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Abstract

Ensemble forecasting is widely recognised aga method to improve the skill and utility of
weather forecasts. Thigsearchaimsto unlock the potential oflynamicensemble forecasts to
improve operationatropical cycloneTQ forecasting and early flood warnindsrstly, asurvey

of operational TC forecast centres rev@tie huge potential tomprove the pultthrough of
ensemble forecastin operational TC forecasts and warninigentifying hurdlesthat need to

be overcome tallow theirfull utilisation. Aglobalevaluation of multimodel ensemble TC track
probability forecastdighlightsthe benefitof usingensembles ovea deterministicconsensus
forecastand demonstraesthe added value gained from using mutibdel ensembleskocus
then shifts to the potential use of ensemblesTi@fluvial flood forecastingvia the Global Flood
Awareness SysterfGIoFAS)The severity of flooding in 280C case# terms of flood area,
duration and magnitudes calculatedusing GlIoFAERAS reanalyses, and the key factors
influencing this severitgre assesseddow-moving, large, and intense cyclones, affecting areas
with wet antecedent conditions, have the highest likelihoodcatisingwidespread flooding
although floodimg can be severe even in weaker storfamally, novel ensembleased methods
are developed to analyse predictabilitinks along the GIoFAS TC flood forecasting chain
demonstrated using the case of Hurricane |otaisprovides an in-depth look at the abity of
GIoFAS to forecast river flooding in a TC casd reveals how the strength of tipeedictability
links betweenTCtrack, intensity, rainfall andiver discharge varies depending on catchment
location Asnumerical weather predictiorNWP centresmove towards purely ensembibased
forecast systems the importance ofunlocking their potential inTC forecast and warnings
grows Thisproject leaves a legacy of increased focus on this important topic viittémational
forecasting and research commities viaits links toWorld Meteorological OrganisatiolMMO)

policyand wider collaborative projects
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| came toa PhD much later in life than most, starting it around twenty years after | completed

my undergraduate degree in Geography at the University of Cambridge, and seventesn year

after completing my Meteorology MSc at the University of Birmingham and beginning my career

in the Met Office in200. RARY QG FSSt GKFd y2i KFEGAYy3 | tKE
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her successfully complete a pditne PhD a few yeatsefore, and by my best friend from school,
Lizzie, whalsocompleteda parttime PhD a few years agdhis coincided with me developing
an idea for a research topic that could potentially form a PhD profemt.many years my Met
Office work ha focussedon developing tools and applicationsingensemble forecasts to help
our forecasters to predict highlmpact weather. | developed a special interest in tropical
cyclonegTCs)and a visit to the32nd Conference on Hurricanes and TropMateorologyin
Puerto Rican 2016revealed to me that ensemble forecasts were really undkdised by the
operational TC forecasting communignd my personal crusade to try to change this was born!
My time for research and writing papers was limitecedo ongoing product development and
maintenance commitments, and carrying out a ptame PhD would give me a way to change

this and research my topic of interest in more depth.

The next step was finding a PhD supervisor, and | responded to a call froralHaloke at the
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ensemble forecast data in operation&Cforecasting and early flood warningwhsincredibly
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PhDs, but the ovelll idea, to start by looking at the general use of ensembles in operational TC
forecasting and the benefit of multhodel ensemble track probability forecasts, before moving
on to investigate the predictability of river flooding in TCs using the Globatl Awareness
System (GIoFAS), has remainddnnah is a hydrologist, and a particular appeal of the PhD was
the chance to look in detail at river floodingTi€s and work with ECMWF to investigate the use

of their GIoFAS system TiCs which neone had previously done.

For the first couple of years all went well. | managed to create a sustainable mode of working
where | was based in Exeter for half of the week to carry out my Met Office work, and based at
home for the resof the week to carry out the PhD. The initial research that became Chapters 3
and 4 was progressing well ancehllyenjoyedand valuedmy monthly visits to Reading to see
Hannah and visit the GIoFAS team in ECMWEF to start the flooding side of thEhBh[in March
2020, the world and my PhD entered a new more challenging pd&»vid hit and everything
changed. Suddenly | was also balancing heot®oling two children (one at secondary and one

at primary school, with very differing needt)e tripsto Reading and ECMWF had to stapd
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important WMO activitiesandthe chance to be involved in the flood forecast bulletin work in
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Chapter 1introduction

1.1 Motivationandaim

Ensemble forecastings a methoddevelopedin numerical weather predictiofNWP) where
instead of running just a single forecadtthe most likely weatherthe computer model is run a
number oftimes from slightly different starting conditiored/or modelformulations, aiming to
take accountof the main sources of forecast uncertainty. The resulting (eetensemble) of
forecastsgives a much better idea of possible forecast outcomes at a pattir time and can be
used to create probabilistic forecasts and to assess eh confidence there is in the forecast
(Sivillo et al., 1997)Thirty years on from the production of the first ensemble forecasts in 1992
(Buizza, 2019)ensemble forecasting has become widely recognised dsey future path for
improving the forecast skill and utility of weather forecasts and warnfRgémer, 2019)A recent
review ofthe impact of risk messages thiacludeprobability informationstrongly suggesd that
people do understand the probabilistic information and can use it to make better decisions
providing it isappropriately presentedRipberger et b, 2022b) However, in operational tropical
cyclone(TC)forecastingthere has been only limited pulthrough of ensemblebased probability
and uncertainty informationinto operational forecasts and warning¥amaguchi et al., 2009;

Dupont et al., 2011;|kott and Yamaguchi, 2014)

M2NBE GKIFyYy | RSOIFRS I Fi0SN@RAEIN LIENI MQAIGKA A S2 T4 (1
rapid maturation of ensemble prediction of tropicalclones allows the possibility of new
uncertainty product§ ¥ GKS FfF3aKAL) a02yS 2F dzy OSNIFAylhe
Center (NHC) still only utilises historical forecast erratier than exploiting the benefits of the

dynamic situatiorbased uncertainty information that ensembles can proyidelCG 2023a)Figure

1-1). So there is huge scope to improve the use of ensembld<C track forecastinigeyond the

confines of using the ensemble mean track forecasts in consensus forézgstSangialosi, 2019)

Ensemble forecasts also have largely untxppotential to help traslate increased track and
intensity forecast skil(Landsea and Cangialosi, 2018; Cangialosi et al., 20@0)IC hazard
forecasting such as flooding from TC rainfdecent TC cases where river flooding has led to
significant loss of lifesuch as Cyclones Idai (March 2020) and FreBdirary/March 2023)in
Southern Africa and Hurricane lota (November 202@entral Americe@mphasise the importance

of improving the focus omarly flood warning in TC cas@kerefore the mairaimof thisPhD thesis

isas follows:

0 Aim: to design andconductresearchto facilitate increase pull-through of ensemble
forecast data intropical cycloneforecastingand early flood warning
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Figurel-1. lllustration of the lack of progress in pulling through ensemble forecasts into operdticioaécasting: a)
Fig. 1 from Hamill et a(2012)proposing that the cone width in hurricane warnings could vary dependent on ensemble
based situatiordependem uncertainty information; b) Figure from NHC graphic archive for Hurricane lan ten years later

in 2022, where cone width is still purely based on historical error sta(isititS, 2022)

1.2 Objectives and research questions

1.2.1Use of ensemble forecastsoperaional tropical cyclonéorecasing

The first essential step was obtain a baseline knowledge of the current and potential use of
ensemble forecast data by operationaCforecast centres such as Regional Specialised Met Centres
(RSMCs) and Tropical Cyclone Warning Centres (TCWCs). This led to the first key Hoastion:
ensemble forecasts currently used in operational tropical cyclone forecasting and warnings, and

what potential is there for this to be improved@fismotivatedmy first objective:

U Objective 1: Identifythe current and potential use of ensemble forecasts by operational
tropical cycloneforecast centres.

Thisobjective was addressed in ttstudy contained in Chapter>3 S y (Chrierit n& potential
use of ensemble forecasts in operational TC forea@gtsults from a global forecaster suréey | y R

published in Tropical Cyclone Research and Review in 2019

1.2.2Evalation oftropical cyclonérack probability forecasts

One key elemento motivate the pull-through in the use of ensemble forecast data in operational
TC forecasting is to illustrate the benefits of ensembles in helping to improve the skill and reliability
of TC track forecast®revious studies evaluating namé&@ trackprobability forecats using multi

model ensembles have done this for only one or two Northern Hemisphere basins (e.g. Majumdar
andFinocchig2010; Yamaguchi et.aP012; and LeoardoandCollg 2017) leaving a research gap

to thoroughly analyse muHlinodel ensemble skifbr all named storms worldwideThis led to the

second key questionWhat benefit is there in using ensemble forecast models in TC track
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forecasting, and doesombining global ensembles into a muitodel (super)ensembé increase
skill and valu@, whichinspiredmy second objective:

U Objective 2: Evaluate the benefits of multrmodel ensemble tropical cyclone track
probability forecasts

Thisobjective wastackled by the study contained in Chapten = S y & glabdl &/Ruation of
multi-model ensemble tyaical cyclone track probability forecasts Yy R LJdzof AAa KSR Ay

Journal of the Royal Meteorological Society in 2020.

1.2.3Key factors influencing severitytrmipical cyclonéood hazard

Primary attention inT Cforecastingand evaluatiornas often been on thé&rack, theintensity (the

mean sea level pressurémslp) minima and wind maximaand the associated wind hazard
(Emanuel, 2018However flooding due to heavy raiis a key contributor tathe total number of
deaths andmpacts fromTCgRappaport, 2000, 2014; Czajkowski and Kennedy, 2010; Czajkowski
et al., 2017)Despite ths, research into heavy rainfall and flooding associated with TCs has received
morelimited attention(Villarini et al., 2014b¥oit is importantto increase the focus on the rainfall

from TCs and the associated flood hazard.

Information on whichTCsare likely to have storm surge and winds as their main hazard and which
will also have substantial flood hazard, is of vital importance for disaistereduction While the
strongest winds and largest storm surge usually occur neacéére of intense TCs, rainfall and
flooding often occur far from theentre, spread far inland, and last beyond when the cyclone has
dissipated(Villarini et al., 204a; Khouakhi et al., 201,Avhich hasimportant consequences for
evacuation, emergency management and recovery prograrhsough case study or regional
analysighere is broad understandinyillarini et al., 2011; Saha et al., 2015; Hernandez Ayala and
Matyas, 2016; Yu et al., 2017; Jiang et al., 2018; Touma et al., 2019; Li and Liu, 2022; Racoma et al.,
2022)of the factors that influence rainfall patterns in landfalling TCs, and how hydrological factors,
such as soil conditions and orography, help to determine which TC cases had elevated impacts from
flooding (Rappaport, 2000; SturdevaRees et al., 2001)but systematic global analysis to
objectively confirm these drivers and their relationships to downstream flood hazard is lacking. This
initiated the third key questionCan a global analysis ®fCcases and their associatédvial flood

hazard reveal thd&key meteorological and hydrological factors that leacatoincreasedTC flood
severity?, whichled to my third objective

U Objective 3: Identify the key factors that influence floodelated hazards from tropical
cyclones usingbservations andeanalyses.
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This objective was addressed in the study contained in Chagter S y (KayfadtaBsRfluéncing
the severity of fluvial flood hazard fromtropical cyclonest | y R LJdzéhé AoarkaSdt Ay
Hydrometeorology ir2021.

1.2.4 Analysing predictabijitlinks in theropical cyclonélood forecast chain

If planners and responders know the locations likely to be at greatest risk from floodidigases

this can help with evacuation and emergency planning, response and recovery efforts.
Hydrometeorological msemble flood forecasts, where probabilistic river flow predictions are
produced by forcing a hydrological model with ensemble precipitation fotedats (Cloke and
Pappenberger, 2009; Cloke et al., 2013@ve become available at a glolsahle over the last
decade(Emerton et al., 2016; Pappenberger et al., 20I®erefore the finabtudy of the thesis
considersthe potential to useensemble flod forecasts to help provide early warning of river
flooding inTCcasesand explore their predictabilityit looks in detail at the forecast chairsing an
ensemblebasedsensitivitytechniqueto see how the predictability and uncertainty of the overall

flooding is impacted by the predictability of the track, intensity, and precipitatidrGn

The final key questiors: How are forecasts for river flooding in TC cases affected by TC track,
intensity, and precipitation forecasts, and can ensembles helpvastigate this?Ths motivated

my fourth objective:

i Objective4: Analyse predictability links in the tropical cyclone flood forecast chain using
an ensemblebased method

Thisfinal objectiveis addressed in Chapt&; whichanalysegredictability links in theTCflood
forecast chain, using an ensemiiiased method illustrated through the case of Hurricane [btas
work wasacceptedor publication irnthe Journal for Hydrometeorology Movember2023 with the
F2f f 2 ¢ AUSiEY elisdmbles3ovanalyse predictability links in the tropical cyclone flood forecast

chaire.

1.3 Structure of the thesis

Table 11 summarises the research questions and the corresponding objectives as introduced in
Sectionl.1, along with thechapter title of where the associated research can be found. Each
chapter has an allocated circular icon, which is contained in thdéwefor that Chapterto make it
easier to navigate the thesis. The thesis is structured around five omaipters(Figure 12): a
literature review and then the four main papepsblished during the PhRvhich are reformatted

into the format of the thes in order to preserve the literary unity of the thedt®llowing this brief
introduction (Chapter 1)Chapter 2providesa literature reviewon ensemble forecasting, $C

(hazards, forecasting and verificatipmndriver flood forecastingto substantiae the motivation
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for carrying out theresearchand introduce the main datasets and methods used in the thesis
Chaptes 3 to 6 containthe four main researcloutputs fromthis PhD thesis, anaddress thedour
objectives stated irBectionl.1. Chapter7 gives a discussion of they knowledge contributions,
limitations, and impacts ofach stage othe research, andlso includes a summary of additional
papers and reports that | have been invohiadluring the period of the Phihat connect tothis
thesis Recommended next steps based on the research findings are also ouHinaty,Chapter

8 provides conclusions to the thesis, includinguenmar ofthe findings and the wideoutcomes

of this thesis At the end of the thesis provide areference list andan appendixthat contains

Chapters 3, 4, 5 andis publishedform, along with other important reports and papers

Chapter details

Icon

Chapter2: Literature reviewsubstantiaing the motivation for carrying out the
study and introduing the main datasets and methods used in the thesis

L]

Literature
review

Research Question

Objective

Chapter details

Icon

How are ensemble forecasts
currently used in operational
tropical cyclondorecasting
and warnings, and what
potential is there for this to b
improved?

Identify the current
and potential use of
ensemble forecasts |
operationaltropical
cycloneforecast
centres.

Chapter 3 Current and
potential use of ensembl
forecasts in oprational
TC forecasting: results
from a global forecaster
survey

%

Use of ensemble
forecasts in
operational TC
forecasting

What benefit is there in using
ensemble forecast models in
TC track forecasting, and do
combining global ensembles
into a multtmodel (super)
ensemble increase skill and
value?

Evaluate the benefitg
of multi-model
ensemble tropical
cyclone track
probability forecasts.

Chapter 4 A global
evaluation of multimodel
ensemble tropical cyclon
track probability
forecasts

Evaluation of TC
track probability
forecasts

Can a global analysis of TC
cases and theiassociated
fluvial flood hazard reveal th¢
key meteorological and
hydrological factors that lead
to an increased TC flood
severity?

Identify the key
factors that influence
flood-related hazards
from tropical cyclone
using observations
and reanalyses.

Chagpter 5: Key factors
influencing the severity @
fluvial flood hazard from
tropical cyclones

How are forecasts for river
floodingin TC caseaffected
by TC track, intensity, and
precipitation forecastsand
can ensembles help to
investigate thi&

Analyse predictability
links in the tropical
cyclone flood forecas
chain using an
ensemblebased
method.

Chapter6: Using
ensembles to analyse
predictability links in the
tropical cyclone flood
forecast chain

Table 1. Summary of research questions and the associated objectives and chapters.
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Chapter 2Literature review

2.1 Ensemble forecasting

2.1.1Motivation and history

Traditional numerical weather prediction (NWP) computer models began in the 1950s and 1960s
(Young and Grahame, 20233king a single best estimate of the current atmospheric state and
using mathematical models to predict future weathklowever,due to the chaotic nature of the
atmosphere(Lorenz, 1963)even very small initial erroangrow very rapidlyLorenz, 198) and

affect forecast qualitfrom NWP modelsln the 1970s and 1980s, scientists started investigating
possibleobjective method that could provide a level of forecast confiden(eg. Palmer and
Tibaldi, 1988)realising that there is no single detemstic solution, only an array of possible future
atmospheric states. Ensembles began to be developed to provide a rational basis for assessing the
range and likelihood of alternative scenarioy. 1992, the first operational ensemble forecasts
wereissued allowing users to see a range of possible future scenarios rather than a single forecast
realization(Buizza, 2019)These forecastdyy the European Centre for MediuRange Weather
Forecasts (ECMWEMolteni et al., 1996and the National Centerfor Environmental Prediction
(NCEP]Tracton and Kalnay, 1993hcluded multiple simulations starting from slightly differing
initial conditions where dynamically defined perturbations had been added to the operational
analysis, and allowed the creatioi ensemblebasedforecast productsuch as postage stamps,

clusters, and probability fields

2.1.2Current status

Global and regionalresemble forecassystemsare now run amostNWP centres across the world
(e.g. Bowleret al, 2008; Houtekameget al., 2009; Mamgainet al., 2020)and methods for
perturbing the initial conditions and model physics continue to ev@hautbecher et al., 2017;
Palmer, 2019; Zhou et al., 2022mnovative probabilistic forecast products have bekmveloped
using ensemble forecast datuch as the Extreme Forecast Indgalaurette, 2003) Cyclone
DatabasgHewson and Titley, 2010pecider regime analygjsleal et al., 201&nd Global Hazard
Map (Robbins and Titley, 201,8nd a range afectorspecific applications developddaylor and
Buizza, 2003; Storer et al., 2020; Mylne et al., 2021)

Many studies have demonstrated that probabilistic forecast skill and reliability can be improved
through the use of multmodel (or WupeKpensembleswhere multiple ensemble forecast models
are combined together into a grand ensemigéeg. Park et al., 2008; Hamill, 2012; Matsueda and

Nakazawa, 2015Ensemble forecasts can also be used to carry out ensebadsled sensitivity
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analyse,to explore key factors controllindpe nature andpredictabilityof weather eventgHakim
and Torn, 2008; Wu et al., 2013; Lynch and Schumacher, 2014; Torn et al., 2018; Zhang and Meng,
2018; Hu and Wu, 2020; Shen et al., 20Rgsearch has consistepttoncluded that if the

probabilistic information that can be derived from ensemble forecasts is appropriately presented
to people, they can understand it and use it to improve their decision mgRimberger et al.,
2022b)

Upgraded supercomputing fadidis are allowing several NWP centresgian to dropd K SA NJ WK A 3K
NE&a2tdziAz2zy RSGSNNAY A arésol@ionfeashidbld foiedastIhe fiyst c@nitréd 2 dzNJ 2 T K
to do thisis ECMWEF in June 2023, when the horizontal resolution of the mediunge ensenble

(ENS) increaseto 9km (ECMWF, 2023)Therefore efforts to increase the pdhrough of the

benefits of ensemble forecasting into forecasts and warnings of extreme weather phenomena such

asTG have never been more important.

The followingglobal ensemble forecast models are used in this theMet Office Global and
Regional Ensemble Prediction SysttnOGRERS) (in Chapter 4) European Centre for Medium
Range Weather Forecasts EnsemBIENMWF EN$in Chaptes 4 and6) and National Centers for
Environmental Prediction Global Ensemble Forecast Sys#fEP GEFHS Chapter 4). See Table
2.1 for further details.

Model Number of members Resolution| Forecast length
MOGRERSG 36 (18+18 timdagged) 20 km 8 days
ECMWF ENS | 51 18 km 15 days
NCERGEFS 31 25 km 35 days

Table2-1. Summary of the msemble forecast models used in this thésigr to ECMWF ENS upgrade in June 2023)

2.2 Tropical cyclore

2.2.1Climatology

Tropical cyclones (TCs) aree ofthe mostpowerful and destructive weather systems on earth
bringing surface winds as high as 300kmthrrential rain and powerful stornsurges Defined by
Ramsay2017)asl nain-frontal synoptic scale loyressure system over tropical and subtropical
waters with organized convection and a closed cyclonic-llevel wind circulatiog, they typically
form in tropical oceans atatitudes between5° and 30° north or south of the equatomhere
converging winds near the ocean surface force air to rise to form a clastdunderstorms If
conditions are righ{includingsea surface temperature (SSif)at least 26.5C a steep vertical
temperature gradient, high lowetropospheric relative humidityand low wind shea), the
convective are&an grow in sizebegin torotate andbecome an intense seffustainingTC(Gray,

1968; DeMaria et al., 2001There are aroun80 TG each yeaglobally, two thirds of theseform

Chapter 2 Literature review



@

in the Northern Hemisphere from about June to Novemlaerd the remaining third form in the

Southern Henispherenormally fromNovember to May

2.2.2Rainfall

The precipitation structure in matur@G is composed of several distinct structural areas: the
eyewall (a ring of heavy convective precipitation and high winds wrapped around the centre of
circulation); the spiral rainbands outside of the eyewall, which contain a mixture of convective and
stratiform rainfall; and primarily stratiform precipitating areas not within the eyewall or rainbands
(Rogers et al., 2009%ee Figure-2 taken from Houe (2010)for an illustration of an idealised but
typical array of rainbands and eyewalls in aThe heaviest rain ratesccurin the eyewall region,
with peak rain rates occurring at radii less than 50kom the centre of the stormand themean

rain rae decreasng from therewith increasing radiugLonfat et al., 2004)A study ofthree
landfalling TCsn the U.S found that i) before landfall, the maximum rainfall tends to be
concentratedbetween 50 km and 100 km from theentre of circulation ii) after landfall, the
maximum rainfall movetowards thestorm centre aghe eye collapses; iii) as the storm moves
inland, the peak rafall reducesand the rainfall distribution mowveaway from thecentre with
orographic amplification of rainfaplaying a key roléVillarini et al., 2011)A recent study of
landfalling TCs in China showed that TCs with a smaller inner core (measuhedragtius of the
maximum wind (RMW}end to have higher rain rates with higher axisymmetry than larger TCs, but
that irrespective of size rainfall occurs within a 5° raqias et al., 2022cMost studies that have
assigned a set radius for defining-feated rainfall, have used a radius of either 500t and
Nelson, 2013, 2016; Jiang et al., 2011; Luitel et al., 2@B®km(Zhou and Matyas, 2010r 5
degreeq(Guo et al., 2017)A radius of 500km from the centre of the storm track is usedetfine

TC rainfall in Chapters 5 and 6.
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Figure 21. Schematic illustration of radar reflectivity in a Northern Hemispfié&@d&aken from Houzg010)

The relationship between the intensity (maximum wind and mslp minima) of the TC and its
associated raifall is not straightforwardT C rain areado not always correlate well wittihe spatial
extent of strong windsand are often largermeaning thatmoderately heavy rainfall may
commence before damaging winds arrive, decreasing the time available forrpoayEess activities
(Guo and Matyas, 2016)he mean rain rate close to the centre of the stotends toincrease with
increasing storm intensity but differences in rain rates among the different storm intentdties

to vanishat greater distances from thcentre e.g.by 300km from the centré€Lonfat et al., 2004)
Racoma et al.(2022) did find a positive relationshipbetween TC intensityand extreme
precipitation, whileYu et al(2015)found that dthough on averagaigher intensity TCs have larger

peak axisymmetric rain, total raiandrain areasstronger TCs do not have systematically higher

maximum rain rates than weaker storms

The total rainfall produced by a TCiidgluencedby the length of time a TC spendsgeo a given
location, which is dependent on the size of the rairdedlaandthe translational speed of the storm
(Rogers et al., 20094 slow alondrack motion, or stalling near or after landfall, can lead to higher

amounts of rainfal(Racoma et al2022) while brgerTG also increase the rainfall hazard as they
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precipitate upon one spot for a longer tinand bring rainfall to a wider areé&rong upperlevel
atmosphericforcing (i.e. dynamic processes that force air to risach asupper level diergence)

can lead to highainfallamounts even from systems moving at an average forward moti@rain

fields also contain asymmetries caused bgnvironmental effects such a®pography, storm
motion, verticalwind shear and interaction with midlatitudeveathersystemssuch as uppelevel
troughs There are many orographic effects on TC rainfall, including modulation of the microphysics
and dominant rain processes in addition to the direadbgraphic enhancement of thainfall due

to thelifting effect of the terraifDeHart and Houze, 2017; Qiu et al., 208%rm motiongenerally

leads to an area of lowlevel convergence andreaterrainfall in the frontright quadrant of the
storm (Zhou et al., 2018)n weak vertichwind shear, the TC eyewall and rainband precipitation
are more symmetric around the centre, but they become increasingly concentrated downshear and
left-of-shear (for Northern Hemisphere storms) as the vertical wind shear incrééses al., 2015;

Bell 2019) leadingto an exposed circulation centre and a reduction of the potential magnitude of
rainfall. Wider environmental interactionscan modify the TC rainfall pattern substantially and
generate remote rainfall events, which is one of the challengésrecastingl Crainfall (Bao et al.,

2015; Deng et al., 2017; Cheung et al., 2018)

Climatologically, TC rainfall contributes significantly to the total and extreme precipitation events
in all global regions where TC landfalls od@uat and Nelson, 2@; Villarini and Denniston, 2016;
Bagtasa, 2017; Khouakhi et al., 200IMe changing climate is likely to lead to an increase in the
hazards and impacts from TC rainfall, with increasing TC rain rates already being dgteczi@en

and Jiang, 2021)and projections that rainfall over land may be particularly increased due to
stronger updraft{Scoccimarro et al., 2017he latest comprehensive assessment of the projected
responses o G to climate changénutson et al., 202Gpund mediumto-high confidence in an
increasein TCrainfall rates with a median projected increase of 14866 a 2Cglobal warming.
Other factors important tol Crainfall such as translation speed may also be impacadttiough
confidence in projections of TC translatiopegd is lowdue to a lack of consensus in climate

projections and in recent observed stud{&®ossin, 2018; Moon et al., 2019; Yamaguchi et al., 2020)

2.2.3Fluvial flood hzard and impact

The hazards associated witlT&include strong winds, tornadoes, heamain, storm surge, waves,
flooding (coastal inundation, pluvial and fluvial), and landslides. These often occur simultaneously
in space and time, leading to difficulties for emergency preparedness, response and recovery
programmes, and a need to considexzards and impacts in a multazard contextYet the focus

on TC prediction has traditionally been on the track and intensity, and the associated wind hazard
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close to the landfall location, rather than on the multiple and cascading hazaits as fluvial

flooding

Flooding is defined by thetergovernmental Panel on Climate Chanfg0asa ¢ KS 2 GSNFf 26 Ay 3
of the normal confines of a stream or other body of water, or the accumulation of water over areas

GKFG FNB y2i vy 2RO 2012Ruvia fikyo8ddEvBeR & watercourses' capacity

is exceeded resulting in water overflowginn to surrounding landand areaffected bythe intensity,

duration, amount, and timingf precipitation They are also affected lsptchmentconditions such

as water levels in the rivers, soil character and status (soil moisture content and vertical

digtribution), urbangation, and the existence of dikes, dams, and reser(&ases et al., 2008)

Flooding due to heavy rain TCs is a significaabd dargerous hazardnalarge study off Crelated
fatalitiesin the U.S, Rappaport(2014)found thatrainfalkinduced flood deaths occurred in more
tropical cyclones thadeaths fromany otherTChazard An earlier study(Rappaport, 2000found
that freshwater floods caused more th&alf of the 600 U.S. deaths directly associated Wi or
their remnantsin the 30year period 1979, with more than threequarters of the victims under
age 13dyingin rain-induced floods and most fataks occurringin inland countiesRver flooding
from landfallingTG is alsoresponsible for severe socioeconomic losses around the dihrg et
al., 2020)TCs account for a significant percentage of the total number of fletated fatalities in

countries most often directly impacted by landfalling evefiis et al., P18),

TCrelated fooding often occus far from thecentre of storm, spread far inland, and lastbeyond
when the cyclone has dissipatédillarini et al., 2014a; Khouakhi et al., 2Q4¥ith insurance data
indicatingtwice as many residential losses fradneshwater flooding compared to storm surge
losses(Czajkowski et al., 2017xcluding Hurricane Katrin80% of hurricane fatalities between
1970 and 2007 occurred outside of landfall couni{i€zajkowski and Kennedy, 2018pwever,
despite the role of inland flooding in Fr€lated deathsevacuationdecisionmakingdoes notoften
include a consideration diie riskof inlandflooding(Stein et al., 2010Residentoften misconstre

the greatest threat as coming from wind rather than watkteyer et al., 2014)for example using
the intensity of the storm on the Saffir Simpson scaés a keyletermining fator in the evacuation
decisionmaking during hurricaneé/NVhitehead et al., 2000)The potential for heavy rainfall is
LINS&Syd NB3IIFNRE SAa(NECT 2028k SIWS, A02a¥ N Csdhat @re GoSsHieredB
GoSE{1¢ o0& (NI RAGA 2a still proflucdl eltyemelyhéavy YathfalbareNiBatlingO
impacts (Tang et al., 2021)This showghe importance of increasing public awareness of the
dangers of inland flooding, and of a better understanding of those factors that influence the severity

of flood-related hazards.
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While thereis broad understanding, largely through case study or regional angSaia et al.,
2015; Hernadndez Ayala and Matyas, 2016; Yu et al., 2017; Jiang et al., 2018; Touma et al., 2019; Li
and Liu, 2022; Racoma et al., 202BP23) of those factors thatinfluence rainfall patterns in
landfalling TCs, why seemingly similar landfalls and tracks have different rainfall distributions
(Cheung et al., 2018and how lydrological factorssuch as soil conditions and orographg|p to
determine which TC cases had elevated impacts from floo{lReppaport, 2000; Sturdevaikees

et al., 2001) systematic global analysis to objectively confirm these drivers and their relationships
to downstream flood hazard is lackinghis isaddressed in Chaptds, whichundertakesa global
analysis of the key meteorological and hydrological factors that lead to an increased fluvial flood
hazard from TCdor example, the importance of translation speed, highlighted in a study of
cyclone-induced rainfall in Australia in Saha et al. (2015), is confirmed in the systematic global
analysis of TC flooding in Chapter 5. The idea of assessing the extent to which multiple key TC
characteristics combine to affect the likelihood of extreme precipitation in northern Philippines
(Racoma, 2022), is also taken further in chapter 5, to look at how key factorsinfluencing TCrainfall

combine to modulate flood severity across a large global sample of TCcases.

2.3 Forecasting of tropical cyclones

2.3.10perational forecasting and global-aperation

For morethan 50 years, the World Meteorological Organization (WMO) has led global collaboration
efforts with an aim of improving TC forecasts and warningsl972,the WMO Tropical Cyclone
Project (now Programme)(TCP)was created which established sixRegional Secialized
MeteorologicalCenters (RSMCs) and 3ropicalGycloneWarningCenters (TCWCsgsponsible for
providing realtime warnings to the publiRamsay, 201{see Figure 2). It is these centres that

are surveyed in Chapter he International Best Track Archive for Climate Stewardship (IBTrACS
(Knapp et al., 201@pllects from these international centres théiest estimates of Clocation and

intensityto createa merged tpbal dataset for public us@his data is useih Chapters 4, nd6.
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Figure 22. Map showing the six Regional Specialized Meteorological Centers (RSMCs) and the six Tropical Cyclone

Warning Centers (TCWCs) assigned by the World Meteorological T@yxgane Programm&aken from Ramsg2017)

2.3.2Forecasting track and intensity

TCforecasts have been issued by RSMCs for over 50 ,yatsssed on forecasting the track,
landfall location and intensityOver that time there have been remarkable improvements in the
forecasting of theT Ctrack (Figure 23a), with track errors reducing by around two thirds in just 25
years(Landsea and Cangialosi, 2018; Yu et al., 2022adriety of TC tracking methods arsed,
including statistical forecasting techniques, dynamical modelling, statistjcelmical techniques,
and hybrid techniquegRoy and Kovordanyi, 2013yith a traditional emphasis on utimodel
deterministicconsensus forecast guidanaemany operabnal forecasting centre€soerss, 2000;
Simon et al., 2018)Track improvementsover recent years arg@rimarily due toadvancesin
observational technology, data assimilation, ananerical weather prediction mode(Yamaguchi

et al., 2017; Heming «tl., 2019)

Forecasting the intensity of TGsd in particular forecasting rapid intensificatitwas traditionally
been more challenging, although Figur8t2 shows thathere have beensignificant improvements
in intensity forecasts from RSMCsraten years(Cangialosi et al., 2020)hile work to improve
TCintensity forecasts from NWP models continues, including higher resolution ensemble forecasts

(Magnusson et al., 2019)
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Figure 23. National Oceanic and Atmospheric Administratfdbi®AA National Hurricane CentéNHC)Atlantic forecast
errors: (a) track errors in nautical miles, from 1950 to 2017 and (b) intensity errors in knots from 1990 to 2017. Forecast
lead timecolours: 12 hr: yellow; 24 hr: black; 48 hr: blue; 72 hr: green; 9%amn; 120 hr: magentdinear regression

lines are also showif.aken from Emanu¢2018)

Despitethe improvements il Cforecastskill,and predictions that track skill could improve further

in the future (Zhou and Toth, 2020; Yu et al., 2022g)s widely accepted that making perfect
forecasts will nevelbe possibleThis ivecauseas first demonstrated by Lorerft969) there exists

a limit of predictability beyond which further increases of skill are unattainable due to the cascading
of errors up to the synoptic scald@herefore a shift in focus of the research and forecasting
community towards poviding probabilistic forecast informatiombout TC trackuncertainty, and
pulling this dynamic forecast information ingorobabilistic TChazard andimpact forecasts is

recommended to maximise the usefulness of forecfistmdsea and Camdpsi, 2018)

To date, most metrics dffCforecast skill have focused dhe track and intensitydescribed in this
section Yet, in practice, these are far removed from the metrics of most utility to society, which
are more concerned with the probabilitiesf hazardous conditions at fixed points in space
(Emanuel, 2018With ensembleforecastsnow more widely availableprobabilisticTCforecasts
have great potentiglboth as effective ways of communicating risladvance of TC landfalhd as

better metrics by which model improvements may be judged.

2.3.3Forecasting precipitatioand flooding
Lamers et al(2022)prepared a summary of recent research studies and the forecasting challenges
of TCrainfall for the Tent International Workshop on Tropical Cyclones (IWLOCin Bali in

December 2022. Thestate that forecasts of TC rainfall are generally influenced by eight main

Chapter 2 Literature review



Q.

factors: movement, storm size, topography, moisturstability, diurnal cycle, vertical wirghear

and wider interactionsConsidering the timeequiredfor local governments to issue an emergency
alert or organize extensive evacuationainfall or flooding forecasts have to be provided to
decision makerat least2-3 days in advangevhich giva the complexity of the factors influencing

TC rainfall is still a challenging tg€lheung et al., 2018)

There are manyechniques for quantitative precipitation forecasting (QBF)C rainfallncluding
statisticaltechniqueg(Pfost, 2000)satellite-based forecastéidder et al., 2005; Ebert et al., 2011)
climatology-based techniqueg¢Marks et al., 2002; Lonfat et al., 200@&hd analogbased forecast
methods (Kim et al., 2020b, 2020a; Bagtasa, 2021; Jia et al., 202®) machine learnig
techniques showing promise in enhancing these analog and statistical metbiodst al., 2021;
Wang et al., 2022)

More complex NWP models are widely cited by operational TC foreeasts as a critical source
of guidance for TC rainfall predictiom, particular global models and their ensembles that can
provide coverage across a whole basin (Lamers, 2@Ppal NWP models have been found
provide skilful forecasts of TC rainfall with letides up to 48 h, without a consistently best model
(Luitel et al., 2018)However,globalmodels can suffer from insufficient horizontal and vertical
resolution to resolve orographic effects and physical processwb Hgherresolution regional
models such aslRRRHigh Resolution Rapid Refrésimd HWRHurricane Weather Research and
Forecastinyin the U.S (Ko et al., 2020; Dowell et al., 2022nhd AROME in the south west Indian

ocean(Faure et al., 202@an help to provide more detailed forecasts at short lead times.

Not all RSMCs are responsible for providing precipitation forecasts and warningg @oror
example, forTG in the U.S. mother NWS nationatentre, the Weather Prediction Center (WPC),
serves aghe specializeaentreof precipitation expertisandcreatesQPFoased on the NHC official
track forecastslt alsoissuesrainfall and flooding forecast productsased on thesesuch as the
Excessive Rainfall Outlook (ERO), whieiphically maps the probability of raififaxceedinglash
flood guidanceahresholds exhibiting good reliabilityErickson et al., 2021)

Lamerg2022)provides an international summary of the current state of warnings for rainfall and
associated floodingMany countries have adopted a tiered warning strategy for rainfall,
represented by differentoloursand/or names For example, India (IMD) provideapactbased
heavy rainfallvarnings along with designated colecode based actionable warnings for all major
cities and & also implementing amtegrated flood warning system for major flood prone cities
such asChennai In the U.S. the forecast proces at WPC has included exchange of

hydrometeorological insights with the newly creatétitional Water CenterNWQ, and these
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centres have engaged in evedtiven joint product creation (e.gropical cyclone key messages for
flooding)(Burke et al., 20231y W LI-¥EY$ NINBTF Y L¥E F2N Ff22RAY

phone in 2019, with five coloured levels to indicate flood risk at each location.

Approaches for hydrologi¢ modelling also vary from country to country, andare mostly
dependenton individual national meteorological and hydrological servicasher than being
carried out at the regional TC forecasintre, with a trend toward trying to account for more of the
complexity inmodelling approachegLamers et aJ.2022) In the U.S the NWSRiver Forecast
Centers (RFC) use the QPF operationally to forecast river levels pbikéy alongu.S.(Adams,
2016) whilethe new nationalcentre, the NWGC is currently building operational capacity and will

be the centre of expertise for hydrologyl.amers et al., 2022There are similar arrangements at
other RSMCs and national meteorological services. Flooding in particular can sometimes be handled
in a tatally different department. For example, in Mozambique, the official TC forecasts are received
from RSMC La Reunidmyt do not provide information on rainfall or floodinghd Mozambique
National Institute of Meteorology (INAMhen issue TC warningsd rainfall forecasts based on a
variety of rainfall forecast products. Flood warnings are the responsibility of Nagonal
Directorate of Water Resources Management (DNGRHKQ issue them based on observed trends

in river levels and a qualitative assessmef the TC and rainfall forecagmerton et al., 2020)

2.3.4Probabilistic forecasting of tropical cyclones

Dynamic ensemble forecast models have a vital role to plaiorecasting, through their ability

to highlight the situation dependent uncertainty and provide probabilistic forecast information to

help inform decision makers. Objectively identifying the forecast track of each ensemble member

is essential both for pgsmtS @Sy i Y2RSt S@lFtdz dA2y |yR F2N i
products in real time. Various tracking technigues are used by operational centres around the world
(Vitart and Stockdale, 2001; Van der Grijn, 2002; Tallapragada et al., 2013) amchichd€blodges,
MpppO® ! i GKS aSi hTFAOST I+ o0AGDFNRI (Btratkep n NB
known as MOTCTracker (Heming, 2017) is run in real time on the Met Office MOGR&stble,

and also on the ECMWF ENS and NCEP GEF®kssdihe resulting track information from the

three global ensembles are also combiniedo a 108member multimodel ensemble often
NBEFSNNBR (2 I a.A rangedotiptdSuts, Baoludirk) Yrapkolability and intensity
forecasts for bothamed and forming storms, are produced and used by forecasters in the Met
Office Global Guidance Unit. They are also distributed to several operafiGfuakcasting centres,

including the Regional Specialised Met Centres (RSMCs) in Miami, La Reuni@delhattds these

track probability forecasts that are verified in Chapter 4.
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Many global modelling centres produd€track forecasts from their ensemble forecast models

and share the forecast track data via the TIGGE (The International Grand GlamabEhgyclone
exchange programméSwinbank et al., 2016This TIGGE data is used to source the ECMWF ENS

TC track forecasts used in Chapter 6.

Previous studies evaluating named stamack probability forecasts using multhodel ensembles
have done thidor only one or two Northern Hemisphere basins (e.g. Majunatat Finocchio
2010; Yamaguchi et.aR012; and Lenardoand Collg 2017).Therefore there is a research gap to
thoroughly analyse muHlinodel ensemble skifbr all named storms worldwideo find if there is
benefit in terms of probabilistic forecast skill, reliability and value, from combining the ensembles
into a multimodel(super)ensemble To further establish the benefit of ensemble track probability
forecasts over traditional determistic techniquesa further research gap is to evaluatéether
using the full probability forecast information via the mutibpdel ensembledds skill compared to

a consensus forecast of the parent deterministic mod&lsese research gaps aaeldresed in
Chapter 4 with the global study confirming that the results of the earlier basin-specific studies,
such as the under dispersiorof the tracks in the MOGREPSG and NCHP GE-Sensemble found in
Leonardo and Golle (2017) and the additional skill found from combining the individual ensembles
into a multi-model ensemble (Yamaguchi et al., 2012), hold true when examined across all global

TCbasins.

Ensemble forecasting of TC hazards has received less attention, although this is changing in recent
years. For examplén Asia, ensemble forecasting systems show promising forecast skill, including
the ensemble typhoon quantitative prextation forecast (ETQPF) used in TaiwBlong et al.,
2015)and the Global Ensemble Prediction System (GEPS) precipitation forecasts fqClapamg

et al., 2018) In the Southwest Indian Ocean badime Systéme de Prévision des Inondations en
contexte Cyclonique (SPICy) project aimed to explore new probabilistic forecast products for TC
hazards such as coastatindationsusing both ECMWF ENS forecgBtsnnardot et al., 2019nd
high-resolution regional ensemble AROME EP$Bousquet et al.2020) In the U.S, a regional
HWRFbased ensemble was found to have good forecast skill and reliability for probabilistic TC wind
and precipitation forecastyBachmann and Torn, 2021An ECMWF ENS$ased combined
meteorological and langdurface indexthe flood hazard risk forecasting index (FHR&H found to
provide skilful forecasts up to four daghead forthe flash flooding in Hurricane Harv&jurlina et

al., 2020) For river flooding in TC casashandful of studies haveuccessfully illustratk the
potential offorcing hydrological models with ensemble forecast d&t&VRFbased ensemblevas

used to drive a hydrological model for the Lanyang basin during Typhoon Nan(risd et al.,
2013) NCEP GEFS data was used to foraoasidation extems for Hurricanes Irene and Sandy
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(Saleh et al., 2017and an ensemble based on tAiMA Nonhydrostatic Model (NHM)as used to

force a hydrological model for tighingu river basim Japar(Yu et al., 2016)

2.3.5Forecasting for humanitarian preparedness srshonse

Humanitarian and development agencies need to prepare for and respond to events st@hilas
order to prevent human suffering and loss€drer the last few years progress has been made in
developingsystems that provide funding based on a forecast of an extreme eldtiitives such

as Forecasbased Financing (FbF) and the UK's Science for Humanitarian Emergencies and
Resilience (SHEAR}Eearch programmabave helped to ensure that forecasts can be usethke
early action ahead of a disast@oughlan de Perez et al., 201BprTCcases many humanitarian
agencies rely on forecasts frafme Global Disaster Alert and Coordination Sys{&DAC) which
classifesTG based on their winds, but do not currently include rainfall foreoaisany uncertainty
information (GDACS, 2023Yhe World Food Programme (WFRJvanced Disaster Analysis &
Mapping (ADAM) system includes forecasts T and includes precipitation forecasts, boily

using deterministic forecast data.

Part of the motivation behind this PhD project was to look at the potential for ensemble flood
forecasts from the Global Flood Awesiess System (GloFAS, S&sxtion2.5.3) to be used ifC

cases. GloFAS flood forecasts had previously been used for triggering humanitarian action based in
UgandaCoughlan de Perez et al., 20b6} their potential for TC cases was as yet untapped. Qurin

the timeline of this PhD project, GIoFAS forecasts have started to be used to produce forecast
bulletins for humanitarian agencies in TC cases, with the knowledge gained from this PhD able to
contribute to this work{see Emerton et al., 2020 Speight &t 2022, andsummarisedn Chapter

7). GloFAS forecasts are also now includeBanific Disaster Centre Disaster AWARE platform and
WFP ADAMflooding dashboards, so the relevance of the work of this thesis in aiding the

interpretation of flood forecastsn TC cases continues to grow.

2.4 Verification methoddor tropical cyclone forecasts

2.4 1Traditional verification metrics

In order toevaluatehow good our forecasts asientists ofteruse statistical metrics teerify their
accuracy, skill and other characteristithe most common verification metric used to analyse a TC
forecast from an NWP model is to verify the TC forecast track error, defined as thecyobat
difference(the shortest distance between twmoints on the surface of a sphere, measured along
the surface of the sphejed St 6 SSy | teht@ positbr aidtielbéstiack position at

the verification time. This is a vector quantity, which is sometimes decomposed into components

of along and crosstrack error, with respect to the observed best trgddVGFVR, 2013)C intensity
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is often represented by either the maximum surface wind speed averaged over a particular time

interval or by a minimum surface pressure estimate. The mean valuesafathiintensity errors
provides an estimate of the bias in the forecast intensity values, whereas the mean of the absolute
errors indicates the average magnitude of the errdhe size of a TC is typically given by "wind
speed radii", expressed as the diste from thecentre of the TC to the maximum extent of winds
exceeding 34nd 64 kots (tropical storm and hurricane strengthbut the uncertainty associated

with the analysis of these valuds quite large due to the limited density of available wind
observations, making verification challengin§C track and intensity errorare calculatedin
Chapter6.

When verifying rainfall, the accuracy of predicted rainfall accumulations over fixed periods and for
the duration of the storm are of interesDbservatons ofTCrainfall are important foenalysing the
rainfall patterns inTG and for verifying their forecasts, and are generally gehaped, satellite
based or from reanalysetSun et al., 2018)Rain gauges are indispensable for measuring
precipitation drectly, but global gauge density is limited atieir distribution is unever{Kidd et

al., 2017) Satellite dataprovides a more uniform globatoverage,and the internationalGlobal
Precipitation Measurement (GPM) mission useastellation of satellites to improve sampling
using itsintegrated MultisatellitE Retrievals for GPM (IMER®jorithmto combine microwave

and IRbased observations to increase accuracy and relialfifiu et al., 2014; Huffman et al.,
2019) IMERGoffers global rainfall estimates with a spatiotemporal resolution of 0.1°x0.1° every
0 N ufes,yheaning it is able tdetter represent TC rainfall compared to its predecessbe
Tropical Rainfall Measuring Mission (TRMti-satellitePrecipitation Analysis (TMP@&hen and
Huang, 2019; Yuan et al., 202IMERGhas been found t@apturethe detailed spatial structure of
rainfall associated witiCs, especiallyithin the first 100 km from the T€entre outwards(Rios
Gaona et al., 20)8and for severe flooding cases such as Hurricane H&Drayanian et al., 2018)
GPM IMERG data is used in Chaptean®6. Reanalyses aim taptimally combir observations
andmodelsOw! p A& 9/ a2cCcQa fFiSad O2YLINBKSyarAgdS FidYyz2aLK
grid resolution of about 31km/0.2812%Mersbach et al., 202@ndis used in Chapteb. A sSmple
gridpointbased error measurgdMean Absolute Error) wasalculatedagaing IMERG datan
Chapter6 in order to provide a basic precipitation score to compare against track, intensity, and

discharge scores

2.4.2Ensemblédased verification metrics
Verification methods applied to ensemble forecasts have two nohiectives: 1) to asss the
characteristics of the ensemble distributioand 2) toverify the probability forecastsSeveral

metrics are required to fully evaluate the various attributes of ensemble forecast quality such as
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skill, reliability, sharpness and valueetailed reviews of ensemble forecasterification can be
found in Wilks (2011) and Jolliffe and Stephenso(2012) Commonly used verification metrics
include rank histograms, reliability diagrams, spread vs. skill plots, Relative Opé&iadiragteristic
(ROC) plots, Brier Skill Score (BSS) and the Continuous Ranked Probability Scoree(&RES)
economic value platare another useful verification tootlisplayng the relative improvement in
economic value between the sample climatolayd a perfect forecast foa range ofcostloss
ratios (Richardson, 2000The track probability verification carried out in Chapter 4 includes ROC

diagrams, Relative Economic Value plots, reliability diagrams and Brier Skill Score calculations.

2.4 .3Featurebased verification metrics

Mislocated features, which can be a problenTiBrainfall forecast due to track errors, give rise to

the "double penalty", where the forecast is penalized for predicting something where it did not
occur, and again for failing tpredict it where it did occur. Spatial verification approaches such as
the Fractions Skill Score (FSS) were developed to address this issue by explicitly considering the
spatial coherence in the forecast and observed fi¢Risberts and Lean, 2008; Mittaaier et al.,
2013) Featurebased verification metrics take this idea further, aiming to provide objective
information that mimics human judgment when comparing mapped forecasts and observations
(Gilleland et al., 2009, 201@rovidinginformation on how well forecasts have captured the rainfall
area, location, and intensity of threshelithsed objects identified in the observed and forecast
fields. Examples of objedbased verification methods include the Contiguous Rain Area method
(CRA\(Ebert and McBride, 2000; Ebert and Gallus, 200@) Method for Objecbased Diagnostic
Evaluation (MODEDavis et al., 2006, 2009nd the Structure Amplitude Location method (BAL
(Wernli et al., 2008, 2009%50me objecbased methods have beduarther adapted and applied to
ensemble verificatioriGallus, 2010; Radanovics et al., 2018; Ji et al., 2020; Dube et al,, 2022)

Only a handful of studies have applied featln@sed verification td Crainfall forecastfMarchok
et al., 2007; Chen et al., 28; Yu et al., 2020and only to deterministic forecastBo my knowledge
there has not been any attempt to apply objdzised methods to ensemblEC rainfalforecasts.
An initialemployment ofSAL, MODE and CRA methodsedfy ensemble TC rainfall fecastss

introduced and discussed Chapter?.

2.5 River food forecasting

2.5.1Background
Flood forecasting and warning systems have been shown to reduce impacts and save lives and these
systems are an increasingly important tool for water managers and emergeapgredness and

response activitieAdams and Pagano, 2016)ydrological forecasting techniques inchsimple
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statistical and watebalance approaches, rainfalinoff modelling, and hydrological and hydraulic

flow routing (Sene, 2010)Some approaches are purely based on statistical linkages between
upstream and downstream gaug@sranchini et al., 201 1yhich can be effective on longer rivers
or where only short lead times are needed. However, most hydroloffioatasts aim to transta
meteorological observations and forecast#o estimates of river flows, usingainfallrunoff

models.

The rainfalrunoff models used for flood risk assessment use rainfall inputs to provide runoff
outputs, are generally built around simplifying as®tions of natural hydrological system and have
evolved greatly in the last few decad@e\en, 2012) These models can be divided into statistical,
conceptual or physically based modeBatadriven gatistical models lack a description of the
underlying hydrological processes and are usually expressed as empirical ifiautéis, 2007)
Conceptual modelsteempt to describe the underlying physical processes using more complex
empirical equations. Physically based models are more strongly grounded in the physics of the
underlying hydrological processes and have equations that are based on the laws of aboserv

of mass and energy. Routing techniques used in hydrological models are broadly classified as either
hydrological or hydraulic routing. In hydrological routing, the tivaeying flow is computed at a
single specified location downstream, while in hydic flood routing the hydrograph is
simultaneously computed at several cresections along the watercourse, requiring detailed
channel bathymetry and roughness ddtiain et al., 2018Hydrological models can be further
categorised by scale. Lumped naetsl are the simplest and assume homogeneity of hydrological
response across the entire catchment. More complex distributed models consider the spatial
variability of the catchment physical properties, while selisiributed models seek to find a middle
ground benefitting from the strengths of both lumped and distributed modé€kiria et al., 2022)

Best practice in flood forecast and warning systems has increasingly moved towards the use of
physically based distributed mod€M/MO, 2011)

In recent decadebetter scientific understanding of physical processes and increased computing
power has allowed the development of increasingly complex and realistic hydrological models,
while satellite data has improved calibration, and technological advances havelhelbevarning

distribution. However, there are still many challenges to overcome, including ongoing difficulties in
the availability of reliable, spatially distributed, river discharge observations from river gauges,

particularly in more vulnerable counéts(Lavers et al., 2019)

It is also crucial to be able to estimate and communicate to flood forecast users the uncertainty in
the river discharge and flood forecasts. In hydrological forecasting, the key sources of uncertainty

are the input data, model structure and model paramst€Zappa et al., 2011 with the largest
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uncertainty usually coming from the meteorological forecast infpddore, 2002; He et al., 2009;
Emerton et al., 2016)herefore there is an increasing focus on ensemble flood forecastioge
and Pappenberger, 2009yvhere ensembleweather forecastmodelsprovide arepresentation of

that meteorologicaforecast uncertainty.

2.5.2Ensemble flood forecasting

In ensemble flood forecasts, probabilistic river flow predictions are produced by forcing a
hydrological model with ensemble precipitation forecast d¢@ark and Hay, 2004; Cloke and
Pappenberger, 2009; Cloke et al., 2013Bhsemble flood forecasting has gained significant
momentum over the past decade due to the growth of ensembésather forecast mdels an
increase in the availability dfigh-performancecomputing,and a graduashift from deterministic

to riskbased decisioimakingto account for forecast uncertaint@WVu et al., 202Q)International
community-building activitiessuchas the Hydrologic Ensemble Prediction Experiment (HEPEX),
whichseeks to advance the science and practice of hydrological ensemble prediction and its use in
impact and riskbased decision makingpave ato helped to build this momentuifSchaake et al.,
2007)

A review of ensemble flood forecasting research from 2001 to 2019 fédrqmhpers focussing on
various aspects of ensemble flood forecasting around the g{dte et al., 2020)Although there
wasanincreasing trend in the number of papguer year throughhe period the vast majority of
studies areconducted in countries in the northern hemisphere or in the developed waithdre

was also an increasing trend in studies applying ensemble floodafsting to solve aealworld
problem, although these remain fewer than those studies focussing on modelling techniques and
evaluation The papers reviewed did not include studies on the use of ensemble forecasting in
emerging application areas, such as @waion planning in emergency management and risk
mitigation for humanitarian actiond.he work of Chaptes, looking at how global ensemble flood
forecasts can be used to help understand the cascading predictability of flooding in TQvbdses,

not directly looking at these areasan hopefully provide useful insight for thesemmunities to

help advance early flood warnings in TC cases

2.5.3GIloFAS

The forecasting of floods at the global scale is crucial to providing early awareness of potential
impactful flood events in those regions where local flood models and warning services may not
exist(Emerton et al., 2016The Global Flood Awareness Sys{@toFAJFis the global flood service

of the European Commission's Copernicus Emergency Management Service @RENI8)yides

an operational system for monitoring and forecasting floods across the \{igddigan et al., 2023)
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with over 5000 registeredaers(Harrigan et al., 2020However, prior to the start of this PhD

research, the potential of GIoFAS to help to provide early warning of river flooding in TC cases was

largely unexplored.

GloFASs one ofonly two global scalensembleoperational flood forecasting systen@merton et

al., 2016); The other is the Global Flood Forecasting and Information System (GLOFFIS) run by
Deltares(den Toom et al. 2020). GIoFAS wamintly developed by the Joint Research Centre (JRC)
of the European Commissicand the European Centre for MediwiRange Weather Forecasts
(ECMWE)and went preoperational in 2011(Alfieri et al., 2013)becoming a fully operational,
supported service in 2018t coupks global EC EN$put data with hydrological modelling to
produce river discharge on a global river network, currently at 0.1 degree resalltitims thesis,

the version of GIoFAS used is v2.1, lemmented in November 2019, so this will be described in
more detail. GIoFAS v2.1 couples the ECLand surface and subsurface runoff outputs to-Lisflood
routing to produce river discharg&CLand is the land surface modelling platf@Boussetta et al.,
2021) that processesECMWF ENS meteorological foreca$iough the land surface module
HTESSHIhe HydrologyTiled ECMWF Scheme for Surface Exchange ove) (Baldamo et al.,
2011) to create surface and stdurface runoff fieldsThe Lisfloodrouting modelisan open source
distributed semiphysically basednodel developed at theloint ResearchCentre (JRCf the
EuropeanCommissior{Van Der Knijff et al., 201,Qyith a calibratedhydrological routing scheme
(Hirpa et al., 2018)GIoFAS v2.includal a revised hydrological reanalysis based on the officially
released ERAS5 meteorological forcing from 1979 to 28{drigan et al., 2020ERASs the most
recent atmospheric reanalysis product of ECMWF, and coversl&i-present period with a

horizontal resolution of ~Bkm (Hersbach et al., 2020)

A first systematic evaluation of GIoFAS hydrological forecaggiskililly found thatGloFAS is skilful

AY 20SN) oz 2F OF GOKS Y & § RA WSRK 82Y dapagadmSad aip i & 20 mp
persistence benchmark forecast and skilful in over 80% of catchments out to the extended range

6mMc G2 on RO F3FAyad | QHarigdn eRd., 22828)The GloFAS Yy OK Y I NJ
ensemble river dischargeanalysisand reaitime forecast datasts are freely andpenly available

through the Copernicus Climate Change Service (C3S) Climate Data Sto(Z4@B@j al., 2019;

Harrigan et al., 2021Yhe GIoFAS v2.1 reanalysis is used in Chapterd 6, with the GIoFAS v2.1

forecasts forming a key part of Chapter

GloFAS can provide early warnings of upcoming flood events for decision makers ranging from
water authorities and hydropower companies to civil protection and international humanitarian aid

organizations available via an interactive map viewenttps://www.globalfloods.eu/glofas
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forecasting). For example, thélood summary mapdisplayed in Fige 2-4 combines the 2

(yellow), 5 (red) and 26year (purple)return period exceedance probabilities into categorical
information: the return period thresholds are calculated by fitting a Gumbel extreme value
distribution to the GloFAERAS river dischaggeanalysis over the 1978018 periodZs6téret al.,
2020) Reporting points are chosen at fixgdelected from 4000 gauged river stations included in

the Global Runoff Data Centre (GRBX://grdc.bafg.de/)) and dynami¢choserto provide similar

information in river reaches where rgauge data is availablications in the river network where
upcoming flood hazard is detected. These points are assigned an alertddwet depeiling on
the meandischargdorecast peak compared to the return period thresholds, and ravepward
pointing triangle if the discharge forecast is rising, and a downygardting triangle if it is falling.

When you click on a point édischargehydrograph for that river point is displayed
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Figure 24. Screenshot of the GIoFAS map viewer for the recent case of Cyclone Freddy, which made its final landfall in
Mozambique on 1th March 2023. The selected point is on BigireRiver in Malawi, whicllid experience significant
flooding and impact¢$NASA earth observatory, 2023)

Severalstudies havdnvestigated the potential foGloFASorecasts to be used ihumanitarian
preparedness activitieand flood early warning in particular regions suadthe Amazon basin
(Towner et al., 2019Bangladest{Hossain et al., 2023)0ganda and Keny@itheu et al., 2023)

and Myanmar and the PhilippinéslacLeod et al., 2021} he research presented in Chapters 5 and

6 provided the first opportunity to inwaigate the potential of GloFASrecasts andsloFASERAS
reanalyses tdelp in flood early warning and flood predictability assessment specifically in flooding

caused by TCs.

2.5.4Verification methods

Traditional verification measures bfdrologicalperformanceinclude theroot-mean square error
(RMSE), mean absolute error (MAE), N8slicliffe Efficiency (NSBE)ash and Sutcliffe, 1970)
Pearson correlation coefficiemnd modified KlingGupta efficiacy (KGH)Gupta et al., 2009; Kling
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et al., 2012) TheKGHs increasingly considered as the standard performance metric in hydrology

(Knoben et al., 2019; Lin et al., 201@®hen considering the output offsemble flood forecastin

a probabilistic formpther measures suited for probabilistic forecasuch as those described in
Section 2.4.2 and initially developed for use with meteorological ensemble datee now
increasingly being applied to hydrological ensemble forecdBi®wn et al., 2010; Demang et al.,
2010)

In Chapter6 the modified KGE is used to score the hydrographs from each ensemble member in
order to compare performance with other stages of the TC flood forecast chain such as the track

and precipitation errors

2.6 Summary

This chapter has provided additional background information on the current state of ensemble
forecasting, TC forecasting and research, and river flood forecasting, providing additional
motivating material behind theaim andobjectives of thisresearch,and introducing the main
datasets and methods used in the thesis. The following four chapters contain the four main papers
published as part of this researchith the details of the datasets and methods that are used in

each of these studies deisbed in the relevant section of each of these chapters

Chapter 2 Literature review
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Chapter 3Current and potential use of ensemble forecasts in
operational TC forecasting: results from a global forecaster survey

The firstobjectiveof the PhD was tadentify the current and potential use of ensemble forecasts
by operational TC forecast centreShe paperaddressing this objectivbas been published in

journal Tropical Cyclone Research and Re{i@RRwith the following reference

Titley, H.A., Yamaguchi, M. and Magnusson, L. (2019) Current and potential nserob&e
forecasts in operational TC forecasting: results from a global forecaster survey. Tropical
Cyclone Research and Review, 8 (3)186. doi:10.1016/j.tcrr.2019.10.005.

The contributions of the authors of this paper are as folloWs. designed theexperiment,
produced the datasets, carried out the analysis, and led the writing of the manuddrigtand
LM. assisted with posing the research question and designing the analysis. All authors assisted with

writing the manuscript. Overall, 90% of tiiting was undertaken biA.T..

The published article can be found in the Appendix Al.

Abstract.In order to understand the current and potential use of ensemble forecasts in operational
tropical cyclone (TC) forecasting, a questionnaire on the use of dynamic ensembles was conducted
at operational TC forecast centers across the world, in assocmaitbrthe World Meteorological
Organisation (WMO) Higlmpact Weather Project (HIWeather). The results of the survey are
presented, and show that ensemble forecasts are used by nearly all respondents, particularly in TC
track and genesis forecasting, wittvgral examples of where ensemble forecasts have been pulled
through successfully into the operational TC forecasting process. There is still, however, a notable
difference between the high proportion of operational TC forecasters who use and value easembl
forecast information, and the slower ptitirough into operational forecast warnings and products

of the probabilistic guidance and uncertainty information that ensembles can provide. Those areas
of research and development that would help TC forecadtemmake increased use of ensemble
forecast information in the future include improved access to ensemble forecast data, verification
and visualizations, the development of hazard and imjeacted products, an improvement in the

skill of the ensembles (pcularly for intensity and structure), and improved guidance on how to
use ensembles and optimally combine forecasts from all available models. A change in operational
working practices towards using probabilistic information, and providing and commiungcat

dynamic uncertainty information in operational forecasts and warnings, is also recommended.

Chapter 3 Curent and potential use of ensemble forecasts in operational TC forecasting: results
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3.1 Introduction and aims of the questionnaire

For over 25 years, dynamical ensemble model forecasts have been routinely produced by several
global numerical weatheprediction (NWP) modelling centefBalmer, 2019)Instead of making a
single forecast of the most likely weather, an ensemble of forecasts is produced, taking into account
uncertainty in the initial conditions, and imperfections in the model formulation, and aiming to give
an indication of the range gfossible future states of the atmosphere. Buiz2@08)described the

G2 YIFIAY FTR@OIylGlFr3Sa 2F SyaSyoftS F2NBOlFada 23SNJI
ensemble system predicts not only the most likely scenario but also the probabilitgwifrence

of any event, and second the fact that an ensemble system can provide more consistent (i.e. less
OKIFy3aSIofSov &adz00SaargsS F2NBOF adaodé

Dynamic ensemble forecasting of tropical cyclofl@Sshas an important role to play in capturing

the situation dgendent uncertainty in the forecasts for existing stor(esy., Dupont et al., 2011,
Yamaguchet al., 2012; Duet al., 2016; Leonardand Colle, 2017; Zhangnd Yu, 2017)and in
providing probabilistic information aboutCgenesis(e.g., Yamaguchi et al., 2015; Yamagacii

Koide, 2017)Many global NWP centers produ€€track forecasts from their ensemble forecast
models, developr Cforecast products, verify the forecasts, and share these vé@lmternational

Grand Global Ensemble (TIGGE) cyclone exchange prd@wimbank et al., 2016)There is,
however, great potential to increase the use of this probabilistic ensemble forecast information in

operational TC forecasts and warnings.

The World MG S2 N2t 23A 01t h MB¢aghgRiinpad ®eathed resedrah Qraject,
HIWeather, aims to enable increased global resilience to severe weather by improving forecasts of
severe weather and its impacts, and the communication of informatiorugers, especially
emergency manager@ones et al., 2014As a project within HIWeather, and in association with

the World Weather Research Programme (WWRP) Predictability, Dynamics and Ensemble
Forecasting (PDEF) working group, a group of internatiesdarchers started a collaboration
aimed at enhancing collaboration amongst the research and operational community on the topic
of ensemble forecasting and verification of TCs. The first activity was to design and circulate a
guestionnaire to all operatioal TC forecasting centers around the world asking about their use of

dynamical ensemble forecast information.

While it is acknowledged that the use of multiple deterministic forecasts in consensus forecasting
is currently a valuable cornerstone for tragkd intensity forecastinge.g., Goerss, 2000; Goerss,
2007; Sampson et al., 2008; Goesssl Sampson, 2014; Yamaguchi et al., 20kvprder to create

a manageable and clear scope for the questionnaire, neither consensus, statistical, nor analog

Chapter 3 Current and potential use of ensemble forecasts in operational TC forecasting: results
from a global forecaster survey
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based ensmbles, were included in the definition of ensembles. The questionnaire defined
"ensemble” to be a dynamicallyased ensemble run with multiple members, using a combination
of initial condition and model physics perturbations to represent the initial dodiand model
uncertainty, in order to focus on the current and potential use of dynamic ensembles in operational

TCforecasting.

The questionnaire aimed to report a baseline on the current use of ensembles at global operational
TC forecascenters to the 9th International Workshop on Tropical Cyclones (f#y;T@nd help

shape future research and development in order to maximise the pull through of the benefits of
ensemble forecasts into operation@Cforecasts and warningsThe survey took the form of a
Google Form, and was sent to key contacts at operational centers worldwide using an email
distribution list provided by WMO, including Regional Specialised Met Centers (RSMCs), Tropical
Cyclone Warning Centers (TCWCs), ardltyphoon Committee Secretariat, for onward circulation

to their members. The forecasting centers were requested to circulate the survey to all forecasters
at their center, and several followp reminders were also sent to ensure as wide a participation a

possible. The more detailed objectives of the survey were as follows:

a) To document the current availability of ensemble forecasts in tropical cyclone forecast
centers, and their use by operational forecasters.

b) To ascertain how uncertainty is representedhe operational warnings for track, intensity,
genesis and hazards from their center, and whether or not this uncertainty information is
taken from dynamical ensemble forecasts.

c) To obtain examples where probabilistic forecasts have been successfullyaitee into
operations, but also occasions where hurdles have prevented them from being fully utilised.

d) To collate forecaster feedback on where they would like to see future research and

development focussed to enable them to make wider use of ensembéedsts.

The list of questions in the survey is contained in AppeBdixat the end of this chapteihe results

of the questionnaire were presented at IWBCin Hawaii in December 2018, as the main
O2YLRYSYyild 27F &ddz (2LA O wskofEflsanible Borecadts inDpbi&ighal |y
¢/ C2 NBW@ME@ 20x8) Ehis paper contains a more detailed writp of the results of the
questionnaire. Sectio.2 contains the results of the questionnaire, organised into-settions
according to the fourmain objectives as stated above; afection3.3 gives conclusions and

recommendations going forward.
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3.2 Results of the questionnaire

3.2.1Current availability and use of ensemble forecasts

It was important to ensure that the questionnaire results took into actothe views and
experiences of forecasters in all areas of the world, and from a variety of types of forecast centers.
A total of 60 questionnaire responses were received from 25 different centers around the world,
including RSMCs, TCWCs, national metiegical services, and the Joint Typhoon Warning Center
(see Figure 4). Please note that no question was compulsory so there are cases where the total
number of respondents does not add up to 60. Figugeshows theTCbasins that were selected

to be of interest to the respondents, and indicates that there is a good balance globally, with at
least 14 respondents having forecast interest in each of the global basins (with many respondents
having forecast interest in mornan one basin). The majority of respondents were operational
forecasters, but there were also inputs from managers, researchers, and others such as technical

developers.

@® RSMC Honolulu
® RSMC La Reunion
RSMC Miami
® RSMC Tokyo
® RSMC, New Delhi
® TCWC Jakarta
® TCWC Perth
® TCWC Wellington
® Canadian Hurricane Centre
@ Commercial forecasters
® ECCC, Met Service Canada
® Hong Kong Observatory
® Macao Met and Geophys Bur
@ Met Research Institute, JMA
Meteo-France Martinique
® Meteo-France New Caledonia
@ Met Service Singapore
® MetMalaysia
® NOAA /NCEP /CPC
® NOAA / NESDIS
® Thai Meteorological Dept
® University researchers
® WFO Guam, NOAA/NWS
® PAGASA
Joint Typhoon Warning Center

Figure3-1. Organisation of respondents to the questionnaire (including RSMC/TCWC where applicable).

Chapter 3 Current and potential use of ensemble forecasts in operational TC forecasting: results
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Figure 32. The tropical cyclone basins that were of interest to the respondents.

Dynamic ensemble forecasts were used by nearly all respondents (95%). Thishbés mo&ya
surprise, as although all forecasters were encouraged to fill in the questionnaire regardless of their
use of ensembles, it is to be expected that there would be a higher degree of motivation to
complete the survey if they were interested in enddmforecasting. Nonetheless it shows that a
large proportion of operational TC forecasters use ensemble forecasts. Thosdigvhat were

from National Met Services in developing countries, where ensemble forecasts are not readily
accessibleFigure3-3 shows the breakdown of how important respondents felt the use of ensemble
forecasts was in each of the main areasT@forecasting. Ensemble forecasts are seen to be
particularly important in track and genesis forecasting. For hafmetasting and impadbased
forecasting, although a handful of respondents did not use ensemble forecasts, the majority did,
but the importance of ensemble forecasts was less than in track and genesis forecasts. In intensity
forecasting, the categories we very evenly split, with a significant proportion of respondents not
using ensemble forecasts. The areas where ensemble forecasts were used least were in forecasting
TCsize/structure, and in extreropical transition forecasting (although this result may be influenced

by not all of the forecasters being involved in predicting this process).

Chapter 3 Currert and potential use of ensemble forecasts in operational TC forecasting: results
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The ensemble forecast information was accessed in a variety of different ways. Over half of
respondents were able to use ensemitlased products created at their cemfeout even larger

numbers looked at online products from other centers or products sent by global NWP centers,
either in combination with those produced-genter, or, in many cases, being reliant on these
external sources of ensemble forecast informati&nsemble data was also accessed from the

WMO Global Telecommunications System (GTS) and from the TIGGE archive. The most frequently
used ensemble models worldwide are the European Centre for Me®ange Weather Forecasts
Ensemble (ECMWF ENS) and thadwal Centers for Environmental Prediction Global Ensemble
Forecast System (NCEP GEFS) ensembles, followed by the UK Met Office Global and Regional
Ensemble Prediction System (MOGRBRS: WI LIy aSGS2NRf23A0Ff ! 3Sy0eQ
the Canadian glob@nsemble (see Figuredd. Again these models are used primarily for their track

and genesis forecasts, although a significant number do also use NCEP GEFS and ECMWF ENS for
intensity and hazard forecasting. A range of other ensembles are used by arsmatiber of

respondents.
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Over 90% of respondents used nmutiodel ensemble forecasts (multiple dynamical ensembles),
with around half using a fullrpbabilistic multimodel ensemble combination and half mainly by
comparing one ensemble with another. Calibrated ensemble forecasts wergvédisased, with

40% of respondents using them for track forecasting, and between 20 and 25% for intensity and
genesis forecastingkigure 35 shows that the product type used most regularly was the ensemble
mean track, followed by the tracks from the ensemble members (plumes), which were used more
regularly than the strike probabilities created from them. However,gtababilistic information in

the genesis products is wealked. It was noticeable that many respondents were keen to have
future access to additional ensemHbased products such as landfall probability, storm surge, river

discharge, flood risk and impabtsed products.

Chapter 3 Currentand potential use of ensemble forecasts in operational TC forecasting: results
from a global forecaster survey



®

B Regularly use B Sometimes use Available but don't use

. B Not available but would like to have B Not available or required

Number of respondents
a2 (%] oy or
(o] [==] a =

S & 9 3 & & 0 ¥
2 @é& & & xédb D_.@ S & & \‘i‘h" & &"é\ ‘\-‘{\b <
O E R O A A AR 2
) c?@ o =5 c}’t‘ 1\{;‘ ) & ,ﬁ" o
(\E,é;:\ & A% ?}\b {?’fb \"35\ 'bé
© @{Q\ rzic;' 63;} 48° < \*(Q
O $
o bt
A8 &
é\,_‘&
<5

Figure3p @ ¢2 KAOK I $ySERSeAND 3INRP O 0Af A&AGAO LINRPRdAzOGA& R2 @2dz dzaSKé

When asked if there was a particular product or ensemble that they would like to be able to see
the answers were very varied, includinganoperational ensembldased cone of probabilityi)

more useful intensity guidance including probability of intensity change and bias corrected intensity
forecasts from multiple ensemblgsi) hazard forecasts e.g. higimpact winds and precipitation,
storm surge, river discharge, flash flood risk/inundatiow) impactbased productsv) boxwhisker

plots of TC tracksndvi) ensemble clustering with probabilities.

Figures & and 37 show the differences in how forecasters use ensemble forecasts in two areas of
TCforecasting: tracks and intensity. Orflyur respondents said that they rarely used ensemble
forecasts for track forecasting, but thisseto half of respondents for intensity. However, well over
half of people for track, and a third for intensity, said that they mainly used ensemble forecasts to
compare the ensemble mean forecasts to the deterministic forecasts. This was more than those
who used the full probabilistic forecast information provided by the ensemble, indicating that at
present the ensemble information may be being used in a determiristigssed environment,
where it is harder to make full use of the probabilistic forecadbrimation provided by the
ensemble forecasts. For track, three quarters of respondents found the spread useful to provide

situation-dependent uncertainty, falling to one third for intensity. Hardly any respondents ticked

Chapter 3 Current and potential use of ensemble forecasts in operational TC forecasting: results
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that they are finding cases with a large spread to be correctly highlighting the increased uncertainty

in that forecast.

I mainly use deterministic forecasts, and
rarely use ensemble forecasts

I mainly use ensemble forecasts to
compare the ensemble mean forecasts to
deterministic forecasts

| find the ensemble spread useful to give
me the situation-dependent uncertainty

| use the full probabilistic information
from the ensemble forecasts in my
operational forecasting

| dont find ensemble forecasts very
helpful when the spread is very large

10 20 30 40 a0
Mumber of respondents
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the ensemble mean forecasts to
deterministic forecasts

| find the ensemble spread useful to give me
the situation-dependent uncertainty
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the ensemble forecasts in my operational
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| don't find ensemble forecasts very helpful
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3.2.2How is uncertainty represented in operational warnings?

Tables3-1, 3-2, 3-3, and 34 detail how forecast uncertainty is represented in operational forecasts
and warnings issued from each separate center (where this information was available from
respondents). Tablg-1 shows the responses from each center for their operatitiagk forecasts.

There is no standard forecast length or frequency, with forecast lengths of 3,75days, and

Chapter 3 Current an potential use of ensemble forecasts in operational TC forecasting: results
from a global forecaster survey



@ .

frequencies of 3, 6, 12 or 24 hours. Uncertainty is represented in all forecasts, but this can be via a

circle, acone, or an error swath. Theze of each circle/cone/error swath is generally set so that a
storm would be expected to fall within it in for a given percentage of cases, but this percentage
varies too from center to center, from 66% to 80%. Out of the RSMCs, only two include ensemble
spread in this calculation (RSMC La Réunion and Tokyo). More commonly used are historical
forecast error statistics. Out of the other warning centers only TCWC Wellington and Météo France
New Caledonia include ensemble spread when calculating the unugrtai their operational
forecasts. Thus there appears to be a clear discrepancy between the number of operational TC
forecasters who use and value ensemble forecast information, as shown in the previous section,
and the pulithrough into operational fore@st products of the probabilistic guidance that

ensembles can provide.

Table 3-2 shows the responses from each center about their operational intensity forecasts.
Forecast lengths and frequencies again vary between 3, 5, and 7 days, at 3, 6, 12 orl24 hour
frequency. Only RSMC Honolulu and RSMC Miami said that uncertainty was included, with this
being in the form of wind speed probabilities from a statistical model in both cases. Dynamical
ensemble forecasts are however often included when calculatingitivertainty in operational TC
genesis forecasts (Tab®3), often in combination with consensus forecasting, climatological
information, and forecaster judgement. Forecast lengths vary between 1 and 7 days. RSMC Tokyo
issue with the highest frequency (®ours), with many forecast centers issuing their genesis
forecasts once per day. The most used way of representing uncertainty is to place forecasts into

probability categories such as high/medium/low.

Table3-4 shows that the expression of uncertaintydaifie use of ensembles in operational hazard
forecasts varies considerably, with products often taking the form of named or-cotwed

categories assigned based on probabili{gsitistical or dynamical).
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Center name

Forecast lengths / frequency

How is uncertainty repre-
sented (and what propor-
tion of cases are expected
o stay within this)?

How is it calculated?

R5MC Tokyo

RSMC Honolulu

RSMC La Reunion

RSMC Miami

RSMC New Delhi

TCWC Jakarta

TCWC Perth

TCWC Wellington

Jomt Typhoon Warning Center

(JWTC)

Phalippine Atmospheric, Geo-
physical and Astronomical Ser-
vices Administration (PAGASA)

Weather Forecast Office (WF(Q)

Ciuam

Thai Meteorological Department

Malaysian Meteorological De-

partment {MetMalaysia)

Météo-France New Caledonia

Météo-France Martinigue
Hong Kong Obscrvatory
Canadian Hurnicane Center

5 days / § times a day

5 days / 6 hourly
5 days / 6 hourly

3 days publicly, 7 days in-
ternally / 6 hourly {more
frequent when necessary)

5 days /& hourly (and 3 hour-
ly updates for ntervening)

3 days / 6 or 12 hourly

T days / 1, 3, or & hourly

24 hours, but up to 5 days if
a threat to NZ [ 6 hourdy
5 days / & hourly

5 days / 6 hourly

5 days / 6 hourly

3 days [ 3, 6, 12 hourly de-
pendent on situation

7 days / 3 hourly if TC with
In our region

3 days / 6 hourly

5 days / & hourly
5 days / 24 hourly
5 days / 6 hourly

Cirele (70%)

Cone (67T%)

Cone (75%)

Cone (67%)

Cone (72%)

Cone (80%%)

Cone

Cone {70%%)

Error swath

Cone [ circle { 70%&)

Error swath (66%)

Cone

Circle (80%)

Cone (75%)

Cone (66%)
Cone/Circle (70%4%)
Cone (T0%%)

Historical forecast error statistics (up to 72
hours) and ensemble spread (atter 9% hours,
Yamaguchi et al. 2009)

Historical forecast emor (5 year)

Bascd on both ensemble spread and histornical
forecast error, (Dupont et al. 2011)

Previous 5 years of track error for that basin

Historical forecast eror statistics

Consensus spread. Patterns obtained from wind
model forecasts, and sometimes the form is
modified manually to make the shape smoother.
Sttuation dependent, usually cither consensus
spread or climatological uncertamnty but can
be manually manipulated

Calculated based on consensus spread, en-
semble spread and climatological uncertainty
Calculated by adding the JTWC 5-year run-
ning mean forecast track error to the forecast
34-knot wind radii at cach forecast time

Historical forecast emror statistics

Standard deviation of track error
Historical forecast emror statistics
Not given

Choice between climatological uncertainty
and ensemble-based uncertainty (ECMWF).
We mostly use climatological uncertainty for
operational reasons (faster).

Climatological unceriamty

Historical forecast eror statistics

Historical forecast emror

Table3-1. Operational track forecasts from each tropical cyclone forecasting center
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Center name

Forecast lengths / frequency

Is uncertainty represented, and if so how?

RSMC Tokyo

R5MC Honolulu

RSMC La Reunion
RSMC Miami
RSMC New Delhi
TCWC Jakarta
TCWC Perth
TCWC Wellington
JTWC

PAGASA

WFO (Guam

Thai Meteorological Department

MetMalaysia

Méteo-France New Caledonia
Méteo-France Martinigue
Hong Kong Observatory
Cangdian Humcane Center

3 days / # umes a day (extended to 5 days
in March 2019)
5 days / & hourly

5 days / & hourly

5 to 7 days / & hourly

5 days / & hourly {and 3 hourly updates for intervening)
3 days / & hourly

Tdays /1, 3 or & hourly

24 hours but up to 5 days if a threat to NZ / 6 hourly
5 days / & hourly

Only forecast the TC by category / 6 hourly

5 days / & hourly

3 days / 3, 6, 12 hourly depending on situation

T days / & hourly

3 days / & hourly

5 days / & hourly

5 days / 24 hourly

5 days / & hourly

Mo

Yes, wind speed probabilities for 3450065
knots — Monte Carlo simulation

No

Yes, wind speed probabilities

No

No

No

No

No {only qualitatively in discussions)
No

Mo

Mo

Mo

Mo

Mo

Mo

Mo

Table3-2. Operational intensity forecasts from each tropical cyclone forecasting center.

Center name

Forecast lengths / frequency  How is uncertainty represented?

How 1s the uncertainty caleulated?

RSMC Tokyo

RSMC Honolulu

RSMC La Reunion

REMC Miami

RSMC New Delhi

TCWC Jakarta

TCWC Perth
TCWC Wellington

ITWC

PAGASA

WFO Guam

Thair Meteorologi-
cal Department
Météo-France New
Caledoma
Météo-France

Martinique

Canadian Hurri-

cane Center

1 day / 8 times a day
5 days / 6 hourly

Mot represented

High/medium/low categories with as-
signed probabilities

5 days / daily Probability categones (very low, low,
maoderate, high, very high)

5 days / 6 hourly Percentages to nearest 10% that are group-
ed mto highmedium/dow categories

5 days / daily Mil, Low, Fair, Moderate, High corre-
sponding to 00, 1-25, 26-50, 51-75, 76-
100% of probability

high/medium,Tow
High/moderate/low/very low

3 days / 6 hourly
3-7 days / daily
5 days / daily Low potential/ moderate potential’ high

potential

14 days / 12 hourly Low (<40%), Medium (40-60%), High
(=60%) classification

4% hours / daily Using terms like “less likely™, “likely™
to develop

Discussion, and use of ITWC high, me-
dium and low

Probability

5 day / 12 hourly

5 days /6 or 12 hourly
depending on situation
7 days / daily High/medium/Tow
5 days (6 hourly), one week 5 days (high/medium/low) Longer range
(12 hourly) and one month
(Mon/Thu).

Follow Mational Hurricane

Center (NHC) gmdance.

({percentiles)

n/a

n/a

Subjectively, forecasters use chimatology, multi-
model consensus, ensembles, and satellite ob-
servation trends

Ensemble based and forecaster judgement

Combination of ensembles, multi-model en-
semble, and forecaster experience
Based on consensus derived from about 10 de-

terministic and probabilistic model guidance

Chimatological, consensus

Assigned by forecaster

Uncertaty 15 based on ensemble (mostly EC-
MWF and MOGREPS tropical storm strike/
genesis probabilities) and forecaster diagnosis
and prognosis of the environmental conditions
susceptible to TC genesis

Deterministic and ensemble model forecasts,
MO and statistical-dynamical tools

Ensemble based and other trends in TC param-
eters

NWP, climatology and experience with synop-
tic data (including upper air forecasts)
Ensemble-based

Ensemble-based and multi-model

5 days: from NHC guidance
Longer range: from ECMWF

n/a

Table3-3. Operational genesis forecasts from each tropical cyclone forecasting center.
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Center name

In hazard forecasts e.g. precipitation, winds, storm

surge, flooding, how is uncertainty represented?

How is the uncertainty calculated?

RSMC Tokyo
RSMC Honolulu

RSMC La Reunion
RSMC Miam

RSMC New Delhi

TCWC Perth
TCWC Wellington

ITwWC
PAGASA

WFO Guam
Thai Meteorological
Department
Météo-France New

Caledomia

Météo-France Mar-
tinique
Hong Kong Obser-
vatory

Canadian Hurricane

Center

Hazard forecasts not currently included in our service
Wind speed probability graphics for 34/50/65 knots
Adjective category and color coded

hazard threat index:

- Little to None

- Elevated (changed from Low)

- Moderate

- High

- Extreme

Mo probabilistic data available for the public

In categones (representing probabilities), that vary de-
pending on the hazard.

Forecast for heavy precipitation 1s given in range (7-
Il em, 12-20 em and more than 20 em in 24 hrs) and
likelihood of occurrence (hikely: 26-50%, very likely:
51-75% and most hkely: 76-100%). The winds, storm
surges and flooding are also mentioned in ranges with
above probability of occurrence.

Probabilistic language (likely, possibly ete)

High/medium/low nisk in severe weather outlooks

n‘a

In description e.g. we say that the hazard 15 possible to
happen

Descriptively

Show on map

There 1s no graphical representation of hazard forecasts.
They are mentioned in bulletins with key words ("prob-
ably", "nsk", "certainly” etc).

Not available for the public

Uncertainty in the change of tropical cyclone warning
signal, which 1s related to local wind forecast, 1s repre-
sented in five categones of probability for government
departments

Listing the worst case scenano and the sensitivity of fore-

cast errors. Qualitatively in free form text discussion.

nfa
Probabilistic according to the hazard e.g. wind speed prob-

abilities

n/a

Generally ensemble based, either statistically or direct from
ensemble output

Uncertainty is calculated based on likelihood of occurrence
and confidence level of forecast based on various determin-
istic and ensemble models. Accordingly the colour codes of
green, yellow, orange and red are used in increasing order
of severity based on confidence level and likelihood of oc-
currence.

Assigned by forecaster

Subjective assessment based on analysis of system and en-
vironment, deterministic forecasts, and ensemble outlooks.
n/a

Based on daily observations and determimistic forecast
from other models

Forecast accuracy and type of system

Risk matrix

Ensemble-based and multi-model

ECMWF EPS and ARPEGE PEARP
Based on the probabilistic relationship between local winds

and positon/intensity of tropical cyclone

Empirically, plus local effects and criteria (i.e. known

flooding levels for storm surge)

Table3-4. Operational hazard forecasts from each tropical cyclone forecasting center.

3.2.3Integration of probabilistic forecasts into operations

Respondents were asked for examplatere probabilistic forecasts have been successfully

integrated into operations, and also for occasions where hurdles have prevented them from being

fully utilized. Numerous excellent examples were given of where probabilistic forecasts have been

pulled through into operational forecasts and warnings, including the enseivdded RSMC La
Réunion operational track uncertainty co@upont et al., 2011)and the multimodel ensemble

TC track and activity forecast products made available from RSMC TokyghtmomyCommittee
members based on the outcomes of the North Western Pacific Tropical Cyclone Ensemble Forecast
Project (NWRTCEFP, Yamagucét,al., 2012; Yamaguchét al., 2014; Yamaguchi et al., 2015)

Other examples were the soessful integration of ensemble probabilities in the production of
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Tropical Cyclone Potential Bulletins at TCWC Wellington, and the calibrated genesis potential

guidance from the CFS, GEFS, and ECMWF ensembles that are used directly in the creation of the

Global Tropical Hazards and Benefits outlook created by the NWS Climate Prediction Center.

Just over half of respondents stated that they now placed more emphasis on using dynamical
ensemble forecast information rather than using the traditional conseapgsoach using multiple
deterministic forecasts. Of the consendasouring group, several said this was mainly due to habit,
tradition, or because they had neither the desired access to, understanding of, nor the tools
required to use the dynamical ensefalforecasts. Others felt the consensus approach was more
skilful, particularly at shorter lead times and for intensity and structure forecasts, due to the higher
resolution and the different model physics, biases, and parameterizations when combinimglenult
deterministic models. Several people felt that they would have liked to have answered that both
were equally important, with the consensus forecasts better suited to the required deterministic
components of the products and warnings, and ensemblesdaiore useful for probabilistic
forecasts and communicating uncertainty, while others requested research to compare the skill
from each approach, and develop methods that combine and maximize the benefit from both

consensus and ensemble forecasts.

The man hurdles experienced that had prevented ensemble forecasts from being fully utilized fell

into four broad categories:

i) Availability of ensemble data.g. lack of access to ensemble data at their center, lack of
inclusion of ensembles in their key operatédior visualization tools, and late availability time
in an operational context (particularly from ECMWF ENS). Several respondents named TIGGE
CXML as a great resource but would like to see it extended so that all centers provide forming
information, and dditional information such as intensity, structure and precipitation, which
would increase research opportunities and lead to more research to operations (R20)
achievements in the future. Another respondent would like to see ensemble forecast
information @nsistently available in Automated Tropical Cyclone Forecasting System (ATCF)
format.

ii) Performance of the ensemble forecastg. concerns that the resolution is not useful for
intensity prediction, about unrealistic ensemble spread (respondents commerdtd dn
excessive spread with unrealistic solutions and on the forecasts often being-sipidzd),
and that ensembles can struggle to represent the vortex and get the structure that is

essential to assess the hazard risks.

Chapter 3 Current and potential use of ensemble forecasts in operational TC forecasting: results
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iii) Lack of familiarity with the intg@retation of ensemble and probabilistic forecabis

forecasters, and problems with synthesizing the enormous amount of data in a time
restricted operational environment.
iv) Challenge of communicating uncertainty and probabilistic forecasts to customers and

the publi¢ who are used to deterministic weather bulletins and warnings.

3.2.4Priorities for future research and development

The final section of the guestionnaire asked the resfamts where they would like to see future
research and development focus to riise the utility of and benefit from ensemble forecasts in
operationalT CforecastingFigure 38 shows the scores from 1 (not important) to 5 (very important)
given by the respondents when asked which of the statements would help them make better use
of ensemble forecast information in the future. All of the ideas were popular, with the yellow) gree
and orange bars (representirtbe higher end of the scale) dominating on all of the statements.

| 26 SOSNE GKS (2L adlFdSySyida KIFI@gAy3a GKS KAIKSA
Improvement in the skill of the ensemble forecasts (intensity)Greater access to ensemble
forecast data; iii) Improvement in the skill of the ensemble forecasts (track); iv) Better
understanding of best practice in ensemilased forecasting of TCs; and v) The development of

hazardbased ensemble products

Hazardbased and impaebased products also featured strongly when asked for specific details of
a particular product that they would like to be able to see. Other requests were an operational
ensemblebased cone of probability, more useful intensity guidancduiiog probability of
intensity change and bias corrected intensity forecasts from multiple ensembles, and ensemble

clustering with probabilities.

The most popular verification metric amongst the respondents for evaluating the skill and value in
ensemble forecasts diCsvas ensemble spread, followed by the root mean square (RMS) error of

the ensemble mean, reliability diagrams, ahe % of forecasts falling within an ensemble defined
ellipse/cone (seeFigure 39). Several ensembleased verification metrics such as Riea
Operating Characteristic (ROC) diagrams, Brier Skill Score, Ranked Probability Skill Score, and in
particulareconomic value plots, were not as well used or understood, and therefore ensemble
based verification may need to be communicated more clearly, or adapted to provide more user
relevant information. The respondents gave several ideas for more-arganted \erification
information that they would like to see that are more relevant to their -iaday forecasting
experience. For example, only including members that had a similar track to the actual event in

intensity verification, creating and verifying megithat translate ensemble spread into categorical

Chapter 3 Current and potetial use of ensemble forecasts in operational TC forecasting: results
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estimates of forecast cdidence in comparison to the widely used historical forecasbor
statistics, and regularly updated or re@he performance metrics comparing the performance and
skill for all tymes of models (deterministic, consensus and ensemble models) for the current storm,

basin, and seaseto-date.
B W2 3 B4 m5

Greater access to ensemble forecast data

Improvement in the skill of the ensemble E
forecasts (track) ?
Improvement in the skill of the ensemble
forecasts (intensity) ?
Improvement in the forecast resolution of
ensemble forecast models #
Better understanding of best practice in
ensemble-based forecasting of TCs ?
Improved access to ensemble-based
verification compared across models ?
Improved access to basin-specific ensemble-
based verification
The development of new innovative

forecasting products based on ensemble

forecasts
The development of hazard-based
(precipitation, wind, storm surge, flooding etc)
ensemble products ?
The development of impact-based ensemble
products ?
Changes of operational working practices to
allow greater use of probabilistic information T
Development of new user-orientated
verification metrics f
More focus on combining the ensemble
forecasts with multiple determinstic forecasts =

0 10 20 30 40

Number of respondents

Figure3-8. The questionnaire asked which of the above statements would help them make better use of ensemble forecast

information in the futurerating each idea from 1 (not important) to 5 (very important).
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B Essential W Important Quiteimportant @@ Notimportant M Don't know
680

§ - .
40 .

30

20

RMS error of the Ensemble spread Reliability diagrams Economic value plots ROC diagram / ROC Brier Score / Brier Skill Ranked Probability % of tracks falling
ensemble mean scores Score Score/Skill Score within an ensemble-
(RPS/RPSS) ar defined ellipse/cone
Continuous Ranked
Probability Score / Skill
Score (CRPS/CRPSS)

n

Number of respondents

Figure39.at t S 4SS adl S K2g AYLRNILFIYyG &2dz F8St SIOK 2F GKS T
FYyR @Ftdz§ Ay SyaSyotS FT2NBOFadaodeé
At the end of the questionnaireespondents were asked what specific developments they would

like to see. The key themes coming through these responses are detailed below:

9 Several responses urged a focus on howaimmunicate uncertainty to the general publiand
explain how the publican use probabilistic information, with a need to move away from the
very deterministieorientated information given in weather charts and bulletins. One
respondent emphasised that a key challenge for the future was to implement changes to
operational prodicts and workflows that better utilise ensemble forecasts while balancing the
communication of a clear and concise warning product.

T Others felt thedevelopment of new tools, products and visualizatiottsallow forecasters to
rapidly and efficiently viewrad interpret ensemble data should be the main goal in the coming
years, given the limited time available in operational context. One respondent stressed the
importance of integrating ensemble data into the forecast platform, rather than relying on
externalsources such as internet products.

1 Collaboration between all NWP centers and forecasting centeras requested, to share
ensemble data in standard formats, products, verification packages and results, and expertise
on interpreting ensemble forecast datan@ including ensemble information in forecast and
warning products.

i Training of forecasters on the utilisation of ensembless mentioned by several respondents
as essential along with the need forchange in operational working practice towards using
probabilistic information This need is not unique tbCforecasting, as illustrated by a recent
adzNBSe 2F YSGS2NRft23Aa0taQ dzyRSNAGEFYRAYy3I 27F
3dZARFYOS G bh! 1 Q& 1 FTFNR2dza 2 S GKSNJ ¢S&ai0SR
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variability in the extent to wlth participants could think beyond a deterministic mindset and
successfully synthesize and apply uncertainty guidance information.

9 Several users requested a focus on the developmeehsémblebased hazarebased forecasts
e.g. storm surge, coastal inundan, inland flash flood and river flooding, especially where the
risk is focussed remotely (away from the center of the cone). This should include research into
SOl tdzZ GAY3 YR AYLNR@AY3 (GKS SyaSvyoftSqQa FoAfAGe
allow a better assessment of the predictability of the associated hazards.

1 The development of impactbased ensemble productsvas seen as crucial by a number of
respondents, with access to and/or collection of sestmnomic data sources being one key
isue here.

1 Improvement in the skill of ensemble forecasts of tropical cyclone intensity and structuas
seen as a key priority for some. Improved availability of-b@sected ensemble forecasts, or
methods to do so, was also requested.

1 Useroriented andbasinspecific verification comparing ensemble guidance across models
seen as important to help forecasters gain confidence in using ensemble forecast information.
One respondent said it would help if training were available on the performance ahdfs\ll
models (deterministic, consensus, and ensemble models) in their basin. Another emphasized
the importance of research into how to optimally combine the guidance from all available

models (deterministic and ensemble, global and regional).

The resuls of the questionnaire should help to provide guidance to NWP modelling centers,
researchers working in this area, and managers in the operational forecasting centers, on where
further development should focus to maximize tpetential benefit of ensembldorecasting in

operational TC forecasting.

3.3 Conclusions and recommendations

The questionnaire results show that dynamic ensemble forecasts are currently used by nearly all
operationalTCforecasters and at TC forecast centers around the world, although there is a need to
ensure that ensemble forecast informationnsore widely available to forecasters in developing
countries. The survey showed that ensemble forecasts are seen to be particularly important in track
and genesis forecasting, but of only limited use in intensity and structure forecasting due to the
difficulty of adequately resolving and forecasting these in current global dynamical ensemble
models. The responses to several questions point to the ensembles being introduced into a very
deterministicfocussed environment, where the ensemble member tracks,ewen just the

ensemble mean track forecasts, are viewed alongside deterministic forecasts, rather than

Chapter 3 Current and potential use of ensemble forecasts in operational TC forecasting: results
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forecasters being able to utilise the full probabilistic uncertainty information that is available from
ensemble forecasts. There are several exampfesxoellent pulithrough of ensemble forecasts

from research into the operational TC forecasting process. However, many forecast centers still use
historical error statistics rather than dynamic situatibased uncertainty in determining the width

of the uncertainty conetircle/swath in their operational track warning products. The survey
therefore reveals a notable difference between the high proportion of operational TC forecasters
who use and value ensemble forecast information, and the slowertimadugh into operational
warnings and products of the probabilistic guidance and uncertainty information that ensembles

can provide.

The survey highlighted several areas of research and development that would help TC forecasters
to make increased use of enselalforecast information in the future: a) an improvement in the

skill of the ensemble forecasts (in particular for intensity); b) improved access to ensemble forecast
data, tools, visualizations and usatientated verification; c) better understanding loést practice

in ensemblebased forecasting of TCs; d) the development of habaskd and impaebased
ensemble products; and e) a change in operational working practices towards using probabilistic
information, and providing and communicating dynamic emainty information in operational

forecasts and warnings.

The specific recommendations put forward and accepted by M/B&sed on the results of the

questionnaire were as follows:

1 Researchers are encouraged to promote research activities to evaluate iraptbve
probabilistic TC intensity and structure foreca@@sgy. Magnusson et al., 2019)

1 Researchers are encouraged to promote research activities to demonstrate the usefulness of
dynamical ensemble forecasts for hazdnased products such as for strowgnd, precipitation,
flooding and storm surge, and the use of ensembles in impaséd forecasting for TCs.

I Greater access to forecast data including deterministisemble forecast data and
global/regional forecast data would be beneficial. Researehdsuraged to evaluate how best
to combine the information from these models, in order to maximize forecast skill and reliability.

1 The research community should recognize the value and importance of access to forecast data
such as TIGGE and further promate use of such data, including wider sharing of code for
product generation and verification to facilitate the operational use of ensemble forecasts.

1 There is a need for greater collaboration both amongst the operational forecast centers, and
between opeational forecast centers, NWP modelling centers, and researchers, in order to co
ordinate the development of new ensembltesed tools and methods, and develop and share

best practice on the use of ensemble forecasts in operational TC forecasting.
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1 The opeational forecasting community are encouraged to facilitate a change in operational

working practice towards using ensemitlased uncertainty and probabilistic information in
forecasts and warnings, including a focus on how best to communicate uncertairttyet

general public.

Appendix3-1: Survey questions

Introduction

- Organisation (including RSMC/TCWC where applicable)

- Basin of interest [North Indian Ocean, Western North Pacific, Central Pacific, Eastern Pacific,
Atlantic, South Indian Ocean, Australi&outh Pacific]

- Job role [Operational forecaster, Manager, Researcher, Other]

- Do you currently use ensemble forecast information [Yes, No]

Current use of ensemble forecast information

- How important would you say ensemble forecasts are in your forecasting of tropical cyclones
(Not used, Somewhat important, Important, Very importantyfigact basedorecasting, Track
forecasting, Hazard forecasting (precipitation, flooding, wind, stormgeyu Extraropical
transition, Intensity forecasting, Tropical cyclone size and/ or structure, Genesis forecasting]

- For each of the main areas of tropical cyclone forecasting (Track, Intensity, Genesis, Hazards),
which ensemble forecast models do you 248lCEP GEFS, ECMWF ENS, MOGRERSMet
hFFAOS 3t 20l f SyaSvyofSoxz wa! Qa Dfz2olf 9yasSvyofsS t
Prediction System, CMA ensemble, KMA ensemble, COAMRAsemble, FNMOC ensemble,
Bureau of Meteorology ensemble, CPTESeeble, MeteeFrance ensemble, DWD ensemble,
Other]

- Do you use mukinodel ensemble forecast data (i.e. combination of multiple dynamical
ensembles)? [Yes, in full probabilistic mutibdel ensemble combination, Yes, but only by
comparing one ensemble witanother, No]

- Please tick to indicate if you use calibrated ensemble forecasts and for which type of forecast
[Track, Intensity, Genesis]

- How do you access ensemble forecast information? [From products sent by global NWP centres,
From products created iyour centre, From online products from other centres, From the TIGGE
archive, From WMO Global Telecommunications System (GTS), Other]

- Which ensemblédased or probabilistic products do you use (Not available or required, Not
available but would like to hate ! @I Af | 6f S o0dzi R2y Qi dzaSz {2YSi(A

[Ensemble mean track, Tracks from ensemble members, isaae flow information, Storm
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intensity, Strike probability, Tropical cyclone activity (named and forming storms), Tropical
Cyclone genesi¢,andfall probability, Precipitation, Wind speed, Storm surge, River discharge,
Flood risk / inundation, Impadiased products]

- If there is a product that you find particularly helpful please give the product and model details
below.

- If there is a particar product or ensemble that you would like to be able to see please give the
details below.

- Which of the following statements describe your use of ensemble forecast information in track
forecasting? [I mainly use deterministic forecasts, and rarely usendnle forecasts, | mainly
use ensemble forecasts to compare the ensemble mean forecasts to deterministic forecasts, |
find the ensemble spread useful to give me the situatimpendent uncertainty, | use the full
probabilistic information from the ensemb®e2 NS OF ada Ay Y& 2LISNI GA2YyL
ensemble forecasts very helpful when the spread is very large]

- Which of the following statements describe your use of ensemble forecast information in
intensity forecasting? [| mainly use determinidtcecasts, and rarely use ensemble forecasts, |
mainly use ensemble forecasts to compare the ensemble mean forecasts to deterministic
forecasts, | find the ensemble spread useful to give me the situalgmendent uncertainty, |
use the full probabilistimformation from the ensemble forecasts in my operational forecasting,

L R2Yy QG FAYR SyaSyofS F2NBOlFada SSNEB KSf LIFd

- Please state how important you feel each of the following verification metrics are when
evaluating the skill yR @I f dzS Ay SyaSvyofS T2NBOlFada o065
important, Important, Essential) [RMS error of the ensemble mean, Ensemble spread, Reliability
diagrams, Economic value plots, ROC diagram / ROC scores, Brier Score / Brier Skill Bedre, Ran
Probability Score/Skill Score (RPS/RPSS) or Continuous Ranked Probability Score / Skill Score
(CRPS/CRPSS), % of tracks falling within an ensdeflied ellipse/cone, Other (please
specify)]

- LF 22dz KI @S |y A RNR SHANJidhtoR@letNAiRMEdzerbNIoreczstsS NJ
please detail below.

Communication of forecast uncertainty in operational forecasts and warnings

- Track: In operational track forecasts from your organisation, what forecast lengths are issued?

- Track: With what frequecy are forecasts issued?

S CNIOlY 126 A& dzyOSNIFAyGe NBLINBASY(GSRK ¢/ 2y35

- Track: How is the cone/circle/swath defined?
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- Track: Please detail how the size of cone/circle/swath is calculated for each storm? e.g. historica
forecast error statistics, climatological uncertainty, consensus spread, ensemble spread,
ensemblebased uncertainty etc.

- Intensity: In operational intensity forecasts from your organisation, what forecast lengths are
issued?

- Intensity: With what frequeay are forecasts issued?

- Intensity: Is uncertainty represented? [Yes, NoJ. If yes, how is uncertainty in intensity forecasts
calculated?

- Genesis: In genesis forecasts at your organisation, what forecast lengths are used?

- Genesis: With whdtequency are genesis forecasts issued?

- Genesis: How is uncertainty represented in the genesis forecasts? e.g. high/medium/low or
probability categories etc.

- Genesis: How is the uncertainty calculated in the genesis forecasts? e.g. climatological,
ensemblebased, other methods etc.

- Hazard: In hazard forecasts from your organisation (e.g. precipitation, winds, storm surge,
flooding), how is uncertainty represented?

- Hazard: In hazard forecasts from your organisation, how is uncertainty calculated?

Examples of the use of ensemble forecasts

- Please give an example of where probabilistic ensemble forecasts have been successfully
integrated into the operational forecasting process.

- Please give an example of where hurdles have prevented probabilistimblestorecasts being
successfully integrated into the operational forecasting process.

- Do you place more emphasis on the traditional consensus approach to tropical cyclone
forecasting (using multiple deterministic forecasts), rather than the use of dyahsnsemble

forecast information? [Yes, No]. If you answered yes, please explain why below.

Future use of ensemble forecast information

- Which of the following would help you to make better use of ensemble forecast information in
the future (Please rate elddea from 1 (not important) to 5 (very important))? [Greater access
to ensemble forecast data, Improvement in the skill of the ensemble forecasts (track),
Improvement in the skill of the ensemble forecasts (intensity), Improvement in the forecast
resoluton of ensemble forecast models, Better understanding of best practice in ensemble
based forecasting of TCs, Improved access to ensebasled verification compared across
models, Improved access to basipecific ensemblpased verification, The developmieof

new innovative forecasting products based on ensemble forecasts, The development of hazard
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based (precipitation, wind, storm surge, flooding etc.) ensemble products, The development of
impact baseansemble products, Changes of operational workiragpces to allow greater use

of probabilistic information, Development of new usaiientated verification metrics, More
focus on combining the ensemble forecasts with multiple deterministic forecasts]

Please give further details of your thoughts when yaare giving your answers above e.g. what
specific developments would you like to see?

Please use this space to put any additional feedback on any otheréging to the ensemble

forecasting and verification of tropical cyclones.
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Chapter 4A global evaluation of multhodel ensemble tropical
cyclone track probability forecasts

The secondobjective of the PhD was towaluate the benefits of mukinodel ensemble tropical
cyclone track probability forecast$he papercovering this objectivdhas been published ithe

journalQuarterlyJournal of the Royal Meteorological SocigyRM$pwith the following reference

Titley, H.A., Bowyer, R.L. and Cloke, 2020) A global evaluation of muftiodel ensemble
tropical cyclone track probability forecasts. Quarterly Journal of the Royal Meteorological
Society, 146 (726): 58545. doi:10.1002/qj.3712.

The contributions of the authors of this paper are as fodovT. designed the experiment,
produced thetropical cyclonalatasetsand led theanalysisand writing of the manuscripR.B.
ran the verification software andssisted withthe analysis and manuscript writing. HaSsisted

with writing the manuscriptOverall80% of the writing was undertaken byT..
The published article can be found in Append2x A

Abstract. At the Met Office, dynamic ensemble forecasts from the Met Office Global and Regional
Ensemble Prediction System (MOGREPShe European Centre for MedidRange Weather
Forecasts Ensemble (ECMWF ENS) and National Centers for Environmental Predicabn Glob
Ensemble Forecast System (NCEP GEFS) global ensemble forecast modelspanegssstd to

identify and track tropical cyclone@Cs) The ensemble members from each model are also
combined into a 108nember multimodel ensemble. Track probability faasts are produced for
namedTGaA K2 gAYy 3 GKS LINRPOFOATAGE 2F | TCapadypiikidy o0 S
iKS ySEG T RFE&@asxX | yR thoukférecasiNBribd This Budlypfesehtythe2 St
verification of these namedtorm track probabilities over a twgear period across all globalC

basins, and compares the results from basin to basin. The combinedmudtl ensemble is found

to increase the skill and value of the track prbbiy forecasts over the begierforming individual
ensemble (ECMWF ENS), for both overally track probability forecasts and -Pdur track
probabilities. Bashbased and stormbased verification illustrates that the best performing
individual ensemblean change from basin to basin and from storm to storm, but that the multi
model ensemble adds skill in every basin, and is also able to match the best performing individual
ensemble in terms of overall probabilistic forecast skill in several-figfile casestudies. This

study helps to illustrate the potential value and skill to be gained if operatib@&drecasting can

continue to migrate away from a determinisficcused forecasting environment to one where the

Chapter 4 A global evaluation of mtitmodel ensemble tropical cyclone track probability
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probabilistic situatim-based uncertainty information provided by the dynamic muaitbdel

ensembles can be incorporated into operational forecasts and warnings.

4.1 Introduction

In dynamic ensemble forecasting, instead of making a single forecast of the most likely weather

conditions, a forecast model is run multiple times to produce an ensemble of forecasts. These

ensemble forecasts take into account uncertainty in the initial conditions and imperfections in the

model formulation, and aim to give an indication of the range of fsduture states of the

I G Y2ALIKSNB® C2NJ 208N Hp &SIFNBERSE G(GKSasS ReylYAOLf §)
produced by several global numerical weather prediction modelling centres, including the

European Centre for MediwwRange Weather ForecadEnsembl¢ECMWF ENS: Palmer, 20188

National Centers for Environmental Prediction Global Ensemble Forecast $i&&R GEFS: Toth

and Kalnay, 1998nd the Met Office Global and Regional Ensemble Prediction SYSI®&GRERS

G: Bowler et al., 2008)

These ensemble forecast models have an important role to playGforecasting, through their
ability to highlight the situatiordependent uncertainty and provide probabilistic forecast
information to help inform decision makers. Consequgnmnany global modelling centres produce
TCtrack forecasts from their ensemble forecast models, develop ensefrBferecast products,

verify these forecasts, and share the forecast track data via the TIGGE (The International Grand
Global Ensemble) cyclone exchange progranm{®winbank et al., 2016)Several studies have
shown the benefits of dynamic ensemble forecagtiar both existingd & (e.g. Dupont et al., 2011;
Yamaguchiet al., 2012; Duwet al., 2016; Leonardand Colle, 2017; Zhangnd Yu, 2017)and for
providing probabilistic information aboutCgenesige.g. Yamagchi et al., 2015; Yamagudcd

Koide, 2017)However, a recent survey among operatioi& forecasters(Titley et al., 2019)
showed that although ensemble forecasts are used and valued by almost all forecasters, the
deterministicfocussed drecasting environment has often limited the extent to which the full
probabilistic information provided by ensembles has been pulled through into operatiobal

forecasts and warnings.

Objectively identifying the forecast track of each emble member is essential both for pestent

model evaluation and for the generation of forecast guidance products in real time. Various tracking
techniques are used by operational centres around the wf¥itart and Stockdale, 2001; Van der
Grijn et al, 2005; Tallapragada et al., 205)d in researctiHodges, 1995)At the Met Office, a
bivariate (850 hPa relative vorticity and mean-$eeel pressure] Qracker known as MOTCTracker

(Heming, 2017)s run in real time on the Met OfficIOGRERG ensemble, and the tracks are

Chapter 4 A global evaluation of multnodel ensemble tropical cyclone track probability
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made available to Regional Specialised Met Centres (RSMCs) and via the research TIGGE cyclone

CXML archive.

Although ensemble forecasts are a good way of assessing forecast uncertainty, they are limited to
the uncertanty captured by a specific modelling system, and there is a tendency for-giroglel
ensembles to be undespread, with the observations too often falling outside of the range of
solutions. A multimodel ensemble approach, where dynamic ensemble systieoms multiple

centres are combined together into a grand nugkintre ensemble (thereafter called muftiodel
ensemble), can help address this shortcoming and provide a more complete representation of the
uncertainty in the model structure, also potentiatleducing the errors. The rationale behind multi

model ensemble forecasting was summarisecdHagedorn et al(2005)¢6 K2 a4 F 6 SR G KI G
to the success of the multhodel concept lies in combining independent and skilful models, each
withitsown stSy 3G K& FyR ¢Sl lySaaSaé¢d {SOSNIt &ddzRAS
forecast skill and reliability can be improved through the use of mudtilel ensembles, including

Park et al.(2008) Johnson and Swinban009) Hagedorn et al(2012) Hamill (2012) and
Matsueda and Nakazawd015)

The application of a grand combined muttodel ensemble approach iFCforecasting is a natural
SEGSyaArzy 2F (KS aO2yaSyadaé F2NBOI & GRxfagk | LILING
and intensity forecasting for many years, where traditionally three or more deterministic forecasts
KIS 0SSy O2YO0AYSR 2NJ I @SN ISR Aydz2 | aoO2yasSy
likely forecast errofe.g. Goerss, 2000; Gast 2007; Sampson et al., 2008; GoarssSampson,

2014; Yamaguchi et al., 201 The process of combining together several ensemble forecast models

into a multtmodel ensemble combines the strengths of the consensus and ensemble approaches,

by pulling thraugh the full probabilistic forecast information from several dynamic ensembles and

model formulations into multmodel ensemble probability forecasts.

At the Met Office, in order to produce retime multi-model ensembld& Cproducts, MOTCTracker

is also run in real time on the direct input data from the ECMWF ENS and NCEP GEFS ensembles.
The ensemble forecast tracks from the ensemble merstfrom these models are combined with

the Met Office MOGRERS ensemble tracks, to create a 1@fmber multimodel ensemble. The

three corresponding deterministic models (the Met Office Unified Model, the ECMWF IFS, and the
NCEP GFS model) are also tegickA range of products, including track and intensity forecasts for

both named and developingG, are produced and used by forecasters in the Met Office Global
Guidance Unit. An example of the track and track probability products pradiarenamedTG

from the multtmodel ensemble is shown in Figurd for Typhoon Kongey. The products are also

distributed to several operational Cforecasting centres, including the RSMCs in Miami and La
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Réunion. The &cks and track probabilities from each of the ensembles and the -moltiel
ensemble are also displayed in the Met Office Global HazardRialgbins and Titley, 2018yhere

they can be viewed alongside the associated wind and rain hazard informatiorgvandin on

vulnerability and exposure fields.

MULTIMODEL ensemble (out to 8 days): MULTIMODEL ensemble (out to 8 days):
Forecast tropical cyclone tracks Forecast tropical cyclone track probability
Met Office for KONG-REY from 00UTC 30/09/2018 for KONG-REY from 00UTC 30/09/2018
= = — —_— - — 100%
son [rpse — | =e — —|—_;-;;’— son [Eebse — | T — —l-";".'f%"—-

95%

40N 80%

. 60%

30N 30N

- 40%

20N S
20%

Probability that storm will pass within 120km within the next 8 days

_— - - on B — - : 5%
110E 120E 130E 140E 150E 110E 120E 130E 140E 150E
MOGREPS-G —— ECMWF ENS Deterministic: ~ Met Office GM ——  ECMWF GFS ——

——— NCEP GEFS #—= Observations Ensemble mean: MOGREPS-G ==  ECENS ==  GEFS =~ Multimodel ==

Figure 41. Multi-model ensemble forecasts for Typhoon kazgirom 00UTC 30/09/2018: Tracks coloured according to

1oN &

model (left), and mukmodel ensemble track probability with deterministic (solid) and ensemble mean (dashed) tracks
(right).

To fully assess the skill and value of the multidel ensemblél Cforecasts produced at the Met
Office, a framework to produce objective verification of nanf&ttrack probability forecasts has
been developed, the results of which are presented in thiapter Previous studies evaluating
named TCtrack probability forecasts using muftiodel ensembles have focussed on only one or
two Northern Hemisphere basinge.g. Majumdarand Finocchio, 2010 (North Atlantic and
Northwest Pacific); Yamaguo#ti al., 2012 (Northvest Pacific); Leonardand Colle, 2017 (North
Atlantic)) In thischapterthe verification results are analysed for all name& in all TCbasins
around the globe during 2017 and 2018, and then split into each basinder to compare the
absolute and relative performance of the ensembles across basins.-8awed verification results
have also been calculated for some hjglofile TG in order to compare the results from storm to

storm.

The key que#ons addressed by thishapterare:

9 How do forecast performance and characteristics vary between the global ensembles, and with
lead time?

1 Is there benefit in terms of probabilistic forecast skill, reliability and value, from combining the
three gbbal ensembles into a multhodel ensemble?

Chapter 4 A global evaluation of mukinodel ensemble tropical cyclone track probability
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9 Does using the full probability forecast information via the mumitidel ensemble add skill
O2YLI NBR (2 | aO2yaSyadzaé FT2NBOFad 2F GKS LK
1 When comparing basin to basin, does forecast genfance vary, both overall compared to a

reference consensus forecast, and relatively between the different ensembles?

1 When comparing storm to storm, how does forecast performance vary, and what does it tell us
about the benefit of multimodel ensembles?

The verification framework and methodology are described in SeetidnSectiom.3 presents the

results, split into three sections: (@RF @ 042 GSNI £ f €0 (NI Q) 24abkR 0 | 0 A f

track probability forecast resultsand (c) storrspecific verification results for two higprofile

North Atlantic hurricanes. Sectiondprovides a discussion, focussed around the implications of

the results for operational forecasters, decisiorakers, and model developers, while Sectob

states some key conclusions and ideas for future work.

4.2 Verification methodology

The three ensembles tracked in real time at the Met Office using MOTCT (Bieieing, 2017)and

included in the multmodel ensemble products, are MOGREP&4 members until 11th J2p17,

then 36 members thereafter), ECMWF ENS (51 members) and NCEP GEFS (21 members). The
ensemble forecast tracks from the three ensembles are combined to create-méf@er mult

model ensemble (96 members until 11th July 2017), with each individualbmefmom each
ensemble equally weighted when creating the track probability forecasts. The track probability
forecasts are calculated for nama&dsfrom each of the three global ensembles, and the combined
multi-model ensemble, both for # next 7 days (with no lead time component, to directly verify

the forecast product shown in FiguelcK Sy OS T2 NIIiK RSaONAOSR a GKS
and for 24hour forecast periods out to 7 days (in order to evaluate the change in performance over
different lead times). Track probabilities are defined as the probability of the nan@mhssing
GAUGKAY wMuHnlY 2F SIFOK 3IANRR LRAYy(G Ay (KS 3AgS:
LINEOFOAEAGRE RSTEahAdér/GHjiy et .A2005)h thiR Bapek YieSt&m kagk
probability is preferred, because™CA & | € NHS 6SIF G0KSNJ a2adadSy GKIF
impacts further away than 120km from the centre of the storm track, for example from storm
adzNBES&a:X Ff22RAYy3 NIAY YR SEGNBYS gsAyRa AyOfc
could be misleading to the public as it could falsely imply that those areas outside of 120km from

the track will not be impacted. Tropical cyclone genesis (storms that are forecast to form during the
forecast) is not included in the verification in thigger. Observed track data is collected routinely

at the Met Office from Global Telecommunications System (GTS) bulletins from the REMCs,

warning centres, and the Joint Typhoon Warning Centre (used if no track is available from the
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RSMC)o accumulate observet@Cpositions for all named storms to verify the forecasts. The mean

(NI O1 2NJ aO2yasSyadaée 2F (KS GKNBS RSGSNY¥AYAEZGAO Y

forecast to fully assess the forecast skill.

Snce 2015 the verification has been produced operationally, biannually, at the end of the northern
and southern hemisphere seasons, T@&in all global basins over the previous 12 months, in order

to evaluate the most recent configuratis of each ensemble. This paper verifiesyear period
(January 2017 to December 2018), in order to increase the sample of cases, whilst ensuring the

model configurations are still relatively recent.

For each of the nametiGin the stuwdy period the following steps are carried out in the overall track

probability verification process:

i.  All observed positions for this storm are read in and the observations are included from the
first time period that it has an observed intensity of greater than 34 knots to the last time that
it exceeds this value. This ensures that off that reach tropical storm strength or greater
are verified, and that for the included storms, all observations in between these two times are
included even if the intensity dips below this threshold in between.
ii. A stormspecific verification grid is cread for the area covered by the storm track at a
resolution of 0.5 degrees.
iii. For each of the 00/12 UTC forecast run times at whichTiiwas named, a track probability
gridded data file is calculated for the observations, the referenceeosus forecast, and each
FT2NBOlI a0 Y2RSt® C2NJ 0KS 20aSNUI GAz2zy RFEGE GKAA A
GAGKAY MHNlY 2F GKS 20aSNBSR (N} O] 2F G(KS adzNy
do not). To create the reference ceensus forecast, the mean of the three deterministic
F2NBEOFad GNIXOla Aa OFftOdzZ FGSRZ yR I FAES ONBI
MHNlY 2F GKS O2yaSyadza GNIO|l 2F GKS ad2Ny 2@SNJ
not). For he ensemble forecast models, each grid point contains a probability value between
0 and 1, calculated by counting how many members have forecast tracks for this storm that lie
within 120km of that point at some point between T+0 and T+168, and dividitigelbyumber
of ensemble members.
iv. For the forecast model data (consensus and ensemble forecasts), the forecasts are only
included up to the last time that a matching observation is available. Therefore this verification
is focussed on the ability of the molddo predict the future track position of tiECwhile it is
at tropical storm strength or above, rather than on the ability of the models to weaken and

dissipate the storm at the same time as shown in the observations, as in practipeittiet
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which the forecast tracks end is highly dependent on the choice of thresholds for dissipation

in the storm tracker.

v. As many forecast runs do not have a full seven days of matching observed tracks to verify
against, there are a considerably smabigerall sample size of tracks verifying at day 7 than at
day 1. To prevent the overall track probability verification from being dominated by the
verification of shorter lead time forecasts, which are not so relevant for society given that
important decigons such as evacuations generally need to be made on forecasts of two or
more days, only those forecast runs where there are matching observed tracks for T+48 or

longer are included.

A similar process is then followed to verify for eachh®dir period fran T+0T+24 through to
T+144T+168. In this case however, the forecasts are verified at the dsaaie, again to replicate
the forecast product, which is a baddased animation of the track probability forecasts for every

24-hour period.

Gridded verificabn is then carried out comparing the track probability forecast data with the
corresponding observed data. A range of probabilistic verification statistics are calculated to assess
the skill, reliability and value of the ensemble forecasts. These indheldrelative Operating
Characteristic (ROC), reliability diagrams, relative economic value and Brier skill score (BSS), as

described inolliffe and Stephensai2012) and summarised below:

1 The ROC plot assesses the skill of the forecast at discringriz@iween events and neevents.

The points along the curve are the hit rates and false alarm rates for each probability bin. Perfect
skill would produce a curve from bottom left to top left to top right, and no skill is indicated by
the diagonal line frm (0,0) to (1,1).

1 Reliability diagrams display how well the predicted probabilities correspond to their observed
frequencies. Perfect reliability would be a diagonal line from (0,0) to (1,1), a line above the
diagonal indicates undeforecasting and belowhe diagonal shows ovdprecasting, while a
line which falls below the diagonal for high probabilities and above it for low probabilities
exhibits overconfidence(Wilks, 2011)

9 For a given user, their coekiss ratio is the term given to the ratio ofdtcost of a preventative
measure to the loss averted, and can be used to guide the probability threshold above which to
take action. At each probability threshold there will be a 2x2 contingency table containing the
number of hits, false alarms, misses armtrect rejections. Assuming the user takes action
whenever an event is forecast, then a cost (C) can be associated with the hits and false alarms
and a loss (L) associated to the misses. The relative economic value can then be calculated for a

range of ostloss ratios and visualised using a relative economic value plot which displays the
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for all costloss ratiogRichardson, 2000Y he relative economic valueasiseful additional user
F20dzaaSR YSI Adz2NBE F2NJ 02 YLI NR yo3s rai@ el e ldificula @ Ly LINT
to determine and may have to be estimated, however if one forecast consistently has higher
value that another forecast across all tésss ratios then it clearly has greater value for any
user.

1 The BSS assesses the relative skill of the probabilistic forecast over that of a reference forecast
in terms of predicting whether an event occurred. A score of 0 indicates no skill when campare
to the reference forecast and a score of 1 would be a perfect score. In this paper the reference
forecasts are the mean or consensus track from the three deterministic forecasts. This is a
deliberately challenging reference forecast compared to climagplmased reference forecasts,

and the implications of this are discussedsiectiord.4.

Verification statistics are produced for @ll5, and then are also split into six global basins to allow

for an interregion comparison, as shown in Figdra.

NORTH NoORTH EasT

7 STORMS

SoutH WEsT
INDIAN (SWI)
iS5 sToRMS

WEesT PACIFIC AND NORTH
PAciFic CENTRAL PACIFIC ATLANTIC

NoRrTH INDIAN (NI) ot IEED SIAT)
41 sTorMS 25 STORMS 24 sTorRMS

AUSTRALIAN AND
SouTH PAcIFIc
(AUS)

18 sTORMS

Figure 42. The sixT Cbasins verified in this study, and the number of nam&included in the verificain in each basin

in the study period (2017 and 2018).

4.3 Results

4.3.10verall track probability forecasts for named tropical cyclones

During the verification period of January 2017 to December 2018, 130 nai@eatross the six

basins had at least one forecast run where the verification criteria were met and all forecast data

were available (24 in NAT, 25 in NEP, 40APIN7 in NI, 15 in SWI and 18 in AUS, as shown in Figure

4-2). Overall this tweyear period had close to the average number of naré€siper year, with

aboveaverage activity in the North Atlantic basin, and belaverage activity in the dsithern

Hemisphere.
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The ROC plot in Figude3 shows excellent skill for all models; the muftodel ensemble has the
largest ROC area (0.985), followed by ECMWF ENS (0.967), MA&REFSS) and NCEP GEFS

(0.925). All of the models have very low falsgral rates for the majority of forecast probabilities,

while the corresponding hit rates vary more significantly across the forecast probabilities. Figure
4-4 indicates that all models show good reliability, particularly ECMWF ENS and the combined
multi-model ensemble. MOGREESand NCEP GEFS are slightly-oerfident, with the line falling
above the diagonal for low probabilities and below it for higher probabilities. -©wefident
reliability diagrams are a common characteristic of ensemble forecastsaen characteristic of
underspread in the ensemble. So when a high track probability is forecast the ensemble member
forecast tracks are sometimes too closely clustered andiBeack is less likely than forecast, but
when a low proballity is forecast the ensemble members are again too closely clustered and so

the probability should sometimes be a bit higher.

1.0 . :
|
0.8} 1
06|
2
m
('d
T
0.4}
0.2} MOGREPS-G
— ECMWF ENS
NCEP GEFS
—  Multi-model ensemble
%95 0.2 0.4 0.6 0.8 1.0

False Alarm Rate

Figure 43.ROC plot showing the hit rate and false alarm rate at each probability threshold, for the overall track probability
forecasts from the three individual ensembles (MOGREEEMWF ENS and NCEP GEFS) and the combinadoaheilti

ensemble.
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Figure 44. Reliability diagram for the overall track probability forecasts for the three individual ensembles (MG&REPS
ECMWF E8Sland NCEP GEFS) and the combinedmadiel ensemble. The number of forecasts (grid points) in each bin

is also indicated by bars along thexis.

Figure 45 demonstrates that the combined muhiodel ensemble has the greatest relative
economic value foall costloss ratios, with the mukimodel ensemble curve fully encompassing
the curves of the three individual models. All models show the greatest relative economic value for
low costloss ratios (8.2) where the loss associated with an event is Sigantly greater than the

cost of acting to mitigate against it when forecasted. This is a promising result as although the cost
loss ratios vary for different forecast usefsstend to be associated with low coekiss ratios due

to the severity of their associated hazards and potential impacts.

The BSS, calculated using the consensus of the deterministic models as the reference forecast, is
displayed in Figure-8, both for all namedl'G, and split into their relevant tsn. Although the

absolute and relative performance of the individual ensembles varies from basin to basin, the
combined multimodel ensemble has the largest BSS across all basins, showing that theoddti

ensemble adds forecast skill in every basihe Btrongest performing individual ensemble is
ECMWEF ENS in all basins except the South West Indian where NCEP GEFS has the largest BSS of the
individual ensembles. The relative performance of MOGRERBSd NCEP GEFS varies between

basins.
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Figure4-5. Relative economic value plot displaying the relative economic value at eadbssositio for the overall track
probability forecasts from the three individual ensembles (MOGRBEESEMWF ENS and NCEP GEFS) and the combined

multi-model ensemble.
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Hgure 46.BSS for the overall track probability forecasts for all nam@&dleft) and for named &in each of the individual

six basins, for each individual ensemble and the mutiel ensemble. The reference forecaséd in the skill score

calculation is the consensus (mean) track of the three deterministic forecasts.
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4.3.2Track probability forecasts for named tropical cyclones over eduiu24orecast period

To illustrate the changes in forecast characteristics andopgance against lead time, the
reliability diagrams and relative economic value plots shown in Fighiveand4-8 display the 24
hour track probability centred on six lead times from T+24 to T+144. The reliability diagram (Figure
4-7) shows slight ovetonfidence for all models at T+2RBigure 47a). At the higher probability bins

(> 0.5), the advantage of the muitiodel ensemble is evident as it maintains good reliability
compared to the three individual ensembles, which all show a similar degree ctonéidence.

As lead time increases, reliability begins to decrease in the NCEP GEFS and MB&RERSBIes,
while ECMWF ENS, and especially the mutdtilel ensemble, maintain very good reliability
particularly at probabilities greater than 0.4 at T+7@daT+96 Figure 47c¢ andFigure 47d).
MOGRERS and NCEP GEFS are showing significantcoméidence by T+120F{gure 47e),
indicating that these models are significantly undiéspersive in their fivelay track forecasts. At
T+120, the multimodel ensenble remains the most reliable at probabilities less than 0.8. This is an
important result, as it shows that MOGREP@Nd NCEP GEFS, despite being significantly-under
dispersive by this point, are still adding benefit to the ECWMF ENS in thenmodkil ensemble at
most forecast probabilities. However at this lead time and in particular at TFigdré 47f) there

are far fewer cases in the higher probability bins, leading to more noisy results.

In Figure4-8, nearly all costoss ratios (§0.9) have reliive economic value at T+24 (Figur8a).

The peak value is at low cdsiss ratios, with approximately 0.9 relative economic value for a cost
loss ratio of Q0.1. As lead time increases there is a gradual drop in value, particularly in the higher
costloss ratios, but even by T+144 significant value still remaing@tLcostloss ratios (Figure

4-8f). At all lead times the muithodel ensemble value curve fully encompasses those for the
individual ensembles. Out to T+72 (Figu¥8c) the value of the miti-model ensemble is
significantly greater than any of the individual ensembles, but by T+120 (Bi@akthe value for

the ECMWEF ENS is noticeably greater than the other two ensembles, and closer to the value shown

by the multimodel ensembile.
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The area under the ROC curve (AUC) vadweshown against lead time in Figut®. The AUC

decreases with lead time for all models. The multdel ensemble maintains an AUC of over 0.93

at all lead times, whereas the AUC score for the individual ensemble decreases more significantly
with leadtime (in particular for NCEP GEFS). The Brier skill score (BSS) results i Foghrew

that the skill of the 24hour track probability forecasts varies with lead time in each basin, with the
skill compared to the deterministic consensus forecast gisiiith increasingead time. This is as
expected, and shows that the benefit of probabilistic forecasts over a consensus of deterministic
forecasts becomes greater as the forecast lead time increases. Wheralre included,
irrespective of the basin (the light green line in Figdr&0), the multimodel ensemble probabilistic
forecasts show positive skill over the muttodel consensus from T+60 onwards. However, this
hides big differences between the basins. In the North Atlantic athNEast Pacific basins the BSS

is positive throughout and risg¢o a value of 0.3 by T+156. In the Northwest Pacific basin the BSS is
positive from T+48 onwards. However, in the North Indian Ocean, the Southwest Indian Ocean and
the Australian basins, ¢h BSS stays negative throughout, showing that in these basins the
ensembles are not adding skill to the consensus reference forecast for thew4rack probability
forecasts in this study period. The negative BSS for these basins in theu&rackprobability
forecasts is in contrast to the positive BSS in their overddly/track probability forecasts that was
shown in Figurd-6, and highlights that the-@day verification is more forgiving of alotigick errors.

It is also worth noting that thesare also the three basins where the sample size of storms is the
smallest. A casby-case assessment of tH&Sin the worstperforming SWI basin reveals that the
deterministic errors were relatively low compared to previous seasons, ngakie consensus

reference forecast hard to beat for this sample of storms.
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Figure4-11 compares the BSS for the stebased verification of two highprofile TG in the North

4.3.3Verification for two higiprofile tropical cyclones

Atlantic basin: Hurricane Matthew in 2016 and Hurricane Irma in 2017. For each storm a different
individual ensemble displays the highest skill (MEB®5 for Matthew and ECMWF ENS for Irma),
illustrating that even within the same basin, the strongest performing individual ensemble varies
from storm to storm, rather than one ensemble always being the most skilful in a given basin. In
both cases, the miti-model ensemble shows comparable forecast skill to the strongest performing
model. Figurel-12 shows one of the forecasts included in the stdrased verification in each case,
illustrating the strong performance of MOGREP$or Matthew and ECMWF ENS frma. For
Hurricane Matthew, the MOGRERBSensemble was the first model to give a strong signal for the
storm to track just off the Florida coast with an eventual landfall in South Carolina. For Hurricane
Irma, the ECMWF ensemble was the only ensenbntain the observed track in the ensemble
track spread in the early forecast runs. At the time of the forecast it is not known which of the
individual ensemble forecast models will have the greatest forecast skill for that particular storm,
and so the ky result here is that in both cases the muittodel ensemble probability forecasts were

able to provide equivalent forecast skill to the best performing individual ensemble forecasts.

(a) (b)
£ [ MOGREPS-G mm NCEP GEFS i 105 3 MOGREPS-G @@ NCEP GEFS
EEm ECMWF ENS @@ Multi-model ensemble I ECMWF ENS @@ Multi-model ensemble
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'c:n 041 = 0.4}
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Hurricane Matthew (2016) Hurricane Irma (2017)

Figure 411. Example storrspecific verification for all forecast reiof (a) Hurricane Matthew (2016) and (b) Hurricane
Irma (2017): Brier skill score for MOGRERPECMWF ENS, NCEP GEFS anehmodil ensemble forecasts (reference

forecast in this verification is the sample climatology)
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Figure 412. Ensemble memberacks from one of the forecast runs included in the verification of each case: (a) 1200 UTC
2 October 2016 forecast for Hurricane Matthew; (b) 0000 UTC 1 September 2017 forecast for Hurricane Irma. Tracks are
coloured according to model (green = MOGRGRSIe = ECMWF ENS and pink = NCEP.GEFS)

4.4 Discussion

In Sectiond-1, five key questions were laid out to be addressed by the probabilistic evaluation of
TCtrack probability forecasts in this study. This discussion section is organiseduwerathese

guestions, and draw out the key implications from these:

1 How do forecast performance and characteristics vary between the global ensembles, and with

lead time?

All ensembles exhibit good reliability and value in the nam&track probability forecasts,
particularly at low costatios. This shows how the probability forecasts have huge potential to be
useful to decision makers and downstream users©forecasts, who will often have low celgtss
ratios due to hip potential losses to property and personal safety, compared to the cost of
mitigative efforts such as putting up shutters or evacuating. It highlights the importance of
initiatives to increase the puthrough of probabilistic situatiofbased uncertaintynformation into
operational warnings, such as the collaboration through the WMO HIWeather project that is
discussed iitley et al.(2019)

The best performing of the three individual ensembles included in the study, in terms of the
verification statistics presented farCtrack probability forecasts, is the ECMWF ENS, followed by
MOGRERS and NCEP GEFS, which are both-cwdident in their track probability forecasts,
indicating the known tendency of these models to be undispersive. There are many differences

between the three ensemble forecast systems, including differences in data assimilation influencing
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both the inital conditions of the storm itself and the wider environmental steering flow, the model
formulation, and the ensemble perturbation strategies. The relative contribution of perturbations
from an ensemble of data assimilations, singular vectors, and stachasidel perturbations to
ECMWEF ENS track spread was presente(Lamg et al., 2012)Benefits of the ECMWF ENS
perturbation strategyincludethe ability to target singular vectors o, and an enhanced ability

to be able to tue perturbations to give improved spread and reliability, compared with the

perturbation schemes in the other ensembles.

In the verification of the track probability forecasts for eachr period, all models were shown

to be overconfident in their track probability forecasts, but this became much more pronounced

at longer lead times for MOGREBSnd NCEP GEFS, wheeettlgher probabilities were forecast

far too often compared to the observed frequency. These results are important to model
developers as they show the importance of increasing the ensemble spread in the MOGREIPS
NCEP GEFS ensembles. In MOGRERSajor upgrade was scheduled to go live in autumn 2019

to try to address this issue. The ensemble perturbation system will be changed from Ensemble
Transform Kalman Filter (ETKF) to an ensemble of data assimil@ie#B-EnVar: Bowler et al.,

2017) In the new system, data assimilation is performed for each member, creating increments
relative to its own background trajectory. A partiat@entring around the deterministic analysis

gives an additional increase in skill and reduces jumpiness. Comparais®fthe new E4D-En

+ N SyasSyof$S KIS &aKz2sy TFlLadSNI aLINBIFIR 3ANRGGK
speed in the tropics, with a much better match to observed errors. The ensemble trials have also
been processed through th&C tracking and posprocessing system, and show a significant
improvement in track spread at all lead times. Meanwhile at NCEP a new version of the
deterministic Global Forecast System (GFS) with a new J&oitene Cube¢phere Dynamical

Core (FV3) wentperational in June 2019. The potential of this new model to improve hurricane
forecast performance was described by Chen g28l119) who showed the improved performance

in re-runs of the active 2017 Atlantic hurricane season. The FV3 dynamical cdre iwilemented

into the GEFS ensemble in 2020, in an upgrade that will also see improved stochastic physics and
an increase in ensemble members. The ECMWF ENS also continues to be upgraded, with IFS Cycle
46rl implemented in June 2019, including a datsiragation upgrade which improves the initial
conditions of the ensemble forecasts. Additional work to improveT@mtensity forecasts in the
ECMWEF ENS is described in Magnusson &Gi9) The track probability verification described
thischapterg Af £ O2y lUAydzS G2 NHzy SOSNE ¢ Yz2ydkKa G2
combined multimodel ensemble to investigate the impact of these model upgrades on the skill of

TCtrack probability forecasts.
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1 Is thee benefit in terms of probabilistic forecast skill, reliability and value, from combining the

three global ensembles into a mutitiodel ensemble?

As established in the introduction, the rationale of muftodel ensemble forecasting lies in
combining indepndent and skilful models, each with its own strengths and weaknesses. The
evaluation in thishapterclearly shows that additional forecast skill and value can be gained from
combining the members from the three individual ensembles included sgtudy into a multi
model ensemble. The three ensembles have different data assimilation strategies, model
formulations and ensemble perturbation schemes, that when combined together are shown to
collectively provide more realistic estimatesiaftrack probabilities. In the overall track probability
verification, the relative economic value curve of the maithdel ensemble fully encompasses that

of the individual ensembles, and in the verification for eachh@dr period it is particulay
noteworthy that the AUC decreases more significantly with lead time in the individual ensembles
compared to the multmodel ensemble. This illustrates that the amount of potential forecast skill
to be gained from using a multhiodel ensemble to derive ym track probabilities increases
significantly with forecast lead time. This finding is important for operatidr@forecasters,
forecast centre managers, and numerical weather prediction centres, showing the importance of
improving accesso multiple ensemble forecast model forecasts in order to allow rmatidel

ensemble information to be used in the operatiofi&forecasting process.

9 Does using the full probability forecast information via the rmbidel ensemble add #k
O2YLI NBR G2 I aO2yasSyadzaé FT2NBOIad 2F GKS LI NBy
The choice of reference forecast is crucial in 88Scalculation, as the BSS measures the
improvement of the probabilistic forecast relative to a referencest@st. This forecast reference
is often calculated from the sample climatology, or, in the casgGfbrecasts, from a combined
climatology and persistence foreca&LIPER: Knaff et al., 200Bpwever, in order to be more
relevant for the current common forecasting practice of establishing a consensus forecast, and in
order to provide a more skilful and challenging reference for the ensemble probabilities to be
compared to, a consensus forecast based on the mean track of the three pdeterministic
models was created and used as the reference in the BSS calculation. The BSS for thedaxerall 7
track probability skill scores shows positive skill for all of the ensemble forecast models in all basins
when compared to the reference consars track, with the BSS being highest for the combined
multi-model ensemble. This shows the added benefit to be gained in operatibGatack
forecasting if the full probability information provided by the ensembles can be pulled thratgh i
operational warnings, as has begun to happen with the incorporation of dynamic uncertainty

information in warning products from several centres including RSMC La Réunion and RSMC Tokyo
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(Titley et al., 2019)When the track probability verification iplg into 24-hour periods it is harder

to beat the consensus reference, particularly at short lead times, but the BSS increases with forecast
range, showing the increasing value of ensemble prediction over consensus forecasting with lead
time. Overall thee is positive forecast skill from T+60 onwards. The BSS was also calculated for the
24-hour track probability verification using the sample climatology (not shown) and showed the
reverse pattern, with the highest BSS (0.6) at shorter lead times, slowly decreasing with forecast
range. This is to be expected since the sample climatology refeteeao forecast capability,
whereas the consensus has a very strong forecast capability at short range which reduces with
increasing lead time. This illustrates how important it is to be clear about the implications and

rationale of selecting a particulaeference forecast.

1 When comparing basin to basin, does forecast performance vary, both overall compared to a

reference consensus forecast, and relatively between the different ensembles?

In the overall track probability forecasts BSS results (Figt8g the combined multmodel
ensemble has the largest BSS of all the models, and varies between 0.25 and 0.4 with each basin,
showing that the multimodel ensemble is adding skill in every basin. The strongest performing
individual ensemble is ECMWF ENS limadins except the SWI basin where NCEP GEFS has the
highest skill. The relative performance of MOGRER®d NCEP GEFS varies between basins, with
MOGRERS performing well in the NAT, NWP and AUS basins, and NCEP GEFS performing well in
the SWI and NEBasins. This result would provide useful guidance to operatibGfdrecasters in

these regions, as it provides a breakdown of the current levels of performance of each model in
their area of interest, and confirms that all areas would séditional value in computing track
probability forecasts from muklinodel ensemble forecast data. It is also of interest to model
developers, who could investigate why their model performs better relativelyf @&iin one basin

over anoher, leading to potential ideas on how to improve forecast skill. As discussed earlier, each
model has different perturbation strategies and data assimilation schemes, with differences in
which observations are included (including differences in quatittrol systems and in the
assimilation of RSMTCobservations, known as bogussing, which is not currently carried out at
ECMWEF). These results show that some aspects of each model system may be better suited to one
region over another, anéurther investigations including the implications off €being in a data

rich vs. datgpoor area may lead to further insights and improvements in the model forecasts.

The interbasin comparison of BSS using theh®dir track probability feecasts centred on each
lead time (Figurel-10) reveals large differences from basin to basin in the skill compared to the

consensus reference forecast, with positive skill in the NAT, NWP and NEP, but not in the NI, SWI
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or AUS basins. This emphasises it traditional deterministic consensus is hard to beat in

regions where the tracks of the named storms in the study period are well forecast by the
deterministic models. The lower BSS for theh@ir track probability forecasts highlights the need

to focus on improving the ensemble forecasts for the translation speed of the storm, as the results
when splitting the track probability forecasts in to-Bdur periods will be impacted by alotigack
errors in addition to the crossack errors, whereas the csstrack errors are the most influential
factor in the overall ®tlay track probability results. Although forecast users predominantly need to
know whether or not they will be impacted by a hurricane rather than when, the timings are also
important in fore@st preparedness activities, and future verification could investigate the relative

along and crosdrack errors in the ensemble vs. the deterministic consensus.

1 When comparing storm to storm, how does forecast performance vary, and what does it tell us

about the benefit of multmodel ensembles?

Although when averaged across Bl the ECMWF ENS is clearly currently the most skilful of the
individual ensembles, the castudy analysis in Figu#ell showed that in a particular case this
will not always hold true. Sometimes a different model is more skilful in a particular storm (as in
the case for MOGRE®Sfor Hurricane Matthew). At the time of the live forecasts, operational
forecasters will not know which individual model is destinedé the most skilful for that storm,

and therefore the result showing that the muitiodel ensemble skill matches that of the strongest
performing individual ensemble is an important result, and clearly illustrates the benefit of
combining the ensemble nmebers into a multimodel ensemble when computing track probability

forecasts.

4.5 Conclusions and future plans

This study has shown that combined muitodel ensembleTC track probability forecasts,
calculated from all members of ECMWF ENS, RERY%5 and NCEP GEFS, have increased skill and
value over the besperforming individual ensemble. This result is consistent when verifying all
global namedl Gtogether, and when the verification is carried out for each individual bdsie.
improved skill and value of the mutthiodel ensemble is found for both the full (up ted@y) track
probability forecasts, and for track probabilities split intof23ur forecast periods. The verification
results from the three individual ensembles shthat the track probability forecasts from ECMWF
ENS display the best reliability, skill and value. MOGRE®R® NCEP GEFS become increasingly
over-confident and undedispersive with increasing forecast range, emphasising the importance
of ongoing workat both centres to improve the perturbation strategy and increase the spread in

the ensemble forecasts. However, even when there is an individual ensemble model that on
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average performs better in a particular storm, basin, or overall, there is stiltgkdbility and value
to be gained from adding additional ensemble models into a combined -moltiel ensemble,
indicating that they have independent systematic strengths and errors and collectively provide

more realistic estimates afCtrack probabilities than individually.

Stormbased verification illustrated that the beperforming individual ensemble can change from
case to case, but that the mutthodel ensemble matches the besérforming individual ensemble,
which would not be know in advance, in terms of overall probabilistic forecast skill. The mean, or
consensus, of the three higheesolution deterministic forecasts is hard to beat in some basins, but
overall the additional probabilistic skill of the ensembles is shown, péatiglat longer lead times

or when computing the full -day track probability forecasts. This study helps to illustrate the
potential value and skill to be gained if operatioff@forecasting can continue to migrate away
from a determinisic-focussed forecasting environment to one where the probabilistic situation
based uncertainty information provided by the ensembles can be pulled through into operational

forecasts and warnings.

There are many ideas for where this work could be furtheplied and extended in the future. In

this study no weighting is applied to the ensemble members in the mdtiel ensemble, with

each member from each model given an equal weight. It would be interesting to look at different
options for combining togethethe ensemble members, and also investigate how much of the
additional value is from additional members as opposed to the inclusion of members from other
models. For example, would the muttiodel ensemble still add value to the ECMWF ENS if it were
restricted to the same number of members? Additional global ensemble forecast models, including
those available in the TIGGE cyclone CXML archive from the Japan Meteorological Agency, the
Canadian Meteorological Centre and MétEmnce, could be added to the niuinodel ensemble,

to investigate the optimal combination of ensembles in track probability forecasts. At the Met
Office the ensembl& Cproducts and verification will continue to be used to evaluate important
model upgrades and trials, du@s the impact of the forthcoming move from ETKF tocHREn

Var perturbations. The products and verification are also run on-td@gblution convective
permitting ensembles in Southeast Asia. Work is also underway to extend the ens&@ble
verification capability at the Met Office to incorporate a verification of forming stom@génesis)

and intensity trends. It is also important to look beyond the traditiom@ltrack and intensity
forecasts and move twards verifying the associated hazards, for example to assess how the
uncertainty and predictability of the track translates through to uncertainty and predictability of
the precipitation, and the downstream flood hazard. Ongoing collaborations betwedralglo

numerical weather prediction centres, researchers and operational forecasting centres continue to
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be essential to ensure that future research and ensemble model developments are of maximum

benefit to operationall Cforecasting.
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Chapter 5Key factors influencing the severity of fluvial flood hazard
from tropical cyclones

Thethird objectiveof the PhD was tadentify thekey factors that influence floctelated hazards
from tropical cyclones using observations and reanaly$he papercovering this objectivédnas

been published inhe Journalof HydrometeorologyfJHM with the following reference

Titley, H.A., Cloke, H.L., Harrigan, S., Pappenberger, F., Prudhomme, C., Robbins, J.C., Stephens,
E.M. andZsotér E. (2021) Key factors influencing the severity of fluvial flood hazard from
tropical cyclones. Journal of Hydrometeorology, 22 (7): £8817. doi:10.1175/JHMD-20-
0250.1.

The contributions of the authors of this paper are as folloM3: designed thestudy with advice
from H.C., E.S. and F.P.. ld[dtainedthe datasetswith assistance from S.H. and E.Z. for BRA5
and GloFA8ata. H.Tcarried out the analysis anléd the writing of the manuscriptAll authors

assisted with writing the manuscript. Over@b% of the writing was undertaken by T..
The published article can be found in Appendsx A

Abstract.Knowledge of the kegrivers of the severity of river flooding from tropical cyclones (TCs)

is vital for emergency preparedness and disaster risk reduction activities. This global study examines
landfalling TCs in the decade from 2010 to 2019, to identify those charactettsticgfluence
whether a storm has an increased flood hazard. The highest positive correlations are found
between flood severity and the total precipitation associated with the TC. Significant negative
correlations are found between flood severity and tinenslation speed of the TC, indicating that
slower moving storms, that rain over an area for longer, tend to have higher flood severity. Larger
and more intense TCs increase the likelihood of having a larger area affected by severe flooding but
not its duration or magnitude, and it is found that the fluvial flood hazard can be severe in all
intensity categories of TC, including those of tropical storm strength. Catchment characteristics
such as antecedent soil moisture and slope also play a role in nioduflnod severity, and severe
flooding is more likely in cases where multiple drivers are present. The improved knowledge of the
key drivers of fluvial flooding in TCs can help to inform research priorities to help with flood early
warning, such as incasing the focus on translation speed in model evaluation and irdpas¢d

forecasting.

Significance statementkKnowing ahead of landfall which tropical cyclones are likely to lead to

significant river flooding will help those responsible for emergency rpfgnmake appropriate
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decisions to minimize loss of life and property. We compare 280 tropical cyclones and find that the
cases with slownoving, large, and intense cyclones, affecting areas with wet antecedent
conditions, have the highest likelihood ofpexiencing widespread flooding. Slow@oving storms

also have an increased risk of longer and more extreme floods. Our results show the importance of
considering aspects such as the speed of forward movement along the whole flood early warning
chain, frommodel evaluation and development, through to warning design and communication, to

better inform forecastbased action prior to tropical cyclone landfall.

5.1 Introduction

Considering fluvial flood hazards in tropical cyclone (TC) forecasting and warningoisairh
because this is a leading cause of mortality and dam@gezapour and Baldock, 201#) theU.S,
drowning from excessive rainfall occurs in more TCs than deaths from any otheRappaport,
2014) Many of these fatalities occur outside of landfall countiezakowski and Kennedy, 2010)
and in inland countiegRappaport, 2000)U.S residentiallosses from TC freshwater flooding are
twice as high compared to TC storm surge losses, with nearly half of these being in inland areas
(Czajkowski et al., 2017A\ multthazard approach considering both wisdeed and rainfall has
been shown to be moreppropriate for riskinformed decisiormaking(Song et al., 2020)ut
studies investigating evacuation decisioraking during hurricanes in théS have shown that the
key determining factor is the intensity of the storm on the Saffir Simpson scald basgind speed
(Whitehead et al., 2000vith no significant relationship between the perceived risk of flooding and
evacuation(Stein et al., 2010)Therefore, it is important to increase public awareness of the
dangers of inland flooding, and providéatter understanding of those factors that influence the

severity of flood hazard to those involved in emergency preparedness and disaster risk reduction

activities.

| S @e NIAYTFILEE OFy LINBaASyid I NRA]l (2 o@aheYdzyAilASa
U.S National Hurricane Center (NHC) and th& National Weather Service (NWS) both indicate

GKS AYLERNIFYOS 27F 20§KSNJ Ay T-dddadicalegoryyThedNHE BtgfeR (1 KS &

GKFG awlk Ay FEEE | Y2 dzy (a@strengiiof tyocal cyBldnesBud iatheitothdS £ | G SR G
aLIS SR VA= airl s 2F 0dKS aiz2Nys I & St f -1
OKGGLIAYKKSSSDYKODPY 2 I ©F2GK LINBLI NBKk KFT I NR& ®LIK LI NI A
the stronger the storm the greater the patéal for flooding. However, this is not always the case.

A weak, slow moving tropical storm can cause more damage due to flooding than a more powerful

fastY2 Ay 3 KAZNNR Ol ySodé oO0KUGGLIAYKKkEs6PsSI GKSNWPI2Pk2S

a TC ira given location is largely determined by the length of time a TC spends over that location,

Chapter 5 Key factors influencing the severity of fluvial flood hazard from tropical cyclones



77

which is dependent on the size of the rainfall area and translational speed of the Rugers et

al., 2009) A slow alongdrack motion, or stalling near or aftéandfall, can lead to higher amounts

of rainfall and a greater flood hazard, as seen during Hurricanes Harvey (2017) and Florence (2018).
Larger TCs can also increase the rainfall hazard as they precipitate upon one spot for a longer time
than smaller T€ moving at the same speed. They can also lead to more widespread flooding,
leading to increased challenges for responders. Forecasting rainfall induced by TC landfall is
determined by many factors, including the TC track, intensity, size and structureelbss
interaction with topography(Qiu et al., 2019)vertical wind sheaChen et al., 2006and other
meteorological systems in the wider atmospheric environment. This can lead to seemingly similar
landfall locations having different rainfall distributioff€heung et al., 2018; Shi et al., 2017)
Hydrological factors, such as soil conditiongd asrography, are also thought to have been
important in determining which TC cases had elevated impacts from flogRiagpaport, 2000;
SturdevaniRees et al., 2001)

While there is broad understanding, largely through case study or regional an@gsiget al.,

2015; Hernandez Ayala and Matyas, 2016; Touma et al., 2019; Yu et al,, @0thdse factors
influencing the rainfall related to TCs, systematic global analysis to objectively confirm these drivers
and their relationships to downstream flood laad is lacking. This study aims to address this gap
and help provide more specific information in support of efforts to raise awareness of fluvial flood
risk from TCs, by undertaking a systematic global analysis of the key meteorological and

hydrological &ctors that lead to an increased fluvial flood hazard from TCs.

An improved understanding of the key factors that influence the severity of flood hazard from TCs
is important to guide research work aiming to understand the predictability of fluvial flooding from
TCs, to inform research priorities to improve the fordsasf flooding, and to guide planning and
preparedness activities in the event of an advancing TC. Information on which TCs are likely to have
storm surge and winds as their main hazard and which will also have substantial flood hazard is of
vital importarce for disaster risk reduction. While the strongest winds and largest storm surge
usually occur near the center of intense TCs, rainfall and flooding often occur far from the center,
spread far inland, and last beyond when the cyclone has weakened gradéess{Villarini et al.,
2014a; Khouakhi et al., 2017This has important consequences for evacuation, emergency
management and recovery programs. If planners and responders better understand the likely
severity of fluvial flooding for a given storm, atiek locations likely to be at greatest risk from

flooding, this can help with evacuation and emergency planning, response and recovery efforts.

This study develops three indices to represent the severity of fluvial flooding for TC cases in terms

of the flood area, duration and magnitude. These three flood severity indices are compared against
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TC and catchment characteristics in 280 landfalling TCs in tigeak(eriod from 2010 to 2019 in

order to identify the key factors that influence the severity okriflooding in TCs.

The remainder of this paper is set out as follows: Secti@rdetails the data sources used in the
study, andSection4.3 describes the methods used to select the TC cases, and calculate the TC
characteristics, catchment characterestiand flood severity metrics for each case. Sectidthén
compares the flood severity metrics for each storm with the TC and catchment characteristics to
analyze the key factors that influence the severity of flood hazard from TCs. Sé8tidiscuses

some important aspects of the results and where future work would be beneficial, &hdgon

4.6 contains the main conclusions of the study.

5.2 Data sources

5.2.1IBTrACS

The main observed TC track dataset used in this study is the International Best Tlack fanc
Climate Stewardship (IBTrAGBhapp et al., 201®018) Where IBTrACS data are still listed as
provisional (the 2018/2019 and 2019/2020 southern hemisphere seasons, and the 2019 season in
the North Indian and North West Pacific basins), thekrpaints are supplemented by the initial
positions in the reatime advisories from each Regional Specialized Met Center (RSMC), which are
collated at the Met Office for use in verifying TC track forecg#sning, 2017; Titley et al., 2020)

The IBTrACSath are used to calculate the land footprint for each TC casetipn 53.1), over
which to calculate the flood severity indices. The IBTrACS data also provide the TC intensity data

(Section5.3.2.1), and is used to calculate the translation spedet(ion5.3.2.2).

5.2.2Global Precipitation Measurement (GPM) IMERG

Precipitation data are taken from the latest Integrated MushitellitE Retrievals for GPM (GPM

IMERG Final Run VQ@&uffman etal.,, 2019 ¢ KS G CAylf wdzyé RFGF F NB dza SR
data where available to calibrate the rainfall sateHiterived observations, and has been shown to

capture TC precipitation patterns well, with closer agreement with géwageed measurements

than its predecessor for extreme eventguan et al., 2021)The GPM data, with a horizontal
NEaztdziAzy 2F n dwnndie témpdal réshlitidhlaihSrraccliniulated togive

24-hour precipitation accumulation data. The precipitation summary metrics are described in
Section5.3.2.4.

5.2.3ERA5
ERAS is ECMW@R f I 6Said O2YLINBKSYyaA@S |GY2AaLIKSNAO NEBI yl
resolution of 0.28125° (about 31kr{flersbach et al., 2020ERAS5 mean sea level pressure (MSLP)
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data were extracted from the Copernicus Climate Change Service (C3S) Clima&toDa(&DS)
(Hersbachet al., 2018a)at 6-hourly intervals and used to calculate the size of the S€tt{fon
5.3.2.3). Daily ERAS soil moisture content data were also extracted, along with soil type, for use in
calculating the antecedent soil moistusaturation Section5.3.3.1). Precipitation accumulations
were extracted hourly and summed to give-Bdur precipitation totals to compare to GPM
precipitation accumulations. Several studies have found large improvements in performance for
precipitationin ERA5 compared to ER#erim (e.g. Beck et al., 2019; Tarekal., 2020; Nogueira,
2020) including for TC cas@dersbactet al., 2018b) A recent study found that ERA5 agrees well
with gridded gauge data in terms of the spétiistribution of typhoon precipitation, although it

can underestimate the most extreme precipitatiQhang et al., 2021)

5.2.4GloFASERAS reanalysis

The severity of fluvial flooding from TCs is difficult to calculate in a consistent way from observations
given the relative sparsity of river discharge observations, particularly in many areas impacted by
TCs(Lavers et al., 2019)Therefore, this study uses the GIoOFA®AS5 global river discharge
reanalysis(Harrigan et al., 2020)as a proxy for river dischargdservations. The Global Flood
Awareness System (GIoFAS) is designed to provide a global overview of upcoming flood events to
decision makers such as humanitarian organizat{erge Coughlan de Perez et al., 2046 part of

the Copernicus Emergency Mayement Service for floods. In GloFAS, ensemble meteorological
forecasts from the European Centre for MedilRange Weather Forecasts (ECMWF) are processed

by the revised land surface hydrology scheme (HTESSEL) to create land surface runoff fields, with
addiional hydrological processes such as flow routing provided by the LISFLOOD hydrological
model in order to forecast river dischar@darrigan et al., 2023; Alfieri et al., 2013; Balsamo et al.,
2011; Van Der Knijff et al., 2010; Hirpa et al., 20D&)lyGloFASERAS river discharge reanalysis
data, with a horizontal resolution of 0.1°, were extracted from the C3S(@&8gan et al., 2019)

for each day 2012019, and used to define the flood severity in each landfalling TC Sas&gn

5.3.4).

AlthoughGIoFASERAS is partially dependent on modirived precipitation and soil moisture, the
groundwater and river routing parameters were calibrated against daily river discharge from 1287
observation stations worldwidéHirpa et al., 2018xnd a recent commhensive global evaluation
found it was skillful against a mean flow benchmark in 86% of catchnidatsigan et al., 2020)
Other studies have compared GIoFARBAS and observed discharge across regfpiechi and
Stephens, 2019; Towner et al., 202d)in case studies e.g. Emerton et(@020) for Cyclones Idai

and Kenneth in Mozambique. The use of GIGERBS5 reanalysis data allows an analysis of the

flooding across the whole area affected by each TC, rather than just at isolated points on the river
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network. It also allows a direct comparison of flood severity across all TC cases, using openly

available data, in a way that would not be possible using discharge observations.

5.3 Methods

5.3.1Selecting tropical cyclone cases and calculating their land footprint

14/03/2018 15/03/2018
a-
(,’J\ “ b) The masks are combined.
o & &
16/03/2018 17/03/2018

¢)A land-sea mask is applied to
give the land footprint for the
storm.

18/03/2018 19/03/2018
d)The number of GloFAS-ERAS

- > points in this footprint is 4,119,
0 10 25 50 75 100 150 200 250 300 350 400 450 500 and it is therefore selected as a

a) For each 24-hour period (00-00UTC), masks are created case to be included in this study.
for the area within 500km of that day’s storm track
segment. This plot shows these areas in white, overlain
with 24-hour ERAS precipitation accumulations.

Figure5-1. Method for calculating the land footprint of each TC case, illustrated for Cyclone Eliakim, which impacted
Madagascar in March 2018.

For the period 2012019, the IBTrACS TC track data are filtered to only include those TCs with a
landfall at tropical storm strength or above (>=34 knots). Tthe@ly latitude and longitude track
position data are extracted where the storm is at or abdwpical storm strength, and is over land

2N gAGKAY pnnlyY 2F tFyR® LYy 2NRSNJ G2 RSOARS GKS |
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calculate the flood severity for each TC, the following steps are taken (illustrated for Cyclone

Eliakim, whichmpacted Madagascar in 2018, in Figbfe):

a) The TC positions at the start and the end of each day are extracted and used to create a daily
mask representing the area of precipitation defined as being associated with the TC, by
calculating all grid points that lie within 500km of that-Bdur storm tack segment. Most
studies that have assigned a set radius for definingelaed rainfall, have used a radius of
either 500km(Prat and Nelson, 2013, 2016; Jiang et al., 2011; Luitel et al.,, ZZ80m(Zhou
and Matyas, 2017)r 5 degreegGuo et al.2017)

b) The daily masks are combined to create an overall mask for the track of each TC.

¢) The overall mask is combined with a land sea mask to create the final land footprint used to
analyze the flood severity.

d¢KS ydzYoSNI 2F @I f A R oRABERAS réadalysisdasautionyanityedadid 6 G K
footprint is calculated, and the small number of TCs with fewer than 1,000 points in their
footprint (equating to an area of around 100,000km2) are excluded to ensure the footprints are

large enough to allow aesisible comparison of the area affected by severe flooding.

This process results in 280 landfalling TC cases fromZ@l®being included in the study (broken
down by basin irFigure 52). For each case a set of TC characteristics, catchment characserist
and flood severity measures are calculated, to allow an analysis across the cases of the key factors

influencing the severity of fluvial flooding.

Basin: number of included TCs
North East Pacific: 26
North Atlantic: 46
South West Indian: 15
North Indian: 28
North West Pacific: 134
Australian: 31

Figure 52. The locations of the first land point in the track of the 280 TCs included in this a2 @9), including the
breakdown of cases by the TC basin. NB. No TCs are included in the South Pacific basin, where the only landfalls are in

small island nations and therefore the land footprints were too small to allow for a fair comparison withénheases.
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5.3.2Tropical cyclone characteristics

5.3.2.1Intensity
The minimum mean sea level pressure (MSLP) and maximum sustained wind speed are extracted

from IBTrACS at each track point and the-faradfall value is used to identify the storm intensity
for consderation in each case. To ensure wind speed data are comparable between basins, 1

minute maximum sustained winds are used where available.

5.3.2.2Translation speed
Translation speed (speed in a forward motion) is calculated for edwbub track segment by

dividing the distance between the track points by 6 hours. Three speed measures are then taken
forward to consider in the analysis: i) translation speed during the track segment where it makes
landfall; ii) average speed while the storm track is over land (teamof the translation speeds
from all &hourly track segments over land); iif) minimum translation speed while the storm is over
land (the minimum of the translation speeds from at&urly track segments over land), to take

account of storms that stagta after landfall.

5.3.2.3Size and shape
TCs span a huge range of sizes, with gale force winds extending anywhere from around 20km from

the center to over 2000km. A number of methods are commonly used to calculate storm size and
shape, including the radial extenf winds reaching certain threshold values in knots (R43, R50,
R64), the radius of the maximum winds (RMW), and the radius of the outermost closed isobar
(ROCI{Merrill, 1984; Weber et al., 2014The ROCI delimits the outermost extent of a TC's wind
circulation and is the most relevant of these metrics for this study. Each RSMC will have its own,
often subjective, procedures to calculate the ROCI recorded in IBTrACS, so to allow global
comparisons this study realculates the ROCI using ERA5 MSLP §ileldg the TC tracks. For each
track point the MSLP field is centered on the storm location, and then decomposed into tangential
and radial ceordinates, essentially unwrapping the field around the storm center. A search is
carried out for the outermost clked MSLP isobar on each radial angle. The distance to this isobar
is then averaged for all radial angles to give the overall ROCI, and averaged for each quadrant (left
front, right-front, right-rear and leftrear) to give shape information. Storm asymmaeasrgalculated

by the ratio of the quadrant with the highest ROCI to that with the lowest ROCI. The average size

and asymmetry in the day prior to landfall in each case is used in the subsequent analysis.

5.3.2.4Precipitation
The daily masks containing all poimitshin 500km of the storm track in each-2dur period Figure

5-1a) are applied to the 2hour precipitation accumulation data from GPM and ERADS, to obtain
the precipitation considered to be associated with the TC. Three subsequent days are also included

using the final mask to ensure that precipitation from any stoaving remnants of the storm that
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may still contribute to flooding are included in the total storm precipitation. For the day prior to
landfall, the proportion of the masked area with pretgtion accumulations greater than 100mm
is calculated and included as a characteristic, to see how this information, which could be better

estimated ahead of landfall, compares to flood severity.

To calculate the total storm precipitation, the masked daily precipitation fields are combined to
give the overall storntotal GPM and ERA5 precipitation in the land footprint (illustrated for
Cyclone Eliakim ifigure 53). To investigate a range of prgitation characteristics in terms of
their influence on the flood severity metrics, the following values are calculated from both GPM
and ERAS:

1 The highest precipitation accumulation at any point in the land footprint area

1 The average precipitation accumatibn across the land footprint area

1 The average precipitation accumulation for points in the land footprint area where the total is
greater than 25mm (giving an estimate of the average precipitation accumulated in those areas
where the storm led to raini§

1 The proportion of the land footprint area with precipitation accumulations greater than
25/100/200mm

4
-
. .,
o o
Q o
0 10 25 50 75 100150200 250300 350 400 450 500 0 10 25 50 75 100 150200 250 300 350 400 450 500
GPM total precip accumulation (within 500km of TC track) b) ERAS total precip accumulation (within 500km of TC track)
a)

f

e

-: :— Highest daily GloFAS-ERAS discharge during event is:
o 20 40 60 80 M > 5-year return period
Soil moisture as % of PWP-SAT range (from wilting point to saturation) < 5-year return period

9) d)

Figure 53. Cyclone Eliakim (2018): a) Total event precipitation calculated from GPM; b) Total event precipitation
calculated from ERADS; c¢) Antecetlsail moisture saturation in the top layer of soil; d) GIGER35 points that exceeded

the 5year return period during the event (22% of land footprint).
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5.3.3Catchmentharacteristics
5.3.3.1Antecedent soil moisture saturation
ERAE&derived soil moisture saturatiofields were calculated as a percentage of the progress along

a scale from the permanent wilting point soil water content to the saturation soil water content (as
specified by soil type in table 8.9 of ECM{&F20a) The data were calculated on two levdbgrer

1 (07 cm), and layers-3 combined (6100 cm). For each TC case, the antecedent soil moisture
saturation data were taken from the date prior to the storm coming within 500km of land, to ensure
the pre-storm saturation levels were being recorded. Tdrdecedent soil moisture saturation for
the Cyclone Eliakim case is showFigure 53c. For each layer, the average value in the storm land
footprint was calculated, along with the proportion of the footprint with saturation greater than
90%.

5.3.3.20rography and gradient
Two of the GIoFAS input variables, detailing the orography and the gradient of each grid point, were

extracted for each footprint area. The average orography and gradient within the storm footprint

area were calculated for consideran in the data analysis.

5.3.4Calculating flood severity

The period used to calculate the flood severity for each TC case was defined by setting the first date
as the landfall date and the last date as a week after the final point in the cyclone trackvio allo
time for the affected watersheds to respond to the rainfall. For each day within this case period the
GloFASERAS discharge data in the land footprint area were compared to return period flood
thresholds to calculate the return period exceeded at eadntpd he return period thresholds were
taken directly from GIoFAS, where they are determined from the GIR¥S river discharge
reanalysis, by fitting a Gumbel extreme value distribution on the annual maxima time series over
the 19792018 period(Alfieriet al., 2019; Harrigan et al., 20236téret al., 2020)

Flood severity can be defined in several ways, each measuring a contrasting property of the flood
hazard which may be of particular relevance to different stakeholders. In this study the flood

se\erity is calculated in the following three ways for each storm:

a) Flood severity (Are®) ¢ KA &4 Aada RSTAYSR [a G(GKS LISNOSydGlr3asS 27F |
footprint where the discharge exceeds the/&ar return period value for that point at any @at
RdzNAYy 3 GKS OFrasS LISNA2R® ¢KA& KIFIa 0SSy GSN¥YSR Wi
ASOSNRGE Ayil2 GKNBS O02YLRYySy( (Stdphbids atal., 08I A G A a
RSTAYSR 20SNJ I ad2NNQa 722 iohdxkny bor Cyéldng/Eligkith, A & (2 Y
the flood severity (area) was 22%idqure 53d).

Chapter 5 Key factors influencing the severity of fluvial flood hazard from tropical cyclones



85

b) Flood severity (Duration)This is defined by selecting those points where thgear return
period was exceeded on at least one day, and then calculating the aveuageer of days for
which the Syear return period was exceeded at those points. This value is set to zero for cases
where no points exceed the threshold at all during the case period.

c) Flood severity (Magnitude)-or this magnitudévased definition the datavere filtered to only
include points that have an upstream area of greater than 1,000km2, to focus on the magnitude
of the flooding on larger rivers in the footprint. The magnitude of the flood is defined by first
calculating the maximum return period this exceeded at each of these river points during this
TC event, and then ranking the points from highest to lowest and calculating the average return
period exceeded over the top 100 points. The return periods are capped at 200 years as a
sensible uppelimit, given that the return period thresholds are generated on ayd@r sample
(Harrigan et al., 2023)n this way the magnitudbased definition of flood severity compares
the most severely affected river points in each TC case, in terms of the extessi@f the

discharge levels experienced.

5.4 Results

5.4.1Comparison of flood severity measures

The flood severity of all the TC cases, split geographically by the TC basin, is summEigee in

5-4. For all basins other than the South Indian Ocean, most ofdkes have relatively low flood
severity (Area) (median of-3%), but each basin has several cases with higher flood severity.
However, in the South Indian Ocean basin, more of the cases have a higher flood severity (Area),
with the median of 13%HRigure5-4a) found by a KruskaVall Htest to be significantly different

from the other basins (p<0.01). For flood severity (Duration) the median duration for those points
exceeding the &ear return period threshold is between one and three days in all redkigsire

5-4b). The median duration was higher for the Australian basin and the lower for the North West
Pacific (both significant at p<0.01). For flood severity (Magnitude) the South Indian Ocean is again
shown to have a higher median value compared toeotiegions (significant at p<0.01). All basins

have some cases where very high return periods are exceédgaré 54c).
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Figure 54. Boxand-whisker plot showing a) Flood severity (Area), b) Flood severity (Duration), and Flood severity
(Magnitude) groped by TC basin (AUS=Australian, EP=Eastern Pacific, NA=North Atlantic, NI=North Indian, SI=South
Indian, WP=North West Pacific). In all theJaoxiwhisker plots in this study, the box extends from the Q1 to Q3 quartile
values of the data and the whiskexstend from the 5th to the 95th percentiles. Outliers beyond this point are plotted as
circles. The median is shown by a green line, with the 95% confidence bounds in that median shown by the notched area
of the box, calculated by bootstrapping.

There aresignificant positive Spearman correlations between the three flood severity measures
(Figure 55). Although the correlations are strong (> 0.5 in each case), there are some cases where
storms have a very high flood severity in one measure and not in anoBood examples of this

are Typhoon Hagibis (2019) and Typhoon Lan (2017), which can be seen in the bottom right of the
plot in Figure 55a, with highest flood severity (Area), but where most of that flooding was very
short lived, with flood severity (Dation) of only around 1 day. This emphasizes the importance of

considering multiple indices, to take into consideration all characteristics of the flood severity.
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Figure 55. Scatter plots of the different flood severity indices: a) Flood severity) Mgé&dood severity (Duration); b) Flood

severity (Area) vs Flood severity (Magnitude); and c) Flood severity (Duration) vs Flood severity (Magnitude). The
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high values on either axis or are outliers to the general pattern.

The top ten most severe cases according to each of the flood severity indices are shitataein

5-1. All basins have storms represented in the lists. Many storms appear in the top ten for two of

the indices, and two storms, Cyclone Luban (2018) and Gytdlen (2019) appear in all three lists.
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Table 52 contains a summary of the impacts from the TC cases that appear in at least two of the

top tens. While it is harder to ascertain whether there were cases with severe impacts that were

not highlighted, thefact that all of the storms iffable 52 had significant impacts from flooding

indicates that the methods used in this paper have correctly highlightedihighct cases of fluvial

flooding from TCs.

Rank

Flood severity (area)

Flood severity (duration)

Flood severity (magnitude)

E=l= =R B R R

=

Lan (WP: 2017)
Hagibis (WP; 2019)
Komen (NI; 2015)
Luban (NI: 2018)
Kajiki (WP: 2019)
Idai (SI; 2019)
Man-Yi (WP; 2013)
Chedza (SI; 2015)
Eliakim (SI; 2018)
Mindulle (WP; 2016)

Mekunu (NI: 2018)
Pher (N1: 20140)
Harvey (NA; 2017)
Luban (NI 2018)
Kenneth (SI; 2019)
Kelvin (AUS; 2018)
Pawan (NI; 2019)
Kajiki (WP; 2019)
Carlos (AUS; 2011)
Idai (S1; 2019)

Alex (NA: 2010)
Luban (N1: 2018)
Mekunu (NI; 2018)
Idai (SI: 2019)
Harvey (NA: 2017)
Komen (NI; 2015)
Hagibis (WF; 2019)
Yasi (AUS; 2011)
Odile (EP; 2014)
Debbie (AUS; 2017)

Table 51. The 10 highestanked TCs for each floodveeity measure (in boldface type if that TC case is in the top 10 for

two of the three indices, and in boldface italic if it is in the top 10 of all three indices). The regions are definepiiotne

of Fig. 4.

Case

Summary of impacts

Idai (S1:2019)

Luban (NI 2018)
Hagibis (WP; 2019)

Komen (NI; 2015)
Kajiki (WP; 2019)

Severe flooding in Mozambique, Malawi, and Zimbabwe, leading to a major humanitarian crisis:
damages of at least $2.2 billion (2019 USD), 1.85 million people in need of humanitarian assistance,
and over 600 fatalities in Mozambique alone (Emerton et al. 2020); deadliest TC recorded in the
South West Indian Ocean basin

Flooding in Somalia, Oman, and Yemen, with 14 deaths in Yemen, with damages in the country

estimated at U.S. $1 billion (Associated Press 2018)

98 confirmed deaths in Japan and more than 270 000 households left without power across the country;
severe damage to transport infrastructures

Komen led to 45 deaths in Bangladesh, 83 in India, and 39 deaths in Myanmar

At least 6 fatalities in Vietnam, with agricultural losses estimated at U.S. $12.9 million

Mekunu (NI; 2018)
Harvey (NA: 2017)

31 fatalities (Socotra island, Yemen, and Oman): severe flooding led to power outages, and landslides
Unprecedented flooding in Texas inundating hundreds of thousands of homes, displacing more than
30000 people, and prompting more than 17 000 rescues; over 100 fatalities

Table 52. A summary of the impacts fno those TCs that appear in the top 10 for at least two of the flood severity
measures (in boldface type if that TC case is in the top 10 for two of the three indices, and in boldface italidhgit is in

top 10 of all three indices). All are TCs thattéedignificant impacts.

5.4.2Relationships between flood severity and case characteristics

5.4.2.1Correlations

¢CKS {LISFENYIYyQa wlkyl /2NNBtlFrGA2y [ 2STFFAOASYGaA
calculated storm and catchment characteristics are showRigue 56. A comparison between

GPM and ERAG5 rainfall (not shown) revealed very strong correlations, so only the ERAS precipitation
variables are included. All the flood severity variables are significantly correlated with each other,

as was seen iRigure 55. All precipitation variables (both for the precipitation field prior to landfall

and for the accumulated precipitation variables within the footprint) are significantly positively
correlated with the flood severity (Area) index, with the highest coriete for the average

accumulation in the footprint where it rained (0.58) and for the percentage of the footprint over
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100/200mm accumulations (0.57/0.54). For flood severity (Duration), there is no significant
correlation with the precipitation prior toaindfall, but there are significant correlations with most
total storm accumulation measures. For flood severity (Magnitude), there are positive correlations
with all precipitation variables apart from the percentage of the footprint over the lowest vdlue o

25mm.

Flood severity (Area) Flood severity (Duration) Flood severity (Magnitude)

1.00
Flood severity (Area)
Flood severity (Duration)
Flood severity (Magnitude) 075
ERAS pre-landfall 24-hour precip accum: proportion of area > 100mm
ERAS total precip accum: highest value in footprint 0.29*
ERAS total precip accum: average in footprint 0.14* 0.13* 050
ERAS total precip accum: average where had rain 0.28* 0.27*
ERAS total precip accum: proportion of footprint > 25mm 0.04 20.06
ERAS total precip accum: proportion of footprint > 100mm 0.18* 0.18* 0.25
ERAS total precip accum: proportion of footprint > 200mm 0.54 0.28* 0.28*
MSLP minima of TC at landfall -0.18% 0.00 -0.06
Wind maxima of TC at landfall 0.13* 0.03 0.09 0.00
Translation speed of TC at landfall -0.20* 0.31*% 0.21%
Average translation speed while over land -0.19% -£0.32* 0.17*
Minimum translation speed while over land £0.22% 0.33* 0.26* 025
TC size (ROCI) 0.12* 0.09 -0.04
TC asymmetry (ratio of highest to lowest ROCI quadrants) -0.04 0.03 0.01
Antecedent soil moisture (0-7cm): average 0.15* £0.10 -0.08 050
Antecedent soil moisture (0-7cm): proportion of footprint > 90% 0.18% -0.01 0.01
Antecedent soil moisture (0-100cm): average 0.06 0.27* £0.15%
Antecedent soil moisture (0-100cm): proportion of footprint > 90% 0.15% .06 0.01 o
Average orography in footprint 0.24* £0.01 0.10
Average gradient in footprint .03 -0.44* 0.31* Lo

Figure 56.{ LIS NI yQa wkyl /2NNBflFGA2Yy /2SFFAOASyGa 2F GKS Ft22R
OF GOKYSyYy (i OKIFNFOGSNRAAGAOE FTASEtRa FT2NJ SIOK ¢/ significasced ¢ K2aS Al
value <0.05 are marked in bold with an asterisk.

The stormintensityvariables, MSLP and wind speed at landfall, are significantly negativdlg)(

and positively (0.13) correlated with flood severity (Area) respectively. This shows thexgthen

the more intense the storm (lower MSLP minima and stronger winds), the greater the flood

severity. However, neither intensity variable is significantly correlated for flood severity (Duration)

or flood severity (Magnitude), so it is not always tlese that a strong storm will lead to severe

flooding in terms of duration or magnitude, or that a weaker storm cannot cause significant flood

events. A comparison of the distribution of flood severity values for TC cases split into those that

are tropicalstorms at landfall with those that have equivalent hurricane or major hurricane strength

(Figure 57) confirms that all storm categories have some cases with both low and high flood

severities. There are no significant differences between the severitpadihg in tropical storms

and hurricanes, but for major hurricanes there is a notable increase in the upper quartile range and

the median is significantly higher for the area and magnitude definitions of flood severity (Kruskal

Wall Htest with p<0.01).
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Figure 57. Flood severity (Area (a), Duration (b), and Magnitude (c)), for three categories of TC calculated based on the
maximum wind speed at landfall taken from IBTrACS: i) Tropical stog@3(&ots), ii) Equivalent hurricane strength

(64-95 knots)jii) Equivalent major hurricane strength (96+ knots). In actuality different storm categories and thresholds
are used by different RSMCs when defining intensity, but in order to compare across basins, the categories based on the
SaffirSimson scale are @d here. The 95% confidence bounds in the median is shown by the notched area of the box,
calculated by bootstrapping. The number of cases in each category is overlain.

The threetranslation speedrariables are all significantly negatively corelated wilihttze flood

severity indices i.e. slowanoving storms tending to have greater flood severity when considered

in terms of area, duration and magnitude. The strongest correlations are with the duration of
flooding €0.31,-0.32, and-0.33 respectively fothe translation speed at landfall, the average

translation speed over land, and the minimum translation speed over land).

The storm sizeas measured by the ROCI is significantly positively correlated with flood severity
(Area) (0.12), indicating that largstorms tend to have a greater percentage of the land footprint
exceeding the fear return period. There is no significant correlation with flood severity (Duration)
or flood severity (Magnitude), and no significant correlatiostokrm asymmetryith any of flood

Severity measures.

The relationship between flood severity aadil saturationis complex and varies with each of the
flood severity indices. For flood severity (Area), all the soil saturation metrics have positive
correlations, showing that cas with more saturated antecedent soil conditions tend to have
greater flood severity. However, a different pattern is shown for the other two flood severity indices
(Duration and Magnitude), where there are significant negative correlations with the gereil

moisture saturation in the top 100cm layef (27 and-0.15 respectively).

There is a significant positive relationship of averagegraphyand flood severity (Area) (0.24),
and there are significant negative correlations of the avegrgdientwith flood severity (Duration)
(-0.44) and flood severity (MagnitudeP(31), so lower gradients would tend to have greater flood

severity in terms of the flood duration and magnitude.
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5.4.2.2Conditional probabilities
Conventional wisdom is that translation spesd significant risk factor leading to increased flood

severity. Significant relationships were shown between the flood severity indices and the
translation speed of the TC Figure 56, but the correlations are perhaps lower than anticipated,

at -0.22,-0.33, and-0.26 for the minimum translation speed over land when compared to flood
severity as measured by area, duration, and magnitude respectively. However, if we look in more
detail at scatter plots for these relationships, and apply a conditiora@baility technique to split

the plot into four quadrants, further useful information can be fouRigre 58). The axis is split

by the median value of the minimum translation speed over land, to designaterstmxing and
fastmoving storms. A sensitty analysis (not shown) was used to select which percentile ofthe y
axes (the flood severity scores) to use to designatesmrere and severe flooding cases. The 90th
percentile was selected as the threshold that gave the best combination of haviigjesuftases
included in the upper section while also focusing in on the more severe cases (the top 10%). The
conditional probability of having severe flooding if the storm is slow moving is then calculated. For
flood severity (Area), the conditional prabitity of having severe flooding if the storm is slow
moving is 14%, more than double the conditional probability if the storm is fast moving (6%) (Figure
8a). So although there are a few cases (e.g. Hagibis;Wamd Lan) in the upper right quadrant of
Figure 58a where flood severity is high in fasbving storms, and lots of cases where slmaving
storms do not lead to severe flooding, overall there is a greater risk of severe flooding in slow
moving storms, with a significant cluster of storms wiigh flood severities and low translation
speeds (e.g. Komen, Idai, Luban, Kajiki, Eliakim). The results when we apply the same conditional
probability technique to the other two flood severity metrics are even clearer, with three times the
probability ofhaving a severe flooding event for slamoving storms for flood severity (duration),

and four times the probability of a severe flooding event for staaving storms for flood severity
(magnitude) Figure 58b and5-8c).

Fast movement of TCs appears tteofmitigate severe flooding, and slow movement increases the
likelihood of severe flooding, but these patterns are not seen in all cases. The role of other factors
in moderating this relationship can be examined by comparing conditional probabilityoplideed
severity against several different characteristics, selected based on the correlation results shown in
Figure 56 (Figure 59). Flood severity (Area) is used to examine in more detail the interplay between
characteristics, as the extent of the seg flooding across the whole area affected by the TC is
perhaps the most relevant when considering preparedness and recovery activities such as
evacuation planning. The strong relationship between flood severity and the percentage of the

footprint with high precipitation totals can be seenhigure 59a, with only 2% of the cases lower
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than the median precipitation having severe flooding. When the conditional probability technique
is applied to the average soil saturation in the top layer of the soitetigefound to be more than
double the risk (14% compared to 6%) of having severe flooding where there is high soil saturation
(Figure 59b). The bottom three plot6(9c-e) show three of the TC characteristics that may play a
role in increasing the ovelgbrecipitation accumulation: intensity, translation speed, and size. For
the more intense storms, there is a small increased probability of severe flooding (12%) when
compared with the less intense storms (7%ig(re 59¢). The doubling of the likelihoad severe
flooding for slow translations speeds, as showifrigure 58a, are repeated ifrigure 59d, while

Figure 59e shows the conditional probability results for TC size, with nearly double the risk of

severe flooding for large storms (13%) compaiedmall storms (7%).

Typhoons Ma#Yi (2013), Hagibis (2019) and Lan (2017) appear as relative outliers in the upper right
quadrant ofFigure 59d (fastmoving storms where flood severities were unexpectedly high or very
high). OnFigure 59e it can be seethat these are all very large storms, indicating that the size of
these storms may have been a significant factor contributing to their high flood severity, acting to
override the mitigative nature of their fast translation speed. They are also catedarizhe more
intense category for intensityr{gure 59c¢), and the high soil saturation categofygure 59b). Thus,

in these cases the high translation speed of these typhoons did not prevent a severe flood event

due to the presence of several otheskifactors.

A similar conditional probability analysis for the other two flood severity measures (duration and
magnitude) (not shown) found that the main driving factor from the TC characteristics was the
translation speed of the storm. The other mairkriactors were from the catchment characteristics,

with drier soils and lower gradients being associated with a large increase in the risk of having a
longer and higher magnitude flood event. These results show that the influence of the catchment
characterstics on the duration and magnitude of flooding is greater than for the flooding measured

in terms of the area.
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Figure 58. lllustration of the conditional probability technique for examining the relationship between minimum

translation speed oveland and flood severity. The blue lines divide the plot into quadrants based on the median

translation speed (9.19 knots) and the 90th percentile of the flood indices (12.86% for flood severity (Area), 3.10 days for

flood severity (Duration) and 102.59 fitwod severity (Magnitude)). There are therefore equal numbers of cases in the

orange and green halves of the plots, while the upper section of the plot displays the 10% of the TC cases with the most

severe flooding. The numbers in the top right and &fppduadrants can be compared to see if there is an elevated risk of

severe flooding for slow moving storms. Points are annotated with the storm name if they have high values on either axis

2NJ I NB 2dzif ASNB G2 GKS 38§y SatidniCoeffitients fér Machiplotare &s flladS:mpmN I y Q& wl y i
b)-0.33; c)0.26.

Figure 59. Scatter plots for the flood severity (Area) indices against a) the percentage of the footprint with event

precipitation totals greater than 100mm; b) average saituration in the top layer of soil; c) mean sea level pressure

minima at landfall; d) minimum translation speed over land, and e) size at landfall (ROCI). Each plot has the conditional

probability technique applied using the median of the variable an®@tle percentile of the flood severity to create the
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e) 0.12.
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