08 Nov 10 Nov 04 Nov 06 Nov 08 Nov 10 Nov 04 Nov 06 Nov 08 Nov 10 Nov 04 Nov 06 Nov 08 Nov 10
Day Day
Baseline ™= 1981-2010 Landfall_Period . After . Before . During Landfall_Period . After . Before . During

Figure49. ERAS Plot of Daily Windspeed (Absolute Values &Anomalies) during the Typhoon
Period
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Figure50. SE Asian Maps of Daily Windspeed (Absolute & Anomalies) for ERA5 on Nov. 7 & 8
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ERAS5 Timeseries of Daily Pressure [Nov. 3 to 11] from 1981 to 2020
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Figure52. ERAS5 Plots of Daily Mean Pressure (Absolute & Anomalies) during the Typhoon

Period
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ERAS5 Pressure Map - Nov. 7, 2013 ERAS5 Anom. Map - Nov. 7, 2013
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Figure53. SE Asian Maps of Daily Mean Pressure (Absolute & Anomalies) for ERA5 on Nov. 7
&8

For precipitation, two datasets are plotted and compared [GPCP and ERA5]. As discussed in the
Methods SectionGPCP only has available daily data from 1996 hence the timeseries is from 1996
to 2021, and climatology reference value is likewise computedtlyrérom this 26yr period. As

seen from the timeseries plot&gure54 for GPCRNdFigure55for ERAS, neither of the typhoon

days registered as the maximum or maximum considering the mean daily absolute and anomaly
values. However, upoimvestigationof the localvalues(analysisat grid point level),it wasfound

that for GPCRhe highestabsoluteprecipitationfor Philippinesand the highestanomalyfor SE
Asiafalls on the samedaywhen TyphoonHaiyanmadelandfall (November8, 2013).Extracting

the coordinateswherethesevaluesare observedthe map (seeFigure56) showsthat the point
fallswithin the PhilippinesERA®therwiserecordedit on adifferent dayandyear(17November
2019),but the locationof highestabsolutevalueand highestanomalyare on the samespot, as

shownin Figure57.
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Figure54. GPCP Timeseries of Daily Mean Precip. (Absolute & Values) [Ndy.3
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Figure56. Map Showing the Grid point with Highest Absolute Precipitation & Precipitation
Anomaly for GPCP
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Figure57. Map Showing the Grid point with Highest Absolute Precipitation & Anomaly for ERA5

Forthe spatiallyaveragedneananomaliesof the dayswhen TyphoonHaiyanoccurred,the highest

positive precipitationanomalyis observedduring the landfalldays(November7 & 8) for both GPCP
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and ERA5asshownin Figure58. Again,the disparityof anomaliedor thesedaysis large,comparing

Philippinesand SEAsia.

Basednthe timeseriesplots, the dailymeanvaluesfor Philippineprecipitationare againhigherthan

the spatialmeanfor the whole SEAsianregion.Fromthe maps,it isalsoclearthat largeprecipitation

anomaliedor thesetwo daysare concentratedwithin the Philippinesasseenin Figure59. Between

GPCRINdERA3Ne locationof the major spatialstructuresvaried¢ asGPCHFs more concentratedon

the central part of the country (Visayadslands)where the Typhoonmade severallandfalls,while

ERASs more concentratedon the southernpart.
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Figure58. GPCP and ERAS Plots of Daily Mean Precip. (Absolute & Anomalies) during the Typhoon
Period
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Forthe runoff, there is a very high anomalyon the 8" Novemberfor the Philippineswhile SE
Asiaregisteredthe highestpositiveanomalyon the lastday of the typhoonperiod,asshownin
the plots and Figureghat follow. Therunoff anomaliesor Nov.7 and 8, however,is not evident

in the mapsdueto trivial differencesacrosseachgrid point.

Basedon the timeseriesplot, the Philippinesagainhashigherrunoff meanvaluescomparedto

the spatialmeanof the entire SEAsiaregion.

ERA5 Timeseries of Daily Runoff [Nov. 3 to 11] from 1981 to 2020
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Figure60. ERAS Timeseries of Daily Mean Runoff (Absolute Values) [Nd¥]3
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Figure62. SE Asian Maps of Daily Mean Runoff (Absolute & Anomalies) for ERA5 on Nov. 7 &
8
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Inspecting the rank and peentile of theabsolute values for théwo landfall days (Nov. 7 & 8
2013 which also registered high anomali@sble 25shows that November 7 and 8 ranked top,
when comparingthe same days acrosbe 40 years. This is a clear indication that indeed, the
typhoon occurrence has significantly affected the climate variables, most particularly with the

windspeed and precipitatior both in the Philippines and throughout the SE Asian region.

Table25. Rank and Percentile of Nov. 7 and 8 204BsoluteValues

Variable SE ASIA PHILIPPINES
Nov. 7 Nov. 8 Nov. 7 Nov. 8
Rank | Percentile| Rank | Percentile] Rank | Percentile] Rank | Percentile
Windspeed 2 0.975 1 1 3 0.95 1 1
Pressure 19 0.525 16 0.6 12 0.7 17 0.575
Precipitation
GPCR 2 0.961 2 0.961 2 0.961 1 1
ERA5 9 0.8 14 0.675 3 0.95 2 0.975
Runoff 18 0.575 7 0.85 9 0.8 2 0.975

Previous studies identified connections between the impact of a typhoon in terms of
precipitationandflooding,andits magnitude whichcanbe describedhroughphysicalariables
suchas atmosphericpressureanomaliesand wind speed. Therefore,to understandhow the
typhoon eventin terms of windspeedand pressurehasimpactedthe precipitation and runoff
values,the daily precipitation and runoff values(responsevariables)for the whole month of
November2013are regressedvith wind speedand pressure(regressorslsing different fitted

models. For precipitation, the followingodels are regressed:

Fitted model 1 (fitl): Precipd o+i 1Wind.Speed-i ,Pressurer

Fitted model 2 (fit2): Precipd o+i 1Wind.Speed+i >Pressureti sTime+
Fitted model 3 (fit3): Precipd o +i 1Pressuret

Fitted model 4 (fit5): Precipd o +i 1Pressure+i ;Time+

Fitted model5 (fit4): Precipd o +i 1Wind.Speed-

Fitted model 6 (fit6): Precipd o +i 1Wind.Speedri ;Time+

Thevaluesof R, adjustedR? and AlCaswell asthe meanof residualsand correlationbetween

residualsandfitted valuesof the fitted models,are summarizedn the followingtable.
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Table26. Summary of R Adjusted R, and AIC foPrecipitation Regression Models

Fited Model R2 Adjusted R AIC
Fitl 0.378 0.332 -269.12
Fit2 0.385 0.314 -267.487
Fit3 0.171 0.141 -262.495
Fit4 0.178 0.117 -260.753
Fit5 0.126 0.095 -260.941
Fit6 0.214 0.155 -262.094
LEGEND:

Regressevith wind speed+ pressure/ [+ time in italics]

Regressevith pressureonly/ [+ time in italics]

Regresseavith wind speedonly/ [+ time in italics]

Asshown,modelsl and2 [a) regressedy wind speedt pressureandb) with time asadditional
regressof givethe bestR amongthe fitted models.However,addingthe time asaregressorid

not resultto a noticeableimprovementin the adjustedR? and AIC.

Alsoinvestigatingthe meanand correlationof residuas, the two bestmodels[accordingto R,
adjustedR and AlCasabovd havezeromeanandverylow correlation.In addition, the plots of
residualsss.fitted valuesfor thesemodelsdo not showanyvisiblepattern, thusprovidingfurther
indicationof agoodfit. However,uponinspectionof the summaryof coefficientg Table27] , the
p-valuefor time is not significant,hence,fit 1 [i.e., regressingwith windspeed+ pressureonly

without addingtime] isthe better model.

Snce the valuesasshownin abovetable are short of 40%of variance theseare not very useful
in getting relevantinfo of the typhoon event predictors and the significanceof the regression

usingp-valuesprevail.
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Table27. Summary of Coefficients andyalues for Precipitation Regression Models

Fitted Model Summary of coefficients

> summary(fitl)$coefficients

Estimate Std. Error t value Pr(>|t])
Fitl (Intercept) 1.395802e+00 4.227670e -01 3.301587 0.002709799
pres_vec_long4 -1.381787e -05 4.183942e -06 -3.302595 0.002702898
ws_vec_long2 1.327285e -03 4.425753e -04 2.999003 0.005759768
> summary(fit2)$coefficients
Estimate Std. Error t value Pr(>|t|)
(Intercept) 1.822648e+00 8.676253e -01 2.100732 0.045511618
Fit2 pres_vec_long4 -1.266822e - 05 4.699823e -06 -2.695468 0.012158640
ws_vec_long2 1.328761e -03 4.482639%e -04 2.964238 0.006418132
t - 3.923344e -10 6.935907e -10 -0.565657 0.576476612
> summary(fit3)$coefficients
Estimate Std. Error t value Pr(>|t])
Fit3 (Intercept) 1.131266e+00 4.687836e -01 2.413195 0.02260622

pres_vec_long4 -1.111623e -05 4.632489%e -06 -2.399623 0.02330916

> summary(fit4)$coefficients
Estimate Std. Error t value Pr(>|t|)
Eit4 (Intercept) 1.544805e+00 9.790565e -01 1.5778504 0.1262458
pres_vec_long4 -9.998742e -06 5.235803e -06 -1.9096866 0.0668518
t - 3.803654e -10 7.872645e -10 -0.4831481 0.6328854

> summary(fit5)$coefficients

Estimate Std. Error t value Pr(>|t|)
Fit5 (Intercept) - 0.0003928761 0.0033973605 -0.1156416 0.90876200
ws_vec_long2 0.0010125772  0.0005028763 2.0135711 0.05375607

> summary(fité)$coefficients

Estimate Std. Error t value Pr(>|t[)
Fit6 (Intercept) 1.661583e+00 9.607607e -01 1.729445 0.09514831
ws_vec_long2 1.097235e - 03 4.883444e -04 2.246847 0.03302776
t -1.200809e -09 6.941639%e -10 -1.729864 0.09507224

The mean runoff valuetr all November dayare also regressed with the following models

adding precipitation as a regressor

Fitted model 1 (fitl): Runoffd o+ 1Wind.Sped +i 2Pressuret

Fitted model 2 (fit2): Runoff= o +i 1Wind.Speed-i 2Pressure i sTime+

Fitted model 3 (fit3): Runoff= o+ 1Pressuret

Fitted model4 (fit5): Runoff3 o+i 1Pressureti ;Time+

Fitted model5 (fit4): Runoff5 o+ 1Wind.Speed-

Fitted model6 (fit6): Runoffd o+ 1Wind.Speed+i >Time+

Fitted model 7 (fit7): Runoffd o+i 1Wind.Speed-i 2Pressureti sPrecipitation+

Fitted model 8 (fit8): Runoffd o+i 1Wind.Speed+i sPressuretri sPrecipitationH sTime+

119



Thevaluesof R, adjustedR? and AICof the fitted models,are then summarizedn the following

table.
Table28. Summary of R Adjusted R, and AIC for Runoff Regression Models
Fited Model R Adjusted R AIC
Fitl 0.31 0.259 -424.632
Fit2 0.311 0.231 -422.645
Fit3 0.076 0.043 -417.86
Fit4 0.076 0.56 -415.874
Fit5 0.171 0.141 -421.107
Fit6 0.192 0.132 -419.888
Fit7 0.658 0.618 -443.635
Fit8 0.664 0.611 -442.241
LEGEND:

Regresseavith wind speed+ pressurel/ [+ time in italics]
Regressedvith pressureonly/ [+ time in italics]

Regresseavith wind speedonly/ [+ time in italics]

Regresseavith wind speed+ pressuret precipitation/ [+ time in italics]

Basedon abovereflectedvalues models7 and 8 [a) runoff regressedy wind speed+ pressuret
precipitation,andb) with time asadditionalregressorpivesthe highestR. However,addingthe
time againdid not improve the adjusted R value and the AIC.The mean of residualsand
correlationfor thesemodelsalsoindicatethat this is a goodfitting, with zeromeanandnegative
correlation. Lookingat the summaryof coefficients,only fit 1 (regressedwith windspeed+
pressuregavesignificantp-valuesamongall the models,indicatingthat despitefit 7and8 having
highR, adjustedR? andminimumAIC the modelmaynot be agoodfit in assessinthe response

from the regressor.

This again demonstratesthat, beyond statistical aspects(significance)the results are not

supportingany usefulconnectionin practicalterms (with fit 1 just 30%o0f varianceexplained)
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Table29. Summary of Coefficients andyalues for Runoff Regression Models

Fitted Model \ Summary of coefficients & walues

> summary(fitl_2)$coefficients

Estimate Std. Error t value Pr(>|t|)
Eitl (Intercept) 7.378632e -02 3.165691e -02 2.330812 0.027478316
pres_vec_long4 -7.320328e - 07 3.132947e -07 -2.336563 0.027131198
ws_vec_long2 1.003535e -04 3.314016e -05 3.028153 0.005361928
> summary(fit2_2)$coefficients
Estimate Std. Error t value Pr(>|t))
(Intercept) 6.775522e - 02 6.535242e -02 1.0367668 0.309391347
Fit2 pres_vec_long4 - 7.482767e -07 3.540062e -07 -2.1137387 0.044288394
ws_vec_long2 1.003326e -04 3.376472e -05 2.9715218 0.006306051
t 5.543474e -12 5.224355e -11 0.1061083 0.916310890
> summary(fit3_2)$coefficients
Estimate Std. Error t value Pr(>|t])
Fit3 (Intercept) 5.378524e -02 3.518821e -02 1.528502 0.1376075

pres_vec_long4 -5.277672e -07 3.477276e -07 -1.517760 0.1402858

> summary(fitd_2)$coefficients
Estimate Std. Error t value Pr(>|t])
Fit4 (Intercept) 4.677572e -02 7.379160e -02 0.6338895 0.5314870
pres_vec_long4 -5.467087e -07 3.946230e -07 -1.3853947 0.1772712
t 6.447234e -12 5.933621e -11 0.1086560 0.9142788

> summary(fits_2)$coefficients

Estimate Std. Error t value Pr(>|t])
Fit5 (Intercept) -1.802919e - 04 0.0002354072 -0.7658726 0.45016057
ws_vec_long2 8.368112e - 05 0.0000348449 2.4015310 0.02320916

> summary(fité_2)$coefficients

Estimate Std. Error t value Pr(>|t|)
Fit6 (Intercept) 5.824156e -02 6.925778e -02 0.8409389 0.40776832
ws_vec_long2 8.665701e -05 3.520299e -05 2.4616380 0.02050595
t -4.221090e -11 5.003978e -11 -0.8435470 0.40633427
> summary(fit7_2)$coefficients
Estimate Std. Error t value Pr(>|t))
(Intercept) - 3.751556e -04 2.693251e -02 -0.013929471 9.889926e - 01
Fit7 pres_vec_long4 2.135115e -09 2.665627e -07 0.008009803 9.936703e -01
ws_vec_long2 2.983245e -05 2.747614e -05 1.085758442 2.875505e -01

prcp_vec_long3 5.313179% -02 1.034793e -02 5.134534965 2.357031le -05

> summary(fit8_2)$coefficients

Estimate Std. Error t value Pr(>|t|)
(Intercept) -3.059403e -02 5.029235e -02 -0.6083237 5.484604e -01
Fitg pres_vec_long4 - 6.470536e - 08 2.849170e -07 -0.2271025 8.221909%e - 01
ws_vec_long2 2.863328e -05 2.778945e -05 1.0303653 3.127 045e-01

prcp_vec_long3 5.395954e -02 1.051089e -02 5.1336788 2.638213e - 05
t 2.671366e -11 3.740119% -11 0.7142461 4.816912e -01

Forthe plot of individualregressiorbetweenthe variableg Figures63 and 64), precipitationand
runoff are positively correlated with windspeed,with significantp-values.Thismeansthat as
windspeedincreasedthe precipitationand runoff likewiseincreasedandviceversa.Regressing
the two responsevariables(precipitationand runoff) againsteachother also gavesignificantp-
valuewith a positivecorrelation,therebyindicatingthat precipitationand runoff both increases
or decreasesongruently Whenregressedvith pressureyunoff andprecipitationare negatively
correlatedto this variable but with lesssignificancefor precipitation havinga p-value slightly
higherthan 0.05.Forrunoff, the relationshipis not significant.Thismeansthat low pressuredoes

not necessarilynfluencethe precipitationandrunoff values,asopposedto windspeed.
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Forthe distribution of the regressorsthe densityplots in Figure65 revealthat the windspeed
valuesare distributed more symmetrically(bell shaped)than pressure whichis skewedto the

right.

Discussion

Basedon the results, there are noteworthy changedo the observedvariablesespeciallyin the
Philippinesdue to the occurrenceof TyphoonHaiyanwhere very large precipitationanomalies
arenoted duringthe landfalldays.Theseanomaliesare likewiseobservedn the SEAsianregion,
albeit smallercomparedto what is diagnosedfor the Philippines.t canalsobe observedthat
there is an unusualdip in pressureanomalyand high positive runoff anomalyin the SEAsian
regionat the endof the typhoonperiodwhenHaiyaiisaboutto dissipate Analysiof the impacts
of Haiyanon the main continent is beyond the scopeof this thesis ¢ which focusedon the

Philippines but canbe anothertopic of researchin the future.

It was also observedin the timeseriesplot for runoff, that there is an oddly high value on
Novemberll,2020.Uponquickinvestigationthe strongestTyphoonon record(Goni)occurred
on this day, bringingtorrential rainsthat causedfloodingin many parts of the Philippines.This
could have explainedwhy this day is recorded havingthe highestdaily spatial mean in the
country.However dueto the factthe ERABremodeledvaluesthereisstill uncertaintywith the

estimates.

On the different highest precipitation day and coordinatesrecorded by ERAS07 November
2019)comparedto GPCPa quickinvestigationrevealedthat anothertyphoon occurredon this
day[InternationalnameNakri(localnameQuiel)] but with aweakerstrengthasshownin Figure
66. Jiang,Halverson& Simpson(2008)comparedthe rainfall potential of two North Atlantic
Hurricaned.iliandlIsidorein 2002andfoundthat Isidoreproduceda muchlargervolumeof total
rainfall despitebeinga relativelyweakerstorm than Lili, during their landfallon the samearea.
However Isidorehadahistoryof producingargevolumeof rainoverthe gulf. Asimilarargument
couldexplainwhythe grid point isrecordedby ERA@shavingthe highestabsoluteprecipitation
value on the samedaywhere TyphoonNakrihit. Theobservationameasurement®f GPCPnay
havenot recordedthis event, due to their coarserresolutionand limited (land-only) coverage
comparedto ERA50n the other hand, GPCRlata hasdirectly recordedthe TyphoonHaiyan
precipitation duringits landfall.
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Regression Between Precipitation & Wind Speed Regression Between Precipitation & Pressure
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Figure63. Regression Plots of Precipitation and Runoff against Windspeed and Pressure
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Pairwise Comparison of Precip., Wind Speed, Pressure & Runoff Values
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. Typhoon 201924 (0980, hra)
' . 2019-11-07 18:00_UTC

Figure66. Track of Typhoon Nakri in November 209

Forthe regressioranalysisjt wasseenthat the bestregressiormodelfor precipitationand runoff
includesboth windspeedand pressureas predictors Thismodel hasthe best R and adjustedR
valuesamongall fitted models with low AIC Althoughthe valuesare not ashigh,the p-valuesthat
are significantfor these models still demonstratethat it is the good model for predicting the
response.From this multiple regression,the coefficientsrevealedthat windspeedis positively
related to precipitation while negatively related to pressure as expected from fundamental
dynamicsof rainfall. Thismeansthat increasein wind speedduring an extreme Typhoonevent,
togetherwith decreasdn pressure resut to increasein precipitationand runoff values. Thisisin
accordancewith the findingsby Zhang,Chen& Li(2021),where the precipitationinducedon land
by TyphoonHato (the strongestTyphoonthat madelandfallin China)is extremelyhigh, lastingfor
sixdaysfrom the formation until its dissipation.Wu & Alshdaifat(2019),however,statedthat the
accuracyof predictingprecipitationinducedby typhoonsis still difficult becauseof the nonlinear
relationshipbetweenthe precipitationandthe physicalprocessedike the typhoondynamicsheat,

cloud, microphysicsandradiation.

Theresult alsoshowedthat addingtime asa regressohasnot improvedthe adjustedR2 and AIC
and doesnot result to a significantp-value Thisconfirmsthat trends do not capture the large

variabilityinducedduringan extreme eventsuchasatyphoonlandfall.

43 Map credits to Dr. Kitamoto of the National Institute of Infatics (NII) / Research Organization of Information and
Systems (ROIS) (Japa@@urcehttp://agora.ex.nii.ac.jp/cai
bin/dt/single2.pl?prefix=HMW819110718&id=201924&basin=wnp&lang=en
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Fromthe results ofthe analysisthe spatictemporal aromalies wihin the focal regio{SE Asiggre
evidentin as far as thennual, seasonaland monthly values areoncerned Comparing the non
typhoon and typhoon yearsseasons,and months, Y2013, SON 2013 and November 2013 all
reveaded a wetter and hottelyea/seasorimonth, providing a background of the possible impacts
of the typhoon Haiyanoccurrenceduring these periodsHowever, it is with theannualmean that
the precipitation and tenperature anomaliegre higheswith respect to its ranking andgpcentile,
compaed to other yearsThe rankand percentile dropped hienthe andyses werenarroweddown
into seasoml and nonthly. Between precipitabn and temperé&re anomaliesthe temperature is
notoriously highe(that isappaentlyillustrated by the reedominated anonaly map$, ascompared

to precipitationwith blue and red alors distibuted across differenspots in the mapThis idikewise
confirmed by theECDF plotand count,revealing high percaage of positivgwarmer) values for

temperature among dldatasets.

Comparing the anral, seasonaland monthly ammaliesduring the typhoon period itis interesting
to note that for precipitationthe percertage ofpositive anonalies are lowesbnthe monthly sale,

whereas highest on thannual mean.

Investigating tle aromales and thevaluesbeyand local 595 range the marked pointsin the mag
differ acoss all analyzedatasets, demonstratingthat there are incasistenciesn as far & the
analzing these anomaliefor its amplitude and geographicalocationsare considered.It can be
noted that bothGPCP and CRU data are constructed using rain gaugardhidnomogereity with
the recordel valuescan be aactor that affects the resultfOn the other hand, ERAsbased on

model results that also have itsva estimation unertainties.

Analysis of nofTC induced dymaicssuch asnonsoonalphases and inteannual ENSO viations
also revaled that ENS@nd mansoonsignificantly impactshe precipitationpatternsin the region.
However, ENSQoés not gjnificantly impact thetemperature Although it must bemphasized hat
Tyhoon Hayan occurred on an ENS®@leutral year, therefore, it may have not necessarily

influenced the variallity of the studied variables.

Lodking however athe relationship with Nino3.48STto the variablesit isshown that precipitation
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and temperaure are positively correlated with Nino3.4, indicating that precipitation and
temperatureincrease gecrease)congruentlywith Nino3.4 This observationis only common for
both CRU and ERA5 since GPCP dematestra cotrasting result, again a manifestation of the
differencesamongthe datasets Another evidence ofdifferences are with themaxima/minima
values vinereonly twoand not all three analyzed datasedsare thecommon maximungminimum)
year, season or montfThe significantdifferences are likewise confirmed Kye result of the ttest

compaingone dataset ® another.

For the daily angkis, results resaled thatduring the typhoorperiod, the highest anomaliasith
respect to all variablefprecipitation, runoff, windspeed and r@ssure) argecordedwhentyphoon
Haiyanmade landfallNovember 7 & § predominanly in the Philippinesvhere there is a large
disparity of the calglated anomaliesluring these dys as compared to the resif the days during
the typhoon period. Novaber 7 and 8 alstopped the rank vimencomparedwith the same days of

the nontyphoon yearsespeciallyith the windspeed and precipitation values.

Based on the result of theaultiple linear regressias, itisrevealed thatregressingrecipitationor
runoff with windgpeed+ presure,gives the best resptse having significantalues among all the
fitted models. Alhough the R, adjusted R and ACvaues for this model is nodptimal, this does
not revealthat the model is not a good fitut only anindicationthat the result cannot b&ery usefl
in explaining e event in pratical terms.From the regression coeffents, it is shown that
predpitation and runoff ae positively correlatd with windspeed, meaning, the Typhodthaiyan
event clearly increagkthe precipitaion in as farasthe Philippines is awerned.However, the

negativerelationshipof these two variables with pressure is nogsificant

Building from these results, it can be deduced that an extreme event such as Tyidao@m can
profoundly influence the climate variables surrounding its occurrence. In additionT @amduced
activities/events like ENSO and monsoon can further enhance the effects, especially on the

precipitation patterns in the region.

Fom this study, further research can be condted investigatig the differences of thenalyzed
datasets. A deeper understanding iothe effects d EN/LNcan also bgerformed especially ogears
when maxina/minima valuesof the studied vaableswere recordal. Other extreme typhoon

eventscan also bexplorednot justin the Philippnes but inother countries of the region
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The Permanent Service for Mean Sea Level (PSML) website of the National Oceanograghy Cent

defines the following regional oceanic groups associated with the five major global oceans. The

oceans are further subdivided based on the catexgiion of pelagic tidal constants from

established publications of the International Association for the Physical Sciences of the Oceans
(IAPSO)ScientificPublicationNo. 30 (Cartwright, Zetler, & Hamon, 1979); Scientific Publication No.
33 (Cartwright &etler, 1985); and Scientific Publication No. 35 (Smithson, 1992).

ATLANTIC OCEAN

A Northeast Atlantic- north of 23° 30'N, east of 40°W, including the northern North Sea.

A Northwest Atlantic - north of 23° 30'N, west of 40°W, including the Gulf of Mexico, the
Labrador Sea and Hudson Bay.

A Tropical Atlantic- between 23° 30'N and 23° 30'S, including the Caribbean Sea.

A South Atlantic- between 23° 30'S and 55°S, west of 20°E.

. PACIFIC OCEAN

A Northeast Pacific north of 23° 30'N, east of 180°W, including the Bering Sea and the Gulf of
California.

A Northwest Pacific north of 23° 30'N, west of 180°W, including the Seas of Okhotsk aad Jap
and the East China Sea.

A Tropical Pacific between 23° 30'N and 23° 30'S, including the South China Sea.

A South Pacific between 23° 30'S and 55°S, including the Tasman Sea.

INDIAN OCEAN

A East Indian north of 55°S, between 80°E and 120°E, includindtneof Bengal.
A West Indian- north of 55°S, between 20°E and 80°E, including the Arabian Sea and the Gulf

of Aden.

. SOUTHERN OCEAN

A East Southern south of 55°S, from 20°E, eastwards to 160°W, including the Indian Ocean
south of Australia (120°E &b0°E) and the Ross Sea.
A West Southernsouth of 55°S, from 20°E, westwards to 160°W, including the Weddell Sea.

ARCTIC OCEAN
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Alaska
Experienced its third wettest
Sep-Nov since records
began.in-1918.

United States of-Americd
Parts of the western United States had
below-average precipitation during the first
11 menths of the year. California’experienced
a record low during the 11-month period.

Selected Significant Climate
Anomalies and Events
November 2013

November 2013 average land and ocean temperature was
the warmest November since records began in 1880.

Argtic Sea_ lce Extent
Arctic sea ice extent'had its sixth lowest
November sea ice extent since satellite
records began in 1979.

R%' b Rtéstsia t Novemb
Alistria dussia observed its warmest November
Noverber 2013 was the  Snee national records began in 1891.

wettest November since ; . ﬁ

-

Spain
Experienced its-coolest
November since 1985.

The September—November mean temperature
was the warmest such period on record at
1.57°C above the 1961-1990 average.

Antarctic Sea Ice Extent

Antarctic sea ice extent had its largest November
extent since satellite records began in-1979:

th!

vember 311
Maximum winds - 315 km/hr
Hairan impacted the Philippines in
e early November, killing over 6,000

a people. This was the deadliest
typhoon in the Philippines.

;I;%phoon Haljan

Australia

Please Note: Material provided in this map was
compiled from NOAA's NCDC State of the Climate
Reports. For more information please visit:
http:/iwww.ncdc.noaa.gov/sotc
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Maps of Annual Climatology, Absolute Values and Anomalies for Precipitation and Temperature for the
Year 2013 showing the Global and Southeast Asian Region

137



CRU Annual Climatology Map Precip. CRU Annual Climatology Map Precip. CRU Annual Precipitation Y2013 Precip CRU Annual Precipitation Y2013 Precip.
(Global) (mm/year) (SEAsia) (mmiyear) (Global) (mm/year) (SEAsia) (mmiyear)
7000 7000 7000 7000
6000 6000 6000 6000
5000 5000 5000 5000
4000 4000 4000 4000
® B = kS
3000 3000 3000 3000
2000 2000 2000 2000
1000 1000 1000 1000
T T T T T T T 0 0 T T T T T T T 0 o
450 100 50 0 50 100 150 150 100 50 0 50 100 150
lon lon lon lon
ERAS Annual Climatology Map Precip. ERAS5 Annual Climatology Map Precip. ERAS Annual Precipitation Y2013 Precip. ERAS Annual Precipitation Y2013 Precip.
(Global) (mmvyear) (SEAsia) (memiyear) (Global) (mevyear) (SEAsia) (mmiyear)
7000 7000 7000 7000
6000 6000 8000 6000
5000 5000 g 5000 5000
4000 4000 8 4000 4000
k] = k] B
3000 3000 2 3000 3000
2000 2000 3 2000 2000
1000 1000 1000 1000
T T T T T T T a T a T T T T T T T 0 0
150 100 50 0 50 100 150 100 10 120 130 140 4150 100 50 0 50 100 150
lon lon lon lon
GPCP Annual Climatology Map Precip GPCP Annual Climatology Map Precip GPCP Annual Precipitation Y2013 Precip GPCP Annual Precipitation Y2013 Precip.
(Global) (mm/year) (SEAsia) (mmiyear) (Global) (mmiyear) (SEAsia) (mmiyear)
7000 7000 7000 7000
3
6000 6000 8000 6000
o =
= 5000 5 5000 @ 5000 5000
Ed 4000 4000 2 4000 4000
8 5 2 ki k]
3 3000 3000 2 3000 3000
S 2000 ° 2000 8 2000 2000
1000 1000 1000 1000
El
T T T T T T T 0 0

-150 -100 -50 0 50 100 150

lon

-150

-100

-50

fon

120 130 140

Maps of Annual Climatology [BP: 19&D10] and Absolute Precipitation [Y2013] for Global and SE Asian Region
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Maps of Annual Climatology [BP: 19&2D10] and Absolute Temperature [Y2013] for Global and SE Asian Region
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Maps of Y2013I emperature Anomalies for Global and SE Asian Region
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Maps of Seasonal Climatology, Absolute Values and Anomalies for Precipitation and Temperature for
SON 2013 showing the Global and Southeast Asian Region
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Maps of SON Climatology [BP: 198010] and Absolute Precipitation [SON 2013] for Global and SE Asian Region
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