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Abstract 

Ensemble forecasting is widely recognised as a vital method to improve the skill and utility of 

weather forecasts. This research aims to unlock the potential of dynamic ensemble forecasts to 

improve operational tropical cyclone (TC) forecasting and early flood warnings. Firstly, a survey 

of operational TC forecast centres reveals the huge potential to improve the pull-through of 

ensemble forecasts in operational TC forecasts and warnings, identifying hurdles that need to 

be overcome to allow their full utilisation. A global evaluation of multi-model ensemble TC track 

probability forecasts highlights the benefit of using ensembles over a deterministic consensus 

forecast and demonstrates the added value gained from using multi-model ensembles. Focus 

then shifts to the potential use of ensembles in TC fluvial flood forecasting via the Global Flood 

Awareness System (GloFAS). The severity of flooding in 280 TC cases in terms of flood area, 

duration and magnitude is calculated using GloFAS-ERA5 reanalyses, and the key factors 

influencing this severity are assessed. Slow-moving, large, and intense cyclones, affecting areas 

with wet antecedent conditions, have the highest likelihood of causing widespread flooding, 

although flooding can be severe even in weaker storms. Finally, novel ensemble-based methods 

are developed to analyse predictability links along the GloFAS TC flood forecasting chain, 

demonstrated using the case of Hurricane Iota. This provides an in-depth look at the ability of 

GloFAS to forecast river flooding in a TC case, and reveals how the strength of the predictability 

links between TC track, intensity, rainfall and river discharge varies depending on catchment 

location. As numerical weather prediction (NWP) centres move towards purely ensemble-based 

forecast systems, the importance of unlocking their potential in TC forecasts and warnings 

grows. This project leaves a legacy of increased focus on this important topic within international 

forecasting and research communities via its links to World Meteorological Organisation (WMO) 

policy and wider collaborative projects. 
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Chapter 1.  Introduction 

Chapter 1  Introduction 

1.1 Motivation and aim 

Ensemble forecasting is a method developed in numerical weather prediction (NWP), where 

instead of running just a single forecast of the most likely weather, the computer model is run a 

number of times from slightly different starting conditions and/or model formulations, aiming to 

take account of the main sources of forecast uncertainty. The resulting set (or ensemble) of 

forecasts gives a much better idea of possible forecast outcomes at a particular time, and can be 

used to create probabilistic forecasts and to assess how much 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 as a key future path for 

improving the forecast skill and utility of weather forecasts and warnings (Palmer, 2019). A recent 

review of the impact of risk messages that include probability information strongly suggested that 

people do understand the probabilistic information and can use it to make better decisions 

providing it is appropriately presented (Ripberger et al., 2022b). However, in operational tropical 

cyclone (TC) forecasting there has been only limited pull-through of ensemble-based probability 

and uncertainty information into operational forecasts and warnings (Yamaguchi et al., 2009; 

Dupont et al., 2011; Elliott and Yamaguchi, 2014). 

MƻǊŜ ǘƘŀƴ ŀ ŘŜŎŀŘŜ ŀŦǘŜǊ ǘƘŜ ǇǳōƭƛŎŀǘƛƻƴ ƻŦ IŀƳƛƭƭ Ŝǘ ŀƭΦΩǎ (2012) ǇŀǇŜǊ ǿƛǘƘ ǘƘŜ ǎǘǊŀǇƭƛƴŜ άThe 

rapid maturation of ensemble prediction of tropical cyclones allows the possibility of new 

uncertainty productsέΣ ǘƘŜ ŦƭŀƎǎƘƛǇ άŎƻƴŜ ƻŦ ǳƴŎŜǊǘŀƛƴǘȅέ ǇǊƻŘǳŎǘ ŦǊƻƳ ǘƘŜ bŀǘƛƻƴŀƭ IǳǊǊƛŎŀƴŜ 

Center (NHC) still only utilises historical forecast errors rather than exploiting the benefits of the 

dynamic situation-based uncertainty information that ensembles can provide (NHC, 2023a) (Figure 

1-1). So there is huge scope to improve the use of ensembles in TC track forecasting beyond the 

confines of using the ensemble mean track forecasts in consensus forecasts (e.g. Cangialosi, 2019). 

Ensemble forecasts also have largely untapped potential to help translate increased track and 

intensity forecast skill (Landsea and Cangialosi, 2018; Cangialosi et al., 2020) into TC hazard 

forecasting, such as flooding from TC rainfall. Recent TC cases where river flooding has led to 

significant loss of life, such as Cyclones Idai (March 2020) and Freddy (February/March 2023) in 

Southern Africa and Hurricane Iota (November 2020) in Central America, emphasise the importance 

of improving the focus on early flood warning in TC cases. Therefore the main aim of this PhD thesis 

is as follows: 

ü Aim: to design and conduct research to facilitate increased pull-through of ensemble 

forecast data in tropical cyclone forecasting and early flood warning. 
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Figure 1-1. Illustration of the lack of progress in pulling through ensemble forecasts into operational TC forecasting: a) 

Fig. 1 from Hamill et al. (2012) proposing that the cone width in hurricane warnings could vary dependent on ensemble-

based situation-dependent uncertainty information; b) Figure from NHC graphic archive for Hurricane Ian ten years later 

in 2022, where cone width is still purely based on historical error statistics (NHC, 2022). 

1.2 Objectives and research questions 

1.2.1 Use of ensemble forecasts in operational tropical cyclone forecasting 

The first essential step was to obtain a baseline knowledge of the current and potential use of 

ensemble forecast data by operational TC forecast centres such as Regional Specialised Met Centres 

(RSMCs) and Tropical Cyclone Warning Centres (TCWCs). This led to the first key question: How are 

ensemble forecasts currently used in operational tropical cyclone forecasting and warnings, and 

what potential is there for this to be improved? This motivated my first objective: 

ü Objective 1: Identify the current and potential use of ensemble forecasts by operational 

tropical cyclone forecast centres. 

This objective was addressed in the study contained in Chapter 3Σ ŜƴǘƛǘƭŜŘ άCurrent and potential 

use of ensemble forecasts in operational TC forecasting: results from a global forecaster surveyέ ŀƴŘ 

published in Tropical Cyclone Research and Review in 2019. 

1.2.2 Evaluation of tropical cyclone track probability forecasts 

One key element to 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 forecasts. Previous studies evaluating named TC track probability forecasts using multi-

model ensembles have done this for only one or two Northern Hemisphere basins (e.g. Majumdar 

and Finocchio, 2010; Yamaguchi et al., 2012; and Leonardo and Colle, 2017), leaving a research gap 

to thoroughly analyse multi-model ensemble skill for all named storms worldwide. This led to the 

second key question: What benefit is there in using ensemble forecast models in TC track 
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forecasting, and does combining global ensembles into a multi-model (super) ensemble increase 

skill and value?, which inspired my second objective: 

ü Objective 2: Evaluate the benefits of multi-model ensemble tropical cyclone track 

probability forecasts. 

This objective was tackled by the study contained in Chapter пΣ ŜƴǘƛǘƭŜŘ άA global evaluation of 

multi-model ensemble tropical cyclone track probability forecastsέ ŀƴŘ ǇǳōƭƛǎƘŜŘ ƛƴ ǘƘŜ vǳŀǊǘŜǊƭȅ 

Journal of the Royal Meteorological Society in 2020.  

1.2.3 Key factors influencing severity of tropical cyclone flood hazard 

Primary attention in TC forecasting and evaluation has often been on the track, the intensity (the 

mean sea level pressure (mslp) minima and wind maxima) and the associated wind hazard 

(Emanuel, 2018). However, flooding due to heavy rain is a key contributor to the total number of 

deaths and impacts from TCs (Rappaport, 2000, 2014; Czajkowski and Kennedy, 2010; Czajkowski 

et al., 2017). Despite this, research into heavy rainfall and flooding associated with TCs has received 

more limited attention (Villarini et al., 2014b), so it is important to increase the focus on the rainfall 

from TCs, and the associated flood hazard.  

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 importance for disaster risk reduction. While the 

strongest winds and largest storm surge usually occur near the centre of intense TCs, rainfall and 

flooding often occur far from the centre, spread far inland, and last beyond when the cyclone has 

dissipated (Villarini et al., 2014a; Khouakhi et al., 2017), which has important consequences for 

evacuation, emergency management and recovery programs. Through case study or regional 

analysis there is broad understanding (Villarini et al., 2011; Saha et al., 2015; Hernández 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; Sturdevant-Rees 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 question: Can a global analysis of TC cases and their associated fluvial flood 

hazard reveal the key meteorological and hydrological factors that lead to an increased TC flood 

severity?, which led to my third objective: 

ü Objective 3: Identify the key factors that influence flood-related hazards from tropical 

cyclones using observations and reanalyses. 
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This objective was addressed in the study contained in Chapter 5Σ ŜƴǘƛǘƭŜŘ άKey factors influencing 

the severity of fluvial flood hazard from tropical cyclones.έ ŀƴŘ ǇǳōƭƛǎƘŜŘ ƛƴ the Journal of 

Hydrometeorology in 2021.  

1.2.4 Analysing predictability links in the tropical cyclone flood forecast chain 

If planners and responders know the locations likely to be at greatest risk from flooding in TC cases, 

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

Hydrometeorological ensemble flood forecasts, where probabilistic river flow predictions are 

produced by forcing a hydrological model with ensemble precipitation forecast data (Cloke and 

Pappenberger, 2009; Cloke et al., 2013a), have become available at a global scale over the last 

decade (Emerton et al., 2016; Pappenberger et al., 2016). Therefore the final study of the thesis 

considers the potential to use ensemble flood forecasts to help provide early warning of river 

flooding in TC cases and explore their predictability. It looks in detail at the forecast chain using an 

ensemble-based sensitivity technique to see how the predictability and uncertainty of the overall 

flooding is impacted by the predictability of the track, intensity, and precipitation in TCs. 

The final key question is: How are forecasts for river flooding in TC cases affected by TC track, 

intensity, and precipitation forecasts, and can ensembles help to investigate this? This motivated 

my fourth objective: 

ü Objective 4: Analyse predictability links in the tropical cyclone flood forecast chain using 

an ensemble-based method. 

This final objective is addressed in Chapter 6, which analyses predictability links in the TC flood 

forecast chain, using an ensemble-based method illustrated through the case of Hurricane Iota. This 

work was accepted for publication in the Journal for Hydrometeorology in November 2023 with the 

ŦƻƭƭƻǿƛƴƎ ǘƛǘƭŜΥ άUsing ensembles to analyse predictability links in the tropical cyclone flood forecast 

chainέ. 

1.3 Structure of the thesis 

Table 1-1 summarises the research questions and the corresponding objectives as introduced in 

Section 1.1, along with the chapter title of where the associated research can be found. Each 

chapter has an allocated circular icon, which is contained in the header for that Chapter, to make it 

easier to navigate the thesis. The thesis is structured around five main chapters (Figure 1-2): a 

literature review and then the four main papers published during the PhD, which are re-formatted 

into the format of the thesis in order to preserve the literary unity of the thesis. Following this brief 

introduction (Chapter 1), Chapter 2 provides a literature review on ensemble forecasting, TCs 

(hazards, forecasting and verification), and river flood forecasting, to substantiate the motivation 
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for carrying out the research and introduce the main datasets and methods used in the thesis. 

Chapters 3 to 6 contain the four main research outputs from this PhD thesis, and address the four 

objectives stated in Section 1.1. Chapter 7 gives a discussion of the key knowledge contributions, 

limitations, and impacts of each stage of the research, and also includes a summary of additional 

papers and reports that I have been involved in during the period of the PhD that connect to this 

thesis. Recommended next steps based on the research findings are also outlined. Finally, Chapter 

8 provides conclusions to the thesis, including a summary of the findings and the wider outcomes 

of this thesis. At the end of the thesis I provide a reference list and an appendix that contains 

Chapters 3, 4, 5 and 6 in published form, along with other important reports and papers. 

Chapter details   Icon 

Chapter 2: Literature review; substantiating the motivation for carrying out the 
study and introducing the main datasets and methods used in the thesis. 

 

  
Research Question Objective Chapter details   Icon 

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

Identify the current 
and potential use of 
ensemble forecasts by 
operational tropical 
cyclone forecast 
centres. 

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

 

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

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

Chapter 4: A global 
evaluation of multi-model 
ensemble tropical cyclone 
track probability 
forecasts. 

 

  
Can a global analysis of TC 
cases and their associated 
fluvial flood hazard reveal the 
key meteorological and 
hydrological factors that lead 
to an increased TC flood 
severity? 

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

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

  

How are forecasts for river 
flooding in TC cases affected 
by TC track, intensity, and 
precipitation forecasts, and 
can ensembles help to 
investigate this? 

Analyse predictability 
links in the tropical 
cyclone flood forecast 
chain using an 
ensemble-based 
method. 

Chapter 6: Using 
ensembles to analyse 
predictability links in the 
tropical cyclone flood 
forecast chain. 

 

 
Table 1-1. Summary of research questions and the associated objectives and chapters. 
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Figure 1-2. Schematic structure of the PhD. 
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Chapter 2  Literature review 

2.1 Ensemble forecasting 

2.1.1 Motivation and history 

Traditional numerical weather prediction (NWP) computer models began in the 1950s and 1960s 

(Young and Grahame, 2023), taking a single best estimate of the current atmospheric state and 

using mathematical models to predict future weather. However, due to the chaotic nature of the 

atmosphere (Lorenz, 1963), even very small initial errors can grow very rapidly (Lorenz, 1969) and 

affect forecast quality from NWP models. In the 1970s and 1980s, scientists started investigating 

possible objective methods that could provide a level of forecast confidence (e.g. Palmer and 

Tibaldi, 1988), realising that there is no single deterministic 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 scenarios. By 1992, the first operational ensemble forecasts 

were issued, allowing users to see a range of possible future scenarios rather than a single forecast 

realization (Buizza, 2019). These forecasts, by the European Centre for Medium-Range Weather 

Forecasts (ECMWF) (Molteni et al., 1996) and the National Centers for Environmental Prediction 

(NCEP) (Tracton and Kalnay, 1993), included multiple simulations starting from slightly differing 

initial conditions where dynamically defined perturbations had been added to the operational 

analysis, and allowed the creation of ensemble-based forecast products such as postage stamps, 

clusters, and probability fields. 

2.1.2 Current status 

Global and regional ensemble forecast systems are now run at most NWP centres across the world 

(e.g. Bowler et al., 2008; Houtekamer et al., 2009; Mamgain et al., 2020) and methods for 

perturbing the initial conditions and model physics continue to evolve (Leutbecher et al., 2017; 

Palmer, 2019; Zhou et al., 2022a). Innovative probabilistic forecast products have been developed 

using ensemble forecast data such as the Extreme Forecast Index (Lalaurette, 2003), Cyclone 

Database (Hewson and Titley, 2010), Decider regime analysis (Neal et al., 2016) and Global Hazard 

Map (Robbins and Titley, 2018), and a range of sector-specific applications developed (Taylor 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 multi-model (or ΨsuperΩ) ensembles, where multiple ensemble forecast models 

are combined together into a grand ensemble (e.g. Park et al., 2008; Hamill, 2012; Matsueda and 

Nakazawa, 2015). Ensemble forecasts can also be used to carry out ensemble-based sensitivity 
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analyses, to explore key factors controlling the nature and predictability of weather events (Hakim 

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., 2020). Research has consistently concluded 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 making (Ripberger et al., 

2022b). 

Upgraded supercomputing facilities are allowing several NWP centres to plan to drop ǘƘŜƛǊ ΨƘƛƎƘ-

ǊŜǎƻƭǳǘƛƻƴ ŘŜǘŜǊƳƛƴƛǎǘƛŎ ŦƻǊŜŎŀǎǘΩ ƛƴ ŦŀǾƻǳǊ ƻŦ ƘƛƎƘ-resolution ensemble forecasts. The first centre 

to do this is ECMWF in June 2023, when the horizontal resolution of the medium-range ensemble 

(ENS) increased to 9km (ECMWF, 2023). Therefore efforts to increase the pull-through of the 

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

as TCs have never been more important. 

The following global ensemble forecast models are used in this thesis: Met Office Global and 

Regional Ensemble Prediction System (MOGREPS-G) (in Chapter 4), European Centre for Medium-

Range Weather Forecasts Ensemble (ECMWF ENS) (in Chapters 4 and 6) and National Centers for 

Environmental Prediction Global Ensemble Forecast System (NCEP GEFS) (in Chapter 4). See Table 

2.1 for further details. 

Model Number of members Resolution Forecast length 

MOGREPS-G 36 (18+18 time-lagged) 20 km 8 days 

ECMWF ENS 51 18 km 15 days 

NCEP GEFS 31 25 km 35 days 

Table 2-1. Summary of the ensemble forecast models used in this thesis (prior to ECMWF ENS upgrade in June 2023). 

2.2 Tropical cyclones 

2.2.1 Climatology 

Tropical cyclones (TCs) are one of the most powerful and destructive weather systems on earth, 

bringing surface winds as high as 300km/hr, torrential rain and powerful storm surges. Defined by 

Ramsay (2017) as ŀ άnon-frontal synoptic scale low-pressure system over tropical and subtropical 

waters with organized convection and a closed cyclonic low-level wind circulationέ, they typically 

form in tropical oceans at latitudes between 5° and 30° north or south of the equator where 

converging winds near the ocean surface force air to rise to form a cluster of thunderstorms. If 

conditions are right (including sea surface temperature (SST) of at least 26.5°C, a steep vertical 

temperature gradient, high lower-tropospheric relative humidity and low wind shear), the 

convective area can grow in size, begin to rotate and become an intense self-sustaining TC (Gray, 

1968; DeMaria et al., 2001). There are around 80 TCs each year globally; two thirds of these form 
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in the Northern Hemisphere from about June to November, and the remaining third form in the 

Southern Hemisphere normally from November to May. 

2.2.2 Rainfall 

The precipitation structure in mature TCs 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). See Figure 2-1 taken from Houze (2010) for an illustration of an idealised but 

typical array of rainbands and eyewalls in a TC. The heaviest rain rates occur in the eyewall region, 

with peak rain rates occurring at radii less than 50km from the centre of the storm, and the mean 

rain rate decreasing from there with increasing radius (Lonfat et al., 2004). A study of three 

landfalling TCs in the U.S. found that: i) before landfall, the maximum rainfall tends to be 

concentrated between 50 km and 100 km from the centre of circulation; ii) after landfall, the 

maximum rainfall moves towards the storm centre as the eye collapses; iii) as the storm moves 

inland, the peak rainfall reduces and the rainfall distribution moves away from the centre with 

orographic amplification of rainfall playing a key role (Villarini et al., 2011). A recent study of 

landfalling TCs in China showed that TCs with a smaller inner core (measured by the radius of the 

maximum wind (RMW)) tend to have higher rain rates with higher axisymmetry than larger TCs, but 

that irrespective of size rainfall occurs within a 5° radius (Yu et al., 2022c). Most studies that have 

assigned a set radius for defining TC-related rainfall, have used a radius of either 500km (Prat and 

Nelson, 2013, 2016; Jiang et al., 2011; Luitel et al., 2018), 550km (Zhou and Matyas, 2017) or 5 

degrees (Guo et al., 2017). A radius of 500km from the centre of the storm track is used to define 

TC rainfall in Chapters 5 and 6. 
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Figure 2-1. Schematic illustration of radar reflectivity in a Northern Hemisphere TC. Taken from Houze (2010). 

The relationship between the intensity (maximum wind and mslp minima) of the TC and its 

associated rainfall is not straightforward. TC rain areas do not always correlate well with the spatial 

extent of strong winds, and are often larger, meaning that moderately heavy rainfall may 

commence before damaging winds arrive, decreasing the time available for preparedness activities 

(Guo and Matyas, 2016). The mean rain rate close to the centre of the storm tends to increase with 

increasing storm intensity but differences in rain rates among the different storm intensities tend 

to vanish at greater distances from the centre, e.g. by 300km from the centre (Lonfat et al., 2004). 

Racoma et al. (2022) did find a positive relationship between TC intensity and extreme 

precipitation, while Yu et al. (2015) found that although on average higher intensity TCs have larger 

peak axisymmetric rain, total rain, and rain areas, stronger TCs do not have systematically higher 

maximum rain rates than weaker storms.  

The total rainfall produced by a TC is influenced by the length of time a TC spends over a given 

location, which is dependent on the size of the rainfall area and the translational speed of the storm 

(Rogers et al., 2009). A slow along-track motion, or stalling near or after landfall, can lead to higher 

amounts of rainfall (Racoma et al., 2022), while larger TCs also increase the rainfall hazard as they 
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precipitate upon one spot for a longer time and bring rainfall to a wider area. Strong upper-level 

atmospheric forcing (i.e. dynamic processes that force air to rise, such as upper level divergence) 

can lead to high rainfall amounts even from systems moving at an average forward motion. TC rain 

fields also contain asymmetries caused by environmental effects such as topography, storm 

motion, vertical wind shear, and interaction with midlatitude weather systems such as upper-level 

troughs. There are many orographic effects on TC rainfall, including modulation of the microphysics 

and dominant rain processes in addition to the direct orographic enhancement of the rainfall due 

to the lifting effect of the terrain (DeHart and Houze, 2017; Qiu et al., 2019). Storm motion generally 

leads to an area of low-level convergence and greater rainfall in the front-right quadrant of the 

storm (Zhou et al., 2018). In weak vertical wind 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 increases (Yu et al., 2015; 

Bell, 2019), leading to an exposed circulation centre and a reduction of the potential magnitude of 

rainfall. Wider environmental interactions can modify the TC rainfall pattern substantially and 

generate remote rainfall events, which is one of the challenges in forecasting TC rainfall (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 occur (Prat and Nelson, 2016; Villarini and Denniston, 2016; 

Bagtasa, 2017; Khouakhi et al., 2017). The changing climate is likely to lead to an increase in the 

hazards and impacts from TC rainfall, with increasing TC rain rates already being detected (Guzman 

and Jiang, 2021), and projections that rainfall over land may be particularly increased due to 

stronger updrafts (Scoccimarro et al., 2017). The latest comprehensive assessment of the projected 

responses of TCs to climate change (Knutson et al., 2020) found medium-to-high confidence in an 

increase in TC rainfall rates, with a median projected increase of 14% for a 2°C global warming. 

Other factors important to TC rainfall such as translation speed may also be impacted, although 

confidence in projections of TC translation speed is low due to a lack of consensus in climate 

projections and in recent observed studies (Kossin, 2018; Moon et al., 2019; Yamaguchi et al., 2020). 

2.2.3 Fluvial flood hazard and impact 

The hazards associated with a TC include strong winds, tornadoes, heavy rain, 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 consider hazards and impacts in a multi-hazard context. Yet 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 hazards such as fluvial 

flooding.  

Flooding is defined by the Intergovernmental Panel on Climate Change (IPCC) as ά¢ƘŜ ƻǾŜǊŦƭƻǿƛƴƎ 

of the normal confines of a stream or other body of water, or the accumulation of water over areas 

ǘƘŀǘ ŀǊŜ ƴƻǘ ƴƻǊƳŀƭƭȅ ǎǳōƳŜǊƎŜŘέ (IPCC, 2012). Fluvial floods occur when a watercourses' capacity 

is exceeded resulting in water overflowing on to surrounding land, and are affected by the intensity, 

duration, amount, and timing of precipitation. They are also affected by catchment conditions such 

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

distribution), urbanisation, and the existence of dikes, dams, and reservoirs (Bates et al., 2008). 

Flooding due to heavy rain in TCs is a significant and dangerous hazard. In a large study of TC related 

fatalities in the U.S., Rappaport (2014) found that rainfall-induced flood deaths occurred in more 

tropical cyclones than deaths from any other TC hazard. An earlier study (Rappaport, 2000) found 

that freshwater floods caused more than half of the 600 U.S. deaths directly associated with TCs or 

their remnants in the 30-year period 1970-99, with more than three-quarters of the victims under 

age 13 dying in rain-induced floods and most fatalities occurring in inland counties. River flooding 

from landfalling TCs is also responsible for severe socioeconomic losses around the globe (Yang et 

al., 2020). TCs account for a significant percentage of the total number of flood-related fatalities in 

countries most often directly impacted by landfalling events (Hu et al., 2018), 

TC-related flooding often occurs far from the centre of storm, spreads far inland, and lasts beyond 

when the cyclone has dissipated (Villarini et al., 2014a; Khouakhi et al., 2017), with insurance data 

indicating twice as many residential losses from freshwater flooding compared to storm surge 

losses (Czajkowski et al., 2017). Excluding Hurricane Katrina, 80% of hurricane fatalities between 

1970 and 2007 occurred outside of landfall counties (Czajkowski and Kennedy, 2010). However, 

despite the role of inland flooding in TC-related deaths, evacuation decision-making does not often 

include a consideration of the risk of inland flooding (Stein et al., 2010). Residents often misconstrue 

the greatest threat as coming from wind rather than water (Meyer et al., 2014), for example using 

the intensity of the storm on the Saffir Simpson scale was a key determining factor in the evacuation 

decision-making during hurricanes (Whitehead et al., 2000). The potential for heavy rainfall is 

ǇǊŜǎŜƴǘ ǊŜƎŀǊŘƭŜǎǎ ƻŦ ǘƘŜ ǎǘƻǊƳΩǎ ŎŀǘŜƎƻǊȅ (NHC, 2023b; NWS, 2023), as TCs that are considered 

άǿŜŀƪέ ōȅ ǘǊŀŘƛǘƛƻƴŀƭ ƛƴǘŜƴǎƛǘȅ ƳŜŀǎǳǊŜǎ Ŏan still produce extremely heavy rainfall and flooding 

impacts (Tang et al., 2021). This shows the 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 there is broad understanding, largely through case study or regional analysis (Saha et al., 

2015; Hernández Ayala and Matyas, 2016; Yu et al., 2017; Jiang et al., 2018; Touma et al., 2019; Li 

and Liu, 2022; Racoma et al., 2022, 2023) of those factors that influence rainfall patterns in 

landfalling TCs, why seemingly similar landfalls and tracks have different rainfall distributions 

(Cheung et al., 2018), and how hydrological factors, such as soil conditions and orography, help to 

determine which TC cases had elevated impacts from flooding (Rappaport, 2000; Sturdevant-Rees 

et al., 2001), systematic global analysis to objectively confirm these drivers and their relationships 

to downstream flood hazard is lacking. This is addressed in Chapter 5, which undertakes a global 

analysis of the key meteorological and hydrological factors that lead to an increased fluvial flood 

hazard from TCs. For 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 factors influencing TC rainfall 

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

2.3 Forecasting of tropical cyclones 

2.3.1 Operational forecasting and global co-operation 

For more than 50 years, the World Meteorological Organization (WMO) has led global collaboration 

efforts with an aim of improving TC forecasts and warnings. In 1972, the WMO Tropical Cyclone 

Project (now Programme) (TCP) was created, which established six Regional Specialized 

Meteorological Centers (RSMCs) and six Tropical Cyclone Warning Centers (TCWCs) responsible for 

providing real-time warnings to the public (Ramsay, 2017) (see Figure 2-2). It is these centres that 

are surveyed in Chapter 3. The International Best Track Archive for Climate Stewardship (IBTrACS) 

(Knapp et al., 2010) collects from these international centres their best estimates of TC location and 

intensity to create a merged global dataset for public use. This data is used in Chapters 4, 5, and 6. 
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Figure 2-2. Map showing the six Regional Specialized Meteorological Centers (RSMCs) and the six Tropical Cyclone 

Warning Centers (TCWCs) assigned by the World Meteorological Tropical Cyclone Programme. Taken from Ramsay (2017). 

2.3.2 Forecasting track and intensity 

TC forecasts have been issued by RSMCs for over 50 years, focussed on forecasting the track, 

landfall location and intensity. Over that time there have been remarkable improvements in the 

forecasting of the TC track (Figure 2-3a), with track errors reducing by around two thirds in just 25 

years (Landsea and Cangialosi, 2018; Yu et al., 2022a). A variety of TC tracking methods are used, 

including statistical forecasting techniques, dynamical modelling, statistical-dynamical techniques, 

and hybrid techniques (Roy and Kovordányi, 2012), with a traditional emphasis on multimodel 

deterministic consensus forecast guidance at many operational forecasting centres (Goerss, 2000; 

Simon et al., 2018). Track improvements over recent years are primarily due to advances in 

observational technology, data assimilation, and numerical weather prediction models (Yamaguchi 

et al., 2017; Heming et al., 2019).  

Forecasting the intensity of TCs, and in particular forecasting rapid intensification, has traditionally 

been more challenging, although Figure 2-3b shows that there have been significant improvements 

in intensity forecasts from RSMCs in recent years (Cangialosi et al., 2020), while work to improve 

TC intensity forecasts from NWP models continues, including higher resolution ensemble forecasts 

(Magnusson et al., 2019).  
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Figure 2-3. National Oceanic and Atmospheric Administration (NOAA) National Hurricane Center (NHC) 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 time colours: 12 hr: yellow; 24 hr: black; 48 hr: blue; 72 hr: green; 96 hr: cyan; 120 hr: magenta; linear regression 

lines are also shown. Taken from Emanuel (2018). 

Despite the improvements in TC forecast skill, and predictions that track skill could improve further 

in the future (Zhou and Toth, 2020; Yu et al., 2022a), it is widely accepted that making perfect 

forecasts will never be possible. This is because, as first demonstrated by Lorenz (1969), there exists 

a limit of predictability beyond which further increases of skill are unattainable due to the cascading 

of errors up to the synoptic scale. Therefore a shift in focus of the research and forecasting 

community towards providing probabilistic forecast information about TC track uncertainty, and 

pulling this dynamic forecast information into probabilistic TC hazard and impact forecasts, is 

recommended to maximise the usefulness of forecasts (Landsea and Cangialosi, 2018). 

To date, most metrics of TC forecast skill have focused on the track and intensity described in this 

section. Yet, in practice, these are far removed from the metrics of most utility to society, which 

are more concerned with the probabilities of hazardous conditions at fixed points in space 

(Emanuel, 2018). With ensemble forecasts now more widely available, probabilistic TC forecasts 

have great potential, both as effective ways of communicating risk in advance of TC landfall and as 

better metrics by which model improvements may be judged. 

2.3.3 Forecasting precipitation and flooding 

Lamers et al. (2022) prepared a summary of recent research studies and the forecasting challenges 

of TC rainfall for the Tenth International Workshop on Tropical Cyclones (IWTC-10) in Bali in 

December 2022. They state that forecasts of TC rainfall are generally influenced by eight main 
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factors: movement, storm size, topography, moisture, instability, diurnal cycle, vertical wind shear 

and wider interactions. Considering the time required for local governments to issue an emergency 

alert or organize extensive evacuations, rainfall or flooding forecasts have to be provided to 

decision makers at least 2-3 days in advance, which given the complexity of the factors influencing 

TC rainfall is still a challenging task (Cheung et al., 2018). 

There are many techniques for quantitative precipitation forecasting (QPF) of TC rainfall including 

statistical techniques (Pfost, 2000), satellite-based forecasts (Kidder et al., 2005; Ebert et al., 2011), 

climatology-based techniques (Marks et al., 2002; Lonfat et al., 2007), and analog-based forecast 

methods (Kim et al., 2020b, 2020a; Bagtasa, 2021; Jia et al., 2022), with machine learning 

techniques showing promise in enhancing these analog and statistical methods (Liu et al., 2021; 

Wang et al., 2022). 

More complex NWP models are widely cited by operational TC forecast centres as a critical source 

of guidance for TC rainfall prediction, in particular global models and their ensembles that can 

provide coverage across a whole basin (Lamers, 2022). Global NWP models have been found 

provide skilful forecasts of TC rainfall with lead-times up to 48 h, without a consistently best model 

(Luitel et al., 2018). However, global models can suffer from insufficient horizontal and vertical 

resolution to resolve orographic effects and physical processes and higher-resolution regional 

models such as HRRR (High Resolution Rapid Refresh) and HWRF (Hurricane Weather Research and 

Forecasting) in the U.S. (Ko et al., 2020; Dowell et al., 2022), and AROME in the south west Indian 

ocean (Faure et al., 2020) can help to provide more detailed forecasts at short lead times. 

Not all RSMCs are responsible for providing precipitation forecasts and warnings from TCs. For 

example, for TCs in the U.S. another NWS national centre, the Weather Prediction Center (WPC), 

serves as the specialized centre of precipitation expertise and creates QPF based on the NHC official 

track forecasts. It also issues rainfall and flooding forecast products based on these such as the 

Excessive Rainfall Outlook (ERO), which graphically maps the probability of rainfall exceeding flash 

flood guidance thresholds, exhibiting good reliability (Erickson et al., 2021).  

Lamers (2022) provides an international summary of the current state of warnings for rainfall and 

associated flooding. Many countries have adopted a tiered warning strategy for rainfall, 

represented by different colours and/or names. For example, India (IMD) provides impact-based 

heavy rainfall warnings along with designated colour-code based actionable warnings for all major 

cities, and is also implementing an integrated flood warning system for major flood prone cities 

such as Chennai. In the U.S., the forecast process at WPC has included exchange of 

hydrometeorological insights with the newly created National Water Center (NWC), and these 
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centres have engaged in event-driven joint product creation (e.g. tropical cyclone key messages for 

flooding) (Burke et al., 2023). Lƴ WŀǇŀƴΣ ŀ άǊŜŀƭ-ǘƛƳŜ Ǌƛǎƪ ƳŀǇέ ŦƻǊ ŦƭƻƻŘƛƴƎ ǿŀǎ ƭŀǳƴŎƘŜŘ Ǿƛŀ ǎƳŀǊǘ 

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

Approaches for hydrological modelling also vary from country to country, and are mostly 

dependent on individual national meteorological and hydrological services, rather than being 

carried out at the regional TC forecast centre, with a trend toward trying to account for more of the 

complexity in modelling approaches (Lamers et al., 2022). In the U.S. the NWS River Forecast 

Centers (RFC) use the QPF operationally to forecast river levels at key points along U.S. (Adams, 

2016), while the new national centre, the NWC, is currently building operational capacity and will 

be the centre of expertise for hydrology (Lamers et al., 2022). There are similar arrangements at 

other RSMCs and national meteorological services. Flooding in particular can sometimes be handled 

in a totally different department. For example, in Mozambique, the official TC forecasts are received 

from RSMC La Reunion, but do not provide information on rainfall or flooding. The Mozambique 

National Institute of Meteorology (INAM) then issue TC warnings and rainfall forecasts based on a 

variety of rainfall forecast products. Flood warnings are the responsibility of the National 

Directorate of Water Resources Management (DNGRH), who issue them based on observed trends 

in river levels and a qualitative assessment of the TC and rainfall forecasts (Emerton et al., 2020). 

2.3.4 Probabilistic forecasting of tropical cyclones 

Dynamic ensemble forecast models have a vital role to play in TC forecasting, 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 posǘπŜǾŜƴǘ ƳƻŘŜƭ ŜǾŀƭǳŀǘƛƻƴ ŀƴŘ ŦƻǊ ǘƘŜ ƎŜƴŜǊŀǘƛƻƴ ƻŦ ŦƻǊŜŎŀǎǘ ƎǳƛŘŀƴŎŜ 

products in real time. Various tracking techniques are used by operational centres around the world 

(Vitart and Stockdale, 2001; Van der Grijn, 2002; Tallapragada et al., 2013) and in research (Hodges, 

мффрύΦ !ǘ ǘƘŜ aŜǘ hŦŦƛŎŜΣ ŀ ōƛǾŀǊƛŀǘŜ όурл ǊŜƭŀǘƛǾŜ ǾƻǊǘƛŎƛǘȅ ŀƴŘ ƳŜŀƴ ǎŜŀπƭŜǾŜƭ ǇǊŜǎǎǳǊŜύ TC tracker 

known as MOTCTracker (Heming, 2017) is run in real time on the Met Office MOGREPS-G ensemble, 

and also on the ECMWF ENS and NCEP GEFS ensembles. The resulting track information from the 

three global ensembles are also combined into a 108-member multi-model ensemble, often 

ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ŀ άǎǳǇŜǊ ŜƴǎŜƳōƭŜέ. A range of products, including track probability and intensity 

forecasts for both named and forming storms, are produced and used by forecasters in the Met 

Office Global Guidance Unit. They are also distributed to several operational TC forecasting centres, 

including the Regional Specialised Met Centres (RSMCs) in Miami, La Reunion, and Delhi. It is these 

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

and share the forecast track data via the TIGGE (The International Grand Global Ensemble) cyclone 

exchange programme (Swinbank et al., 2016). This TIGGE data is used to source the ECMWF ENS 

TC track forecasts used in Chapter 6. 

Previous studies evaluating named storm track probability forecasts using multi-model ensembles 

have done this for only one or two Northern Hemisphere basins (e.g. Majumdar and Finocchio, 

2010; Yamaguchi et al., 2012; and Leonardo and Colle, 2017). Therefore there is a research gap to 

thoroughly analyse multi-model ensemble skill for all named storms worldwide, to find if there is 

benefit in terms of probabilistic forecast skill, reliability and value, from combining the ensembles 

into a multi-model (super) ensemble. To further establish the benefit of ensemble track probability 

forecasts over traditional deterministic techniques, a further research gap is to evaluate whether 

using the full probability forecast information via the multi-model ensemble adds skill compared to 

a consensus forecast of the parent deterministic models. These research gaps are addressed in 

Chapter 4, with the global study confirming that the results of the earlier basin-specific studies, 

such as the under dispersion of the tracks in the MOGREPS-G and NCEP GEFS ensemble found in 

Leonardo and Colle (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 

TC basins.  

Ensemble forecasting of TC hazards has received less attention, although this is changing in recent 

years. For example, in Asia, ensemble forecasting systems show promising forecast skill, including 

the ensemble typhoon quantitative precipitation forecast (ETQPF) used in Taiwan (Hong et al., 

2015) and the Global Ensemble Prediction System (GEPS) precipitation forecasts for Japan (Cheung 

et al., 2018). In the Southwest Indian Ocean basin, the Système de Prévision des Inondations en 

contexte Cyclonique (SPICy) project aimed to explore new probabilistic forecast products for TC 

hazards such as coastal inundations using both ECMWF ENS forecasts (Bonnardot et al., 2019) and 

high-resolution regional ensemble AROME-IO EPS (Bousquet et al., 2020). In the U.S., a regional 

HWRF-based ensemble was found to have good forecast skill and reliability for probabilistic TC wind 

and precipitation forecasts (Bachmann and Torn, 2021). An ECMWF ENS-based combined 

meteorological and land-surface index, the flood hazard risk forecasting index (FHRFI) was found to 

provide skilful forecasts up to four days ahead for the flash flooding in Hurricane Harvey (Jurlina et 

al., 2020). For river flooding in TC cases a handful of studies have successfully illustrated the 

potential of forcing hydrological models with ensemble forecast data: A WRF-based ensemble was 

used to drive a hydrological model for the Lanyang basin during Typhoon Nanmadol (Hsiao et al., 

2013); NCEP GEFS data was used to forecast inundation extents for Hurricanes Irene and Sandy 
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(Saleh et al., 2017); and an ensemble based on the JMA Nonhydrostatic Model (NHM) was used to 

force a hydrological model for the Shingu river basin in Japan (Yu et al., 2016). 

2.3.5 Forecasting for humanitarian preparedness and response 

Humanitarian and development agencies need to prepare for and respond to events such as TCs in 

order to prevent human suffering and losses. Over the last few years progress has been made in 

developing systems that provide funding based on a forecast of an extreme event. Initiatives such 

as Forecast-based Financing (FbF) and the UK's Science for Humanitarian Emergencies and 

Resilience (SHEAR) research programme have helped to ensure that forecasts can be used to take 

early action ahead of a disaster (Coughlan de Perez et al., 2016). For TC cases many humanitarian 

agencies rely on forecasts from the Global Disaster Alert and Coordination System (GDACS), which 

classifies TCs based on their winds, but do not currently include rainfall forecasts or any uncertainty 

information (GDACS, 2023). The World Food Programme (WFP) Advanced Disaster Analysis & 

Mapping (ADAM) system includes forecasts for TCs and includes precipitation forecasts, but only 

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 Awareness System (GloFAS, see Section 2.5.3) to be used in TC 

cases. GloFAS flood forecasts had previously been used for triggering humanitarian action based in 

Uganda (Coughlan de Perez et al., 2016) but their potential for TC cases was as yet untapped. During 

the timeline of this PhD project, GloFAS 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 et al., 2022, and summarised in Chapter 

7). GloFAS forecasts are also now included in Pacific Disaster Centre Disaster AWARE platform and 

WFP ADAM flooding dashboards, so the relevance of the work of this thesis in aiding the 

interpretation of flood forecasts in TC cases continues to grow.  

2.4 Verification methods for tropical cyclone forecasts 

2.4.1 Traditional verification metrics 

In order to evaluate how good our forecasts are scientists often use statistical metrics to verify their 

accuracy, skill and other characteristics. The most common verification metric used to analyse a TC 

forecast from an NWP model is to verify the TC forecast track error, defined as the great-circle 

difference (the shortest distance between two points on the surface of a sphere, measured along 

the surface of the sphere) ōŜǘǿŜŜƴ ŀ ¢/Ωǎ ŦƻǊŜŎŀǎǘ centre position and the best-track position at 

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

of along- and cross-track error, with respect to the observed best track (JWGFVR, 2013). TC 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 value of the raw intensity 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 error. The size of a TC is typically given by "wind-

speed radii", expressed as the distance from the centre of the TC to the maximum extent of winds 

exceeding 34 and 64 knots (tropical storm and hurricane strength) but the uncertainty associated 

with the analysis of these values is quite large due to the limited density of available wind 

observations, making verification challenging. TC track and intensity errors are calculated in 

Chapter 6. 

When verifying rainfall, the accuracy of predicted rainfall accumulations over fixed periods and for 

the duration of the storm are of interest. Observations of TC rainfall are important for analysing the 

rainfall patterns in TCs and for verifying their forecasts, and are generally gauge-based, satellite-

based or from reanalyses (Sun et al., 2018). Rain gauges are indispensable for measuring 

precipitation directly, but global gauge density is limited and their distribution is uneven (Kidd et 

al., 2017). Satellite data provides a more uniform global coverage, and the international Global 

Precipitation Measurement (GPM) mission uses a constellation of satellites to improve sampling, 

using its Integrated Multi-satellitE Retrievals for GPM (IMERG) algorithm to combine microwave 

and IR-based observations to increase accuracy and reliability (Hou et al., 2014; Huffman et al., 

2019). IMERG offers global rainfall estimates with a spatiotemporal resolution of 0.1°×0.1° every 

ол Ƴƛƴutes, meaning it is able to better represent TC rainfall compared to its predecessor, the 

Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) (Chen and 

Huang, 2019; Yuan et al., 2021). IMERG has been found to capture the detailed spatial structure of 

rainfall associated with TCs, especially within the first 100 km from the TC centre outwards (Rios 

Gaona et al., 2018), and for severe flooding cases such as Hurricane Harvey (Omranian et al., 2018). 

GPM IMERG data is used in Chapters 5 and 6. Reanalyses aim to optimally combine observations 

and models; 9w!р ƛǎ 9/a²CΩǎ ƭŀǘŜǎǘ ŎƻƳǇǊŜƘŜƴǎƛǾŜ ŀǘƳƻǎǇƘŜǊƛŎ ǊŜŀƴŀƭȅǎƛǎ ǿƛǘƘ ŀ Ǝƭƻōŀƭ ƘƻǊƛȊƻƴǘŀƭ 

grid resolution of about 31km/0.28125° (Hersbach et al., 2020) and is used in Chapter 5. A simple 

gridpoint-based error measure (Mean Absolute Error) was calculated against IMERG data in 

Chapter 6 in order to provide a basic precipitation score to compare against track, intensity, and 

discharge scores. 

2.4.2 Ensemble-based verification metrics 

Verification methods applied to ensemble forecasts have two main objectives: 1) to assess the 

characteristics of the ensemble distribution; and 2) to verify the probability forecasts. Several 

metrics are required to fully evaluate the various attributes of ensemble forecast quality such as 
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skill, reliability, sharpness and value. Detailed reviews of ensemble forecast verification can be 

found in Wilks (2011) and Jolliffe and Stephenson (2012). Commonly used verification metrics 

include rank histograms, reliability diagrams, spread vs. skill plots, Relative Operating Characteristic 

(ROC) plots, Brier Skill Score (BSS) and the Continuous Ranked Probability Score (CRPS). Relative 

economic value plots are another useful verification tool, displaying the relative improvement in 

economic value between the sample climatology and a perfect forecast for a range of cost-loss 

ratios (Richardson, 2000). The track probability verification carried out in Chapter 4 includes ROC 

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

2.4.3 Feature-based verification metrics 

Mislocated features, which can be a problem in TC rainfall forecasts 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 to predict 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 fields (Roberts and Lean, 2008; Mittermaier et al., 

2013). Feature-based 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, 2010), providing information on how well forecasts have captured the rainfall 

area, location, and intensity of threshold-based objects identified in the observed and forecast 

fields. Examples of object-based verification methods include the Contiguous Rain Area method 

(CRA) (Ebert and McBride, 2000; Ebert and Gallus, 2009), the Method for Object-based Diagnostic 

Evaluation (MODE) (Davis et al., 2006, 2009), and the Structure Amplitude Location method (SAL) 

(Wernli et al., 2008, 2009). Some object-based methods have been further adapted and applied to 

ensemble verification (Gallus, 2010; Radanovics et al., 2018; Ji et al., 2020; Dube et al., 2022), 

Only a handful of studies have applied feature-based verification to TC rainfall forecasts (Marchok 

et al., 2007; Chen et al., 2018; Yu et al., 2020), and only to deterministic forecasts. To my knowledge 

there has not been any attempt to apply object-based methods to ensemble TC rainfall forecasts. 

An initial employment of SAL, MODE and CRA methods to verify ensemble TC rainfall forecasts is 

introduced and discussed in Chapter 7. 

2.5 River flood forecasting 

2.5.1 Background 

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 emergency preparedness and 

response activities (Adams and Pagano, 2016). Hydrological forecasting techniques include simple 
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statistical and water-balance approaches, rainfall-runoff modelling, and hydrological and hydraulic 

flow routing (Sene, 2010). Some approaches are purely based on statistical linkages between 

upstream and downstream gauges (Franchini et al., 2011), which can be effective on longer rivers 

or where only short lead times are needed. However, most hydrological forecasts aim to translate 

meteorological observations and forecasts into estimates of river flows, using rainfall-runoff 

models. 

The rainfall-runoff models used for flood risk assessment use rainfall inputs to provide runoff 

outputs, are generally built around simplifying assumptions of natural hydrological system and have 

evolved greatly in the last few decades (Beven, 2012). These models can be divided into statistical, 

conceptual or physically based models. Data-driven statistical models lack a description of the 

underlying hydrological processes and are usually expressed as empirical models (Todini, 2007). 

Conceptual models attempt 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 conservation 

of mass and energy. Routing techniques used in hydrological models are broadly classified as either 

hydrological or hydraulic routing. In hydrological routing, the time-varying flow is computed at a 

single specified location downstream, while in hydraulic flood routing the hydrograph is 

simultaneously computed at several cross-sections along the watercourse, requiring detailed 

channel bathymetry and roughness data (Jain et al., 2018). Hydrological models can be further 

categorised by scale. Lumped models 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 semi-distributed models seek to find a middle 

ground benefitting from the strengths of both lumped and distributed models (Okiria et al., 2022). 

Best practice in flood forecast and warning systems has increasingly moved towards the use of 

physically based distributed models (WMO, 2011). 

In recent decades better 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 have helped with warning 

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 countries (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 parameters (Zappa et al., 2011), with the largest 
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uncertainty usually coming from the meteorological forecast input (Moore, 2002; He et al., 2009; 

Emerton et al., 2016). Therefore there is an increasing focus on ensemble flood forecasting (Cloke 

and Pappenberger, 2009), where ensemble weather forecast models provide a representation of 

that meteorological forecast uncertainty. 

2.5.2 Ensemble flood forecasting 

In ensemble flood forecasts, probabilistic river flow predictions are produced by forcing a 

hydrological model with ensemble precipitation forecast data (Clark and Hay, 2004; Cloke and 

Pappenberger, 2009; Cloke et al., 2013b). Ensemble flood forecasting has gained significant 

momentum over the past decade due to the growth of ensemble weather forecast models, an 

increase in the availability of high-performance computing, and a gradual shift from deterministic 

to risk-based decision-making to account for forecast uncertainty (Wu et al., 2020). International 

community-building activities, such as the Hydrologic Ensemble Prediction Experiment (HEPEX), 

which seeks to advance the science and practice of hydrological ensemble prediction and its use in 

impact- and risk-based decision making, have also helped to build this momentum (Schaake et al., 

2007).  

A review of ensemble flood forecasting research from 2001 to 2019 found 61 papers focussing on 

various aspects of ensemble flood forecasting around the globe (Wu et al., 2020). Although there 

was an increasing trend in the number of papers per year through the period, the vast majority of 

studies are conducted in countries in the northern hemisphere or in the developed world. There 

was also an increasing trend in studies applying ensemble flood forecasting to solve a real-world 

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 evacuation planning in emergency management and risk 

mitigation for humanitarian actions. The work of Chapter 6, looking at how global ensemble flood 

forecasts can be used to help understand the cascading predictability of flooding in TC cases, whilst 

not directly looking at these areas, can hopefully provide useful insight for these communities to 

help advance early flood warnings in TC cases. 

2.5.3 GloFAS 

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., 2016). The Global Flood Awareness System (GloFAS) is the global flood service 

of the European Commission's Copernicus Emergency Management Service (CEMS), and provides 

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

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

largely unexplored. 

GloFAS is one of only two global scale ensemble operational flood forecasting systems (Emerton et 

al., 2016); The other is the Global Flood Forecasting and Information System (GLOFFIS) run by 

Deltares (den Toom et al. 2020). GloFAS was jointly developed by the Joint Research Centre (JRC) 

of the European Commission and the European Centre for Medium-Range Weather Forecasts 

(ECMWF), and went pre-operational in 2011 (Alfieri et al., 2013), becoming a fully operational, 

supported service in 2018. It couples global EC ENS input data with hydrological modelling to 

produce river discharge on a global river network, currently at 0.1 degree resolution. In this thesis, 

the version of GloFAS used is v2.1, implemented in November 2019, so this will be described in 

more detail. GloFAS v2.1 couples the ECLand surface and subsurface runoff outputs to Lisflood-

routing to produce river discharge. ECLand is the land surface modelling platform (Boussetta et al., 

2021) that processes ECMWF ENS meteorological forecasts through the land surface module 

HTESSEL (The Hydrology-Tiled ECMWF Scheme for Surface Exchange over Land) (Balsamo et al., 

2011), to create surface and sub-surface runoff fields. The Lisflood-routing model is an open source 

distributed semi-physically based model developed at the Joint Research Centre (JRC) of the 

European Commission (Van Der Knijff et al., 2010), with a calibrated hydrological routing scheme 

(Hirpa et al., 2018). GloFAS v2.1 included a revised hydrological reanalysis based on the officially 

released ERA5 meteorological forcing from 1979 to 2019 (Harrigan et al., 2020). ERA5 is the most 

recent atmospheric reanalysis product of ECMWF, and covers the 1950-present period with a 

horizontal resolution of ~31 km (Hersbach et al., 2020).  

A first systematic evaluation of GloFAS hydrological forecast skill globally found that GloFAS is skilful 

ƛƴ ƻǾŜǊ фо҈ ƻŦ ŎŀǘŎƘƳŜƴǘǎ ƛƴ ǘƘŜ ǎƘƻǊǘ όм ǘƻ оdaysύ ŀƴŘ ƳŜŘƛǳƳ ǊŀƴƎŜ όр ǘƻ мрdays) against a 

persistence benchmark forecast and skilful in over 80% of catchments out to the extended range 

όмс ǘƻ ол Řύ ŀƎŀƛƴǎǘ ŀ ŎƭƛƳŀǘƻƭƻƎƛŎŀƭ ōŜƴŎƘƳŀǊƪ ŦƻǊŜŎŀǎǘ (Harrigan et al., 2023). The GloFAS 

ensemble river discharge reanalysis and real-time forecast datasets are freely and openly available 

through the Copernicus Climate Change Service (C3S) Climate Data Store (CDS) (Zsótér et al., 2019; 

Harrigan et al., 2021). The GloFAS v2.1 reanalysis is used in Chapters 5 and 6, with the GloFAS v2.1 

forecasts forming a key part of Chapter 6. 

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 viewer (https://www.globalfloods.eu/glofas-

https://www.globalfloods.eu/glofas-forecasting/
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forecasting/). For example, the flood summary map displayed in Figure 2-4 combines the 2- 

(yellow), 5- (red) and 20-year (purple) return period exceedance probabilities into categorical 

information: the return period thresholds are calculated by fitting a Gumbel extreme value 

distribution to the GloFAS-ERA5 river discharge reanalysis over the 1979-2018 period (Zsótér et al., 

2020). Reporting points are chosen at fixed (selected from 4000 gauged river stations included in 

the Global Runoff Data Centre (GRDC, http://grdc.bafg.de/)) and dynamic (chosen to provide similar 

information in river reaches where no gauge data is available) locations in the river network where 

upcoming flood hazard is detected. These points are assigned an alert level colour depending on 

the mean discharge forecast peak compared to the return period thresholds, and have an upward-

pointing triangle if the discharge forecast is rising, and a downward-pointing triangle if it is falling. 

When you click on a point the discharge hydrograph for that river point is displayed. 

 

Figure 2-4. Screenshot of the GloFAS map viewer for the recent case of Cyclone Freddy, which made its final landfall in 

Mozambique on 11th March 2023. The selected point is on the Shire River in Malawi, which did experience significant 

flooding and impacts (NASA earth observatory, 2023). 

Several studies have investigated the potential for GloFAS forecasts to be used in humanitarian 

preparedness activities and flood early warning in particular regions such as the Amazon basin 

(Towner et al., 2019), Bangladesh (Hossain et al., 2023), Uganda and Kenya (Mitheu et al., 2023), 

and Myanmar and the Philippines (MacLeod et al., 2021). The research presented in Chapters 5 and 

6 provided the first opportunity to investigate the potential of GloFAS forecasts and GloFAS-ERA5 

reanalyses to help in flood early warning and flood predictability assessment specifically in flooding 

caused by TCs. 

2.5.4 Verification methods 

Traditional verification measures of hydrological performance include the root-mean square error 

(RMSE), mean absolute error (MAE), Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970), 

Pearson correlation coefficient and modified KlingςGupta efficiency (KGE) (Gupta et al., 2009; Kling 

https://www.globalfloods.eu/glofas-forecasting/
http://grdc.bafg.de/)
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et al., 2012). The KGE is increasingly considered as the standard performance metric in hydrology 

(Knoben et al., 2019; Lin et al., 2019). When considering the output of ensemble flood forecasts in 

a probabilistic form, other measures suited for probabilistic forecasts such as those described in 

Section 2.4.2 and initially developed for use with meteorological ensemble data, are now 

increasingly being applied to hydrological ensemble forecasts (Brown et al., 2010; Demargne et al., 

2010). 

In Chapter 6 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 the aim and objectives of this research, 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 research, with the details of the datasets and methods that are used in 

each of these studies described in the relevant section of each of these chapters. 
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Chapter 3  Current and potential use of ensemble forecasts in 

operational TC forecasting: results from a global forecaster survey  

The first objective of the PhD was to identify the current and potential use of ensemble forecasts 

by operational TC forecast centres. The paper addressing this objective has been published in 

journal Tropical Cyclone Research and Review (TCRR) with the following reference: 

Titley, H.A., Yamaguchi, M. and Magnusson, L. (2019) Current and potential use of ensemble 

forecasts in operational TC forecasting: results from a global forecaster survey. Tropical 

Cyclone Research and Review, 8 (3): 166ς180. doi:10.1016/j.tcrr.2019.10.005. 

The contributions of the authors of this paper are as follows: H.T. designed the experiment, 

produced the datasets, carried out the analysis, and led the writing of the manuscript. M.Y. and 

L.M. assisted with posing the research question and designing the analysis. All authors assisted with 

writing the manuscript. Overall, 90% of the writing was undertaken by H.T.. 

The published article can be found in the Appendix A1. 

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 association with the World Meteorological 

Organisation (WMO) High-Impact 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, with several 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 ensemble 

forecast information, and the slower pull-through 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 forecasters to make increased use of ensemble 

forecast information in the future include improved access to ensemble forecast data, verification 

and visualizations, the development of hazard and impact-based products, an improvement in the 

skill of the ensembles (particularly 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 communicating 

dynamic uncertainty information in operational forecasts and warnings, is also recommended. 
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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 weather prediction (NWP) modelling centers (Palmer, 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 of possible future states of the atmosphere. Buizza (2008) described the 

ǘǿƻ Ƴŀƛƴ ŀŘǾŀƴǘŀƎŜǎ ƻŦ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘǎ ƻǾŜǊ ŘŜǘŜǊƳƛƴƛǎǘƛŎ ŦƻǊŜŎŀǎǘǎΥ άŦƛǊǎǘΣ ǘƘŜ ŦŀŎǘ ǘƘŀǘ ŀƴ 

ensemble system predicts not only the most likely scenario but also the probability of occurrence 

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

ŎƘŀƴƎŜŀōƭŜύ ǎǳŎŎŜǎǎƛǾŜ ŦƻǊŜŎŀǎǘǎΦέ 

Dynamic ensemble forecasting of tropical cyclones (TCs) has an important role to play in capturing 

the situation dependent uncertainty in the forecasts for existing storms (e.g., Dupont et al., 2011; 

Yamaguchi et al., 2012; Du et al., 2016; Leonardo and Colle, 2017; Zhang and Yu, 2017), and in 

providing probabilistic information about TC genesis (e.g., Yamaguchi et al., 2015; Yamaguchi and 

Koide, 2017). Many global NWP centers produce TC track forecasts from their ensemble forecast 

models, develop TC forecast products, verify the forecasts, and share these via The International 

Grand Global Ensemble (TIGGE) cyclone exchange program (Swinbank 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 MŜǘŜƻǊƻƭƻƎƛŎŀƭ hǊƎŀƴƛǎŀǘƛƻƴ ό²ahύΩǎ 10-year high impact weather research project, 

HIWeather, aims to enable increased global resilience to severe weather by improving forecasts of 

severe weather and its impacts, and the communication of information to users, especially 

emergency managers (Jones et al., 2014). As 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 international researchers 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 

questionnaire to all operational 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 track and intensity forecasting (e.g., Goerss, 2000; Goerss, 

2007; Sampson et al., 2008; Goerss and Sampson, 2014; Yamaguchi et al., 2017), in order to create 

a manageable and clear scope for the questionnaire, neither consensus, statistical, nor analog-
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based ensembles, were included in the definition of ensembles. The questionnaire defined 

"ensemble" to be a dynamically-based ensemble run with multiple members, using a combination 

of initial condition and model physics perturbations to represent the initial condition and model 

uncertainty, in order to focus on the current and potential use of dynamic ensembles in operational 

TC forecasting. 

The questionnaire aimed to report a baseline on the current use of ensembles at global operational 

TC forecast centers to the 9th International Workshop on Tropical Cyclones (IWTC-9), and help 

shape future research and development in order to maximise the pull through of the benefits of 

ensemble forecasts into operational TC forecasts and warnings. The 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), and the Typhoon 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 follow-up reminders were also sent to ensure as wide a participation as 

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 represented in the 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 successfully integrated 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 ensemble forecasts. 

The list of questions in the survey is contained in Appendix 3-1 at the end of this chapter. The results 

of the questionnaire were presented at IWTC-9 in Hawaii in December 2018, as the main 

ŎƻƳǇƻƴŜƴǘ ƻŦ ǎǳō ǘƻǇƛŎ сΦо ǘƛǘƭŜŘ ά/ǳǊǊŜƴǘ ŀƴŘ tƻǘŜƴǘƛŀƭ Use of Ensemble Forecasts in Operational 

¢/ CƻǊŜŎŀǎǘƛƴƎέ (WMO, 2018). This paper contains a more detailed write-up of the results of the 

questionnaire. Section 3.2 contains the results of the questionnaire, organised into sub-sections 

according to the four main objectives as stated above; and Section 3.3 gives conclusions and 

recommendations going forward. 
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3.2 Results of the questionnaire 

3.2.1 Current availability and use of ensemble forecasts 

It was important to ensure that the questionnaire results took into account the 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 meteorological services, and the Joint Typhoon Warning Center 

(see Figure 3-1). Please note that no question was compulsory so there are cases where the total 

number of respondents does not add up to 60. Figure 3-2 shows the TC basins 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 more than one basin). The majority of respondents were operational 

forecasters, but there were also inputs from managers, researchers, and others such as technical 

developers. 

 

 

Figure 3-1. Organisation of respondents to the questionnaire (including RSMC/TCWC where applicable). 
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Figure 3-2. The tropical cyclone basins that were of interest to the respondents. 

 

Dynamic ensemble forecasts were used by nearly all respondents (95%). This is maybe not a 

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 ensemble forecasting. Nonetheless it shows that a 

large proportion of operational TC forecasters use ensemble forecasts. Those who did not were 

from National Met Services in developing countries, where ensemble forecasts are not readily 

accessible. Figure 3-3 shows the breakdown of how important respondents felt the use of ensemble 

forecasts was in each of the main areas of TC forecasting. Ensemble forecasts are seen to be 

particularly important in track and genesis forecasting. For hazard forecasting and impact-based 

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 were very evenly split, with a significant proportion of respondents not 

using ensemble forecasts. The areas where ensemble forecasts were used least were in forecasting 

TC size/structure, and in extra-tropical transition forecasting (although this result may be influenced 

by not all of the forecasters being involved in predicting this process). 
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Figure 3-оΦ ¢ƘŜ ǉǳŜǎǘƛƻƴƴŀƛǊŜ ŀǎƪŜŘ άHow important would you say ensemble forecasts are in your forecasting of tropical 

ŎȅŎƭƻƴŜǎΚέΣ ƛƴ ŜŀŎƘ ƻŦ ǘƘŜ ŀōƻǾŜ ŎŀǘŜƎƻǊƛŜǎΦ 

 

The ensemble forecast information was accessed in a variety of different ways. Over half of 

respondents were able to use ensemble-based products created at their center, but even larger 

numbers looked at online products from other centers or products sent by global NWP centers, 

either in combination with those produced in-center, or, in many cases, being reliant on these 

external sources of ensemble forecast information. Ensemble 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 Medium-Range Weather Forecasts 

Ensemble (ECMWF ENS) and the National Centers for Environmental Prediction Global Ensemble 

Forecast System (NCEP GEFS) ensembles, followed by the UK Met Office Global and Regional 

Ensemble Prediction System (MOGREPS-DύΣ WŀǇŀƴ aŜǘŜƻǊƻƭƻƎƛŎŀƭ !ƎŜƴŎȅΩǎ Ǝƭƻōŀƭ ŜƴǎŜƳōƭŜ ŀƴŘ 

the Canadian global ensemble (see Figure 3-4). 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 a smaller number of 

respondents. 
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Figure 3-пΦ άCƻǊ ŜŀŎƘ ƻŦ ǘƘŜ Ƴŀƛƴ ŀǊŜŀǎ ƻŦ ¢/ ŦƻǊŜŎŀǎǘƛƴƎΣ ǿƘƛŎƘ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘ ƳƻŘŜƭǎ Řƻ ȅƻǳ ǳǎŜΚέ 

 

Over 90% of respondents used multi-model ensemble forecasts (multiple dynamical ensembles), 

with around half using a full probabilistic multi-model ensemble combination and half mainly by 

comparing one ensemble with another. Calibrated ensemble forecasts were less-well used, with 

40% of respondents using them for track forecasting, and between 20 and 25% for intensity and 

genesis forecasting. Figure 3-5 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, the probabilistic information in 

the genesis products is well-used. It was noticeable that many respondents were keen to have 

future access to additional ensemble-based products such as landfall probability, storm surge, river 

discharge, flood risk and impact-based products. 
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Figure 3-рΦ ά²ƘƛŎƘ ŜƴǎŜƳōƭŜ-ōŀǎŜŘ ƻǊ ǇǊƻōŀōƛƭƛǎǘƛŎ ǇǊƻŘǳŎǘǎ Řƻ ȅƻǳ ǳǎŜΚέ 

 

When asked if there was a particular product or ensemble that they would like to be able to see 

the answers were very varied, including: i) an operational ensemble-based cone of probability; ii) 

more useful intensity guidance including probability of intensity change and bias corrected intensity 

forecasts from multiple ensembles; iii) hazard forecasts e.g. high-impact winds and precipitation, 

storm surge, river discharge, flash flood risk/inundation; iv) impact-based products; v) box-whisker 

plots of TC tracks; and vi) ensemble clustering with probabilities. 

Figures 3-6 and 3-7 show the differences in how forecasters use ensemble forecasts in two areas of 

TC forecasting: tracks and intensity. Only four respondents said that they rarely used ensemble 

forecasts for track forecasting, but this rose to 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 deterministic-focussed environment, 

where it is harder to make full use of the probabilistic forecast information 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 
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ǘƘŀǘ ǘƘŜȅ άŘƻƴΩǘ ŦƛƴŘ ǘƘŜ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘǎ ǾŜǊȅ ƘŜƭǇŦǳƭ ǿƘŜƴ ǘƘŜ ǎǇǊŜŀŘ ƛǎ ǾŜǊȅ ƭŀǊƎŜέΣ ƛƴŘƛŎŀǘƛƴƎ 

that they are finding cases with a large spread to be correctly highlighting the increased uncertainty 

in that forecast. 

 
Figure 3-сΦ ά²ƘƛŎƘ ƻŦ ǘƘŜ ŦƻƭƭƻǿƛƴƎ ǎǘŀǘŜƳŜƴǘǎ ŘŜǎŎǊƛōŜ ȅƻǳǊ ǳǎŜ ƻŦ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘ ƛƴŦƻǊƳŀǘƛƻƴ ƛƴ ǘǊŀŎƪ ŦƻǊŜŎŀǎǘƛƴƎΚέ 

 
Figure 3-тΦ ά²ƘƛŎƘ ƻŦ ǘƘŜ ŦƻƭƭƻǿƛƴƎ ǎǘŀǘŜƳŜƴǘǎ ŘŜǎŎǊƛōŜ ȅƻǳǊ ǳǎŜ ƻŦ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘ ƛƴŦƻǊƳŀǘƛƻƴ ƛƴ ƛƴǘŜƴǎƛǘȅ 

ŦƻǊŜŎŀǎǘƛƴƎΚέ 

3.2.2 How is uncertainty represented in operational warnings? 

Tables 3-1, 3-2, 3-3, and 3-4 detail how forecast uncertainty is represented in operational forecasts 

and warnings issued from each separate center (where this information was available from 

respondents). Table 3-1 shows the responses from each center for their operational track forecasts. 

There is no standard forecast length or frequency, with forecast lengths of 3, 5 or 7 days, and 
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frequencies of 3, 6, 12 or 24 hours. Uncertainty is represented in all forecasts, but this can be via a 

circle, a cone, or an error swath. The size 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 uncertainty in 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 pull-through into operational forecast 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 or 24 hourly 

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 calculating the uncertainty in operational TC 

genesis forecasts (Table 3-3), 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 (3 hours), 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.  

Table 3-4 shows that the expression of uncertainty and the use of ensembles in operational hazard 

forecasts varies considerably, with products often taking the form of named or color-coded 

categories assigned based on probabilities (statistical or dynamical). 
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Table 3-1. Operational track forecasts from each tropical cyclone forecasting center. 
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Table 3-2. Operational intensity forecasts from each tropical cyclone forecasting center. 

 

Table 3-3. Operational genesis forecasts from each tropical cyclone forecasting center. 
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Table 3-4. Operational hazard forecasts from each tropical cyclone forecasting center. 

3.2.3 Integration of probabilistic forecasts into operations 

Respondents were asked for examples where 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 ensemble-based RSMC La 

Réunion operational track uncertainty cone (Dupont et al., 2011), and the multi-model ensemble 

TC track and activity forecast products made available from RSMC Tokyo to Typhoon Committee 

members based on the outcomes of the North Western Pacific Tropical Cyclone Ensemble Forecast 

Project (NWP-TCEFP, Yamaguchi, et al., 2012; Yamaguchi, et al., 2014; Yamaguchi et al., 2015). 

Other examples were the successful 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 consensus approach using multiple 

deterministic forecasts. Of the consensus-favouring 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 ensemble forecasts. 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 combining multiple 

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 ensembles being more 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 main hurdles experienced that had prevented ensemble forecasts from being fully utilized fell 

into four broad categories: 

i) Availability of ensemble data e.g. lack of access to ensemble data at their center, lack of 

inclusion of ensembles in their key operational or 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 additional information such as intensity, structure and precipitation, which 

would increase research opportunities and lead to more research to operations (R2O) 

achievements in the future. Another respondent would like to see ensemble forecast 

information consistently available in Automated Tropical Cyclone Forecasting System (ATCF) 

format. 

ii) Performance of the ensemble forecasts e.g. concerns that the resolution is not useful for 

intensity prediction, about unrealistic ensemble spread (respondents commented both on 

excessive spread with unrealistic solutions and on the forecasts often being under-spread), 

and that ensembles can struggle to represent the vortex and get the structure that is 

essential to assess the hazard risks. 
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iii) Lack of familiarity with the interpretation of ensemble and probabilistic forecasts by 

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 public, who are used to deterministic weather bulletins and warnings.  

3.2.4 Priorities for future research and development 

The final section of the questionnaire asked the respondents where they would like to see future 

research and development focus to maximise the utility of and benefit from ensemble forecasts in 

operational TC forecasting. Figure 3-8 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, green 

and orange bars (representing the higher end of the scale) dominating on all of the statements. 

IƻǿŜǾŜǊΣ ǘƘŜ ǘƻǇ ǎǘŀǘŜƳŜƴǘǎ ƘŀǾƛƴƎ ǘƘŜ ƘƛƎƘŜǎǘ ƴǳƳōŜǊ ƻŦ ǊŜǎǇƻƴŘŜƴǘǎ ǎŜƭŜŎǘƛƴƎ ŀ άрέ ǿŜǊŜΥ ƛύ 

Improvement in the skill of the ensemble forecasts (intensity); ii) Greater access to ensemble 

forecast data; iii) Improvement in the skill of the ensemble forecasts (track); iv) Better 

understanding of best practice in ensemble-based forecasting of TCs; and v) The development of 

hazard-based ensemble products. 

Hazard-based and impact-based 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 

ensemble-based cone of probability, more useful intensity guidance including 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 of TCs was ensemble spread, followed by the root mean square (RMS) error of 

the ensemble mean, reliability diagrams, and the % of forecasts falling within an ensemble defined 

ellipse/cone (see Figure 3-9). Several ensemble-based verification metrics such as Relative 

Operating Characteristic (ROC) diagrams, Brier Skill Score, Ranked Probability Skill Score, and in 

particular economic 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 user-oriented verification 

information that they would like to see that are more relevant to their day-to-day forecasting 

experience. For example, only including members that had a similar track to the actual event in 

intensity verification, creating and verifying metrics that translate ensemble spread into categorical 
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estimates of forecast confidence in comparison to the widely used historical forecast error 

statistics, and regularly updated or real-time performance metrics comparing the performance and 

skill for all types of models (deterministic, consensus and ensemble models) for the current storm, 

basin, and season-to-date. 

 

Figure 3-8. The questionnaire asked which of the above statements would help them make better use of ensemble forecast 

information in the future, rating each idea from 1 (not important) to 5 (very important). 
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Figure 3-9. άtƭŜŀǎŜ ǎǘŀǘŜ Ƙƻǿ ƛƳǇƻǊǘŀƴǘ ȅƻǳ ŦŜŜƭ ŜŀŎƘ ƻŦ ǘƘŜ ŦƻƭƭƻǿƛƴƎ ǾŜǊƛŦƛŎŀǘƛƻƴ ƳŜǘǊƛŎǎ ŀǊŜ ǿƘŜƴ ŜǾŀƭǳŀǘƛƴƎ ǘƘŜ ǎƪƛƭƭ 

ŀƴŘ ǾŀƭǳŜ ƛƴ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘǎΦέ 

At the end of the questionnaire respondents were asked what specific developments they would 

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

¶ Several responses urged a focus on how to communicate uncertainty to the general public, and 

explain how the public can use probabilistic information, with a need to move away from the 

very deterministic-orientated information given in weather charts and bulletins. One 

respondent emphasised that a key challenge for the future was to implement changes to 

operational products and workflows that better utilise ensemble forecasts while balancing the 

communication of a clear and concise warning product. 

¶ Others felt the development of new tools, products and visualizations to allow forecasters to 

rapidly and efficiently view and 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 

external sources such as internet products. 

¶ Collaboration between all NWP centers and forecasting centers was requested, to share 

ensemble data in standard formats, products, verification packages and results, and expertise 

on interpreting ensemble forecast data and including ensemble information in forecast and 

warning products. 

¶ Training of forecasters on the utilisation of ensembles was mentioned by several respondents 

as essential along with the need for a change in operational working practice towards using 

probabilistic information. This need is not unique to TC forecasting, as illustrated by a recent 

ǎǳǊǾŜȅ ƻŦ ƳŜǘŜƻǊƻƭƻƎƛǎǘǎΩ ǳƴŘŜǊǎǘŀƴŘƛƴƎ ƻŦ ŦƻǊŜŎŀǎǘ ǳƴŎŜǊǘŀƛƴǘȅ ŀƴŘ ǇǊƻōŀōƛƭƛǎǘƛŎ ŦƻǊŜŎŀǎǘ 

ƎǳƛŘŀƴŎŜ ŀǘ bh!!Ωǎ IŀȊŀǊŘƻǳǎ ²ŜŀǘƘŜǊ ¢ŜǎǘōŜŘ ό²ƛƭǎƻƴ Ŝǘ ŀƭΦΣ нлмфύΣ ǿƘƛŎƘ ŦƻǳƴŘ ǎǳōǎǘŀƴǘƛŀƭ 
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variability in the extent to which participants could think beyond a deterministic mindset and 

successfully synthesize and apply uncertainty guidance information. 

¶ Several users requested a focus on the development of ensemble-based hazard-based forecasts 

e.g. storm surge, coastal inundation, 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 

ŜǾŀƭǳŀǘƛƴƎ ŀƴŘ ƛƳǇǊƻǾƛƴƎ ǘƘŜ ŜƴǎŜƳōƭŜΩǎ ŀōƛƭƛǘȅ ǘƻ ǊŜǎƻƭǾŜ ǘƘŜ ŘŜǘŀƛƭǎ ƻŦ ǘƘŜ ǾƻǊǘŜȄ ƛƴ ƻǊŘŜǊ ǘo 

allow a better assessment of the predictability of the associated hazards. 

¶ The development of impact-based ensemble products was seen as crucial by a number of 

respondents, with access to and/or collection of socio-economic data sources being one key 

issue here. 

¶ Improvement in the skill of ensemble forecasts of tropical cyclone intensity and structure was 

seen as a key priority for some. Improved availability of bias-corrected ensemble forecasts, or 

methods to do so, was also requested. 

¶ User-oriented and basin-specific verification comparing ensemble guidance across models was 

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 and skill of all 

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 results 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 the potential benefit of ensemble forecasting in 

operational TC forecasting. 

3.3 Conclusions and recommendations 

The questionnaire results show that dynamic ensemble forecasts are currently used by nearly all 

operational TC forecasters and at TC forecast centers around the world, although there is a need to 

ensure that ensemble forecast information is more 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 

deterministic-focussed environment, where the ensemble member tracks, or even just the 

ensemble mean track forecasts, are viewed alongside deterministic forecasts, rather than 
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forecasters being able to utilise the full probabilistic uncertainty information that is available from 

ensemble forecasts. There are several examples of excellent pull-through of ensemble forecasts 

from research into the operational TC forecasting process. However, many forecast centers still use 

historical error statistics rather than dynamic situation-based uncertainty in determining the width 

of the uncertainty cone/circle/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 slower pull-through 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 ensemble forecast 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 user-orientated verification; c) better understanding of best practice 

in ensemble-based forecasting of TCs; d) the development of hazard-based and impact-based 

ensemble products; and e) a change in operational working practices towards using probabilistic 

information, and providing and communicating dynamic uncertainty information in operational 

forecasts and warnings. 

The specific recommendations put forward and accepted by IWTC-9 based on the results of the 

questionnaire were as follows: 

¶ Researchers are encouraged to promote research activities to evaluate and improve 

probabilistic TC intensity and structure forecasts (e.g. Magnusson et al., 2019). 

¶ Researchers are encouraged to promote research activities to demonstrate the usefulness of 

dynamical ensemble forecasts for hazard-based products such as for strong wind, precipitation, 

flooding and storm surge, and the use of ensembles in impact-based forecasting for TCs. 

¶ Greater access to forecast data including deterministic/ensemble forecast data and 

global/regional forecast data would be beneficial. Research is encouraged to evaluate how best 

to combine the information from these models, in order to maximize forecast skill and reliability. 

¶ The research community should recognize the value and importance of access to forecast data 

such as TIGGE and further promote the use of such data, including wider sharing of code for 

product generation and verification to facilitate the operational use of ensemble forecasts. 

¶ There is a need for greater collaboration both amongst the operational forecast centers, and 

between operational forecast centers, NWP modelling centers, and researchers, in order to co-

ordinate the development of new ensemble-based tools and methods, and develop and share 

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

working practice towards using ensemble-based uncertainty and probabilistic information in 

forecasts and warnings, including a focus on how best to communicate uncertainty to the 

general public. 

Appendix 3-1: 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, Australian, South 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 important)? [Impact based forecasting, Track 

forecasting, Hazard forecasting (precipitation, flooding, wind, storm surge), Extra-tropical 

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 use? [NCEP GEFS, ECMWF ENS, MOGREPS-G (UK Met 

hŦŦƛŎŜ Ǝƭƻōŀƭ ŜƴǎŜƳōƭŜύΣ Wa!Ωǎ Dƭƻōŀƭ 9ƴǎŜƳōƭŜ tǊŜŘƛŎǘƛƻƴ {ȅǎǘŜƳΣ /ŀƴŀŘƛŀƴ Dƭƻōŀƭ 9ƴǎŜƳōƭŜ 

Prediction System, CMA ensemble, KMA ensemble, COAMPS-TC ensemble, FNMOC ensemble, 

Bureau of Meteorology ensemble, CPTEC ensemble, Meteo-France ensemble, DWD ensemble, 

Other] 

- Do you use multi-model ensemble forecast data (i.e. combination of multiple dynamical 

ensembles)? [Yes, in full probabilistic multi-model ensemble combination, Yes, but only by 

comparing one ensemble with another, 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 in your centre, From online products from other centres, From the TIGGE 

archive, From WMO Global Telecommunications System (GTS), Other] 

- Which ensemble-based or probabilistic products do you use (Not available or required, Not 

available but would like to haveΣ !ǾŀƛƭŀōƭŜ ōǳǘ ŘƻƴΩǘ ǳǎŜΣ {ƻƳŜǘƛƳŜǎ ǳǎŜΣ wŜƎǳƭŀǊƭȅ ǳǎŜύΚ 

[Ensemble mean track, Tracks from ensemble members, Large-scale flow information, Storm 
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intensity, Strike probability, Tropical cyclone activity (named and forming storms), Tropical 

Cyclone genesis, Landfall probability, Precipitation, Wind speed, Storm surge, River discharge, 

Flood risk / inundation, Impact-based products] 

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

below. 

- If there is a particular 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 use ensemble forecasts, I mainly 

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

find the ensemble spread useful to give me the situation-dependent uncertainty, I use the full 

probabilistic information from the ensemble ŦƻǊŜŎŀǎǘǎ ƛƴ Ƴȅ ƻǇŜǊŀǘƛƻƴŀƭ ŦƻǊŜŎŀǎǘƛƴƎΣ L ŘƻƴΩǘ ŦƛƴŘ 

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? [I mainly use deterministic forecasts, and rarely use ensemble forecasts, I 

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

forecasts, I find the ensemble spread useful to give me the situation-dependent uncertainty, I 

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

L ŘƻƴΩǘ ŦƛƴŘ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘǎ ǾŜǊȅ ƘŜƭǇŦǳƭ ǿƘŜƴ ǘƘŜ ǎǇǊŜŀŘ ƛǎ ǾŜǊȅ ƭŀǊƎŜϐ 

- Please state how important you feel each of the following verification metrics are when 

evaluating the skill ŀƴŘ ǾŀƭǳŜ ƛƴ ŜƴǎŜƳōƭŜ ŦƻǊŜŎŀǎǘǎ ό5ƻƴΩǘ ƪƴƻǿΣ bƻǘ ƛƳǇƻǊǘŀƴǘΣ vǳƛǘŜ 

important, Important, Essential) [RMS error of the ensemble mean, Ensemble spread, Reliability 

diagrams, Economic value plots, ROC diagram / ROC scores, Brier Score / Brier Skill Score, Ranked 

Probability Score/Skill Score (RPS/RPSS) or Continuous Ranked Probability Score / Skill Score 

(CRPS/CRPSS), % of tracks falling within an ensemble-defined ellipse/cone, Other (please 

specify)] 

- LŦ ȅƻǳ ƘŀǾŜ ŀƴ ƛŘŜŀ ŦƻǊ ŀ ǇŀǊǘƛŎǳƭŀǊ άǳǎŜǊ-ƻǊƛŜƴǘŀǘŜŘέ ǾŜǊƛfication metric from ensemble forecasts 

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 frequency are forecasts issued? 

- ¢ǊŀŎƪΥ Iƻǿ ƛǎ ǳƴŎŜǊǘŀƛƴǘȅ ǊŜǇǊŜǎŜƴǘŜŘΚ ώ/ƻƴŜΣ /ƛǊŎƭŜΣ 9ǊǊƻǊ ǎǿŀǘƘΣ 5ƻƴΩǘ ƪƴƻǿΣ hǘƘŜǊϐ 

- 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. historical 

forecast error statistics, climatological uncertainty, consensus spread, ensemble spread, 

ensemble-based uncertainty etc. 

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

issued? 

- Intensity: With what frequency are forecasts issued? 

- Intensity: Is uncertainty represented? [Yes, No]. If yes, how is uncertainty in intensity forecasts 

calculated? 

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

- Genesis: With what frequency 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, 

ensemble-based, 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 probabilistic ensemble forecasts 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 dynamical ensemble 

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 each idea 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 

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-
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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, Development of new user-orientated verification metrics, More 

focus on combining the ensemble forecasts with multiple deterministic forecasts] 

- Please give further details of your thoughts when you were 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 other topic relating to the ensemble 

forecasting and verification of tropical cyclones.
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Chapter 4  A global evaluation of multi-model ensemble tropical 

cyclone track probability forecasts 

The second objective of the PhD was to evaluate the benefits of multi-model ensemble tropical 

cyclone track probability forecasts. The paper covering this objective has been published in the 

journal Quarterly Journal of the Royal Meteorological Society (QJRMS) with the following reference: 

Titley, H.A., Bowyer, R.L. and Cloke, H.L. (2020) A global evaluation of multi-model ensemble 

tropical cyclone track probability forecasts. Quarterly Journal of the Royal Meteorological 

Society, 146 (726): 531ς545. doi:10.1002/qj.3712.  

The contributions of the authors of this paper are as follows: H.T. designed the experiment, 

produced the tropical cyclone datasets, and led the analysis and writing of the manuscript. R.B. 

ran the verification software and assisted with the analysis and manuscript writing. H.C. assisted 

with writing the manuscript. Overall, 80% of the writing was undertaken by H.T.. 

The published article can be found in Appendix A2. 

Abstract. At the Met Office, dynamic ensemble forecasts from the Met Office Global and Regional 

Ensemble Prediction System (MOGREPS-G), the European Centre for Medium-Range Weather 

Forecasts Ensemble (ECMWF ENS) and National Centers for Environmental Prediction Global 

Ensemble Forecast System (NCEP GEFS) global ensemble forecast models are post-processed to 

identify and track tropical cyclones (TCs). The ensemble members from each model are also 

combined into a 108-member multi-model ensemble. Track probability forecasts are produced for 

named TCs ǎƘƻǿƛƴƎ ǘƘŜ ǇǊƻōŀōƛƭƛǘȅ ƻŦ ŀ ƭƻŎŀǘƛƻƴ ōŜƛƴƎ ǿƛǘƘƛƴ мнл ƪƳ ƻŦ ŀ ƴŀƳŜŘ TC at any point in 

ǘƘŜ ƴŜȄǘ т ŘŀȅǎΣ ŀƴŘ ŀƭǎƻ ōǊƻƪŜƴ Řƻǿƴ ƛƴǘƻ ŜŀŎƘ нп-hour forecast period. This study presents the 

verification of these named-storm track probabilities over a two-year period across all global TC 

basins, and compares the results from basin to basin. The combined multi-model ensemble is found 

to increase the skill and value of the track probability forecasts over the best-performing individual 

ensemble (ECMWF ENS), for both overall 7-day track probability forecasts and 24-hour track 

probabilities. Basin-based and storm-based verification illustrates that the best performing 

individual ensemble can 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 high-profile case-studies. This 

study helps to illustrate the potential value and skill to be gained if operational TC forecasting can 

continue to migrate away from a deterministic-focused forecasting environment to one where the 
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probabilistic situation-based uncertainty information provided by the dynamic multi-model 

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 possible future states of the 

ŀǘƳƻǎǇƘŜǊŜΦ CƻǊ ƻǾŜǊ нр ȅŜŀǊǎΣ ǘƘŜǎŜ ŘȅƴŀƳƛŎŀƭ ŜƴǎŜƳōƭŜ ƳƻŘŜƭ ŦƻǊŜŎŀǎǘǎ ƘŀǾŜ ōŜŜƴ ǊƻǳǘƛƴŜƭȅ 

produced by several global numerical weather prediction modelling centres, including the 

European Centre for Medium-Range Weather Forecasts Ensemble (ECMWF ENS: Palmer, 2019), the 

National Centers for Environmental Prediction Global Ensemble Forecast System (NCEP GEFS: Toth 

and Kalnay, 1997) and the Met Office Global and Regional Ensemble Prediction System (MOGREPS-

G: Bowler et al., 2008). 

These ensemble forecast models have an important role to play in TC forecasting, through their 

ability to highlight the situation-dependent uncertainty and provide probabilistic forecast 

information to help inform decision makers. Consequently, many global modelling centres produce 

TC track forecasts from their ensemble forecast models, develop ensemble TC forecast products, 

verify these forecasts, and share the forecast track data via the TIGGE (The International Grand 

Global Ensemble) cyclone exchange programme (Swinbank et al., 2016). Several studies have 

shown the benefits of dynamic ensemble forecasting for both existing TCs (e.g. Dupont et al., 2011; 

Yamaguchi, et al., 2012; Du et al., 2016; Leonardo and Colle, 2017; Zhang and Yu, 2017), and for 

providing probabilistic information about TC genesis (e.g. Yamaguchi et al., 2015; Yamaguchi and 

Koide, 2017). However, a recent survey among operational TC forecasters (Titley et al., 2019) 

showed that although ensemble forecasts are used and valued by almost all forecasters, the 

deterministic-focussed forecasting environment has often limited the extent to which the full 

probabilistic information provided by ensembles has been pulled through into operational TC 

forecasts and warnings. 

Objectively identifying the forecast track of each ensemble member is essential both for post-event 

model evaluation and for the generation of forecast guidance products in real time. Various tracking 

techniques are used by operational centres around the world (Vitart and Stockdale, 2001; Van der 

Grijn et al., 2005; Tallapragada et al., 2014) and in research (Hodges, 1995). At the Met Office, a 

bivariate (850 hPa relative vorticity and mean sea-level pressure) TC tracker known as MOTCTracker 

(Heming, 2017) is run in real time on the Met Office MOGREPS-G ensemble, and the tracks are 
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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 uncertainty captured by a specific modelling system, and there is a tendency for single-model 

ensembles to be under-spread, with the observations too often falling outside of the range of 

solutions. A multi-model ensemble approach, where dynamic ensemble systems from multiple 

centres are combined together into a grand multi-centre ensemble (thereafter called multi-model 

ensemble), can help address this shortcoming and provide a more complete representation of the 

uncertainty in the model structure, also potentially reducing the errors. The rationale behind multi-

model ensemble forecasting was summarised by Hagedorn et al. (2005) ǿƘƻ ǎǘŀǘŜŘ ǘƘŀǘ άǘƘŜ ƪŜȅ 

to the success of the multi-model concept lies in combining independent and skilful models, each 

with its own strŜƴƎǘƘǎ ŀƴŘ ǿŜŀƪƴŜǎǎŜǎέΦ {ŜǾŜǊŀƭ ǎǘǳŘƛŜǎ ƘŀǾŜ ŘŜƳƻƴǎǘǊŀǘŜŘ ǘƘŀǘ ǇǊƻōŀōƛƭƛǎǘƛŎ 

forecast skill and reliability can be improved through the use of multi-model ensembles, including 

Park et al. (2008), Johnson and Swinbank (2009), Hagedorn et al. (2012), Hamill (2012) and 

Matsueda and Nakazawa (2015). 

The application of a grand combined multi-model ensemble approach in TC forecasting is a natural 

ŜȄǘŜƴǎƛƻƴ ƻŦ ǘƘŜ άŎƻƴǎŜƴǎǳǎέ ŦƻǊŜŎŀǎǘƛƴƎ ŀǇǇǊƻŀŎƘ ǘƘŀǘ Ƙŀǎ ōŜŜƴ ŀ ǾŀƭǳŀōƭŜ ŎƻǊƴŜǊǎǘƻƴŜ ƻŦ TC track 

and intensity forecasting for many years, where traditionally three or more deterministic forecasts 

ƘŀǾŜ ōŜŜƴ ŎƻƳōƛƴŜŘ ƻǊ ŀǾŜǊŀƎŜŘ ƛƴǘƻ ŀ άŎƻƴǎŜƴǎǳǎέ ŦƻǊŜŎŀǎǘ ŀƴŘ ŀƭǎƻ ǳǎŜŘ ǘƻ ƎƛǾŜ ŀ ǇǊŜŘƛŎǘƛƻƴ ƻŦ 

likely forecast error (e.g. Goerss, 2000; Goerss, 2007; Sampson et al., 2008; Goerss and Sampson, 

2014; Yamaguchi et al., 2017). The process of combining together several ensemble forecast models 

into a multi-model ensemble combines the strengths of the consensus and ensemble approaches, 

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

model formulations into multi-model ensemble probability forecasts. 

At the Met Office, in order to produce real-time multi-model ensemble TC products, 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 members from these models are combined with 

the Met Office MOGREPS-G ensemble tracks, to create a 108-member multi-model ensemble. The 

three corresponding deterministic models (the Met Office Unified Model, the ECMWF IFS, and the 

NCEP GFS model) are also tracked. A range of products, including track and intensity forecasts for 

both named and developing TCs, are produced and used by forecasters in the Met Office Global 

Guidance Unit. An example of the track and track probability products produced for named TCs 

from the multi-model ensemble is shown in Figure 4-1 for Typhoon Kong-rey. The products are also 

distributed to several operational TC forecasting centres, including the RSMCs in Miami and La 
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Réunion. The tracks and track probabilities from each of the ensembles and the multi-model 

ensemble are also displayed in the Met Office Global Hazard Map (Robbins and Titley, 2018), where 

they can be viewed alongside the associated wind and rain hazard information, and overlain on 

vulnerability and exposure fields. 

 
Figure 4-1. Multi-model ensemble forecasts for Typhoon Kong-rey from 00UTC 30/09/2018: Tracks coloured according to 

model (left), and multi-model ensemble track probability with deterministic (solid) and ensemble mean (dashed) tracks 

(right). 

To fully assess the skill and value of the multi-model ensemble TC forecasts produced at the Met 

Office, a framework to produce objective verification of named TC track probability forecasts has 

been developed, the results of which are presented in this chapter. Previous studies evaluating 

named TC track probability forecasts using multi-model ensembles have focussed on only one or 

two Northern Hemisphere basins, (e.g. Majumdar and Finocchio, 2010 (North Atlantic and 

Northwest Pacific); Yamaguchi et al., 2012 (Northwest Pacific); Leonardo and Colle, 2017 (North 

Atlantic)). In this chapter the verification results are analysed for all named TCs in all TC basins 

around the globe during 2017 and 2018, and then split into each basin in order to compare the 

absolute and relative performance of the ensembles across basins. Storm-based verification results 

have also been calculated for some high-profile TCs in order to compare the results from storm to 

storm. 

The key questions addressed by this chapter are: 

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

lead time? 

¶ Is there benefit in terms of probabilistic forecast skill, reliability and value, from combining the 

three global ensembles into a multi-model ensemble? 



55 

Chapter 4.  A global evaluation of multi-model ensemble tropical cyclone track probability 
forecasts 

¶ Does using the full probability forecast information via the multi-model ensemble add skill 

ŎƻƳǇŀǊŜŘ ǘƻ ŀ άŎƻƴǎŜƴǎǳǎέ ŦƻǊŜŎŀǎǘ ƻŦ ǘƘŜ ǇŀǊŜƴǘ ŘŜǘŜǊƳƛƴƛǎǘƛŎ ƳƻŘŜƭǎΚ 

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

reference consensus forecast, and relatively between the different ensembles? 

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

about the benefit of multi-model ensembles? 

The verification framework and methodology are described in Section 4.2. Section 4.3 presents the 

results, split into three sections: (a) 7-Řŀȅ όάƻǾŜǊŀƭƭέύ ǘǊŀŎƪ ǇǊƻōŀōƛƭƛǘȅ ŦƻǊŜŎŀǎǘ ǊŜǎǳƭǘǎ; (b) 24-hour 

track probability forecast results; and (c) storm-specific verification results for two high-profile 

North Atlantic hurricanes. Section 4.4 provides a discussion, focussed around the implications of 

the results for operational forecasters, decision-makers, and model developers, while Section 4.5 

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 MOTCTracker (Heming, 2017), and 

included in the multi-model ensemble products, are MOGREPS-G (24 members until 11th July 2017, 

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 a 108-member multi-

model ensemble (96 members until 11th July 2017), with each individual member from each 

ensemble equally weighted when creating the track probability forecasts. The track probability 

forecasts are calculated for named TCs from each of the three global ensembles, and the combined 

multi-model ensemble, both for the next 7 days (with no lead time component, to directly verify 

the forecast product shown in Figure 4-1 ς ƘŜƴŎŜŦƻǊǘƘ ŘŜǎŎǊƛōŜŘ ŀǎ ǘƘŜ άƻǾŜǊŀƭƭέ ǘǊŀŎƪ ǇǊƻōŀōƛƭƛǘȅύΣ 

and for 24-hour 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 named TC passing 

ǿƛǘƘƛƴ мнлƪƳ ƻŦ ŜŀŎƘ ƎǊƛŘ Ǉƻƛƴǘ ƛƴ ǘƘŜ ƎƛǾŜƴ ǘƛƳŜ ǇŜǊƛƻŘ ǳǎƛƴƎ ǘƘŜ ŎƻƳƳƻƴƭȅ ǳǎŜŘ άǎǘǊƛƪŜ 

ǇǊƻōŀōƛƭƛǘȅέ ŘŜŦƛƴƛǘƛƻƴ ŦƛǊǎǘ ŘŜŦƛƴŜŘ ƛƴ (Van der Grijn et al., 2005). In this paper the term track 

probability is preferred, because a TC ƛǎ ŀ ƭŀǊƎŜ ǿŜŀǘƘŜǊ ǎȅǎǘŜƳ ǘƘŀǘ Ŏŀƴ ŀƭǎƻ άǎǘǊƛƪŜέ ŀƴŘ ƭŜŀŘ ǘƻ 

impacts further away than 120km from the centre of the storm track, for example from storm 

ǎǳǊƎŜǎΣ ŦƭƻƻŘƛƴƎ Ǌŀƛƴ ŀƴŘ ŜȄǘǊŜƳŜ ǿƛƴŘǎ ƛƴŎƭǳŘƛƴƎ ǘƻǊƴŀŘƻŜǎΦ ¢Ƙǳǎ ǘƘŜ ǘŜǊƳ άǎǘǊƛƪŜ ǇǊƻōŀōƛƭƛǘȅέ 

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 this paper. Observed track data is collected routinely 

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

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

ǘǊŀŎƪ ƻǊ άŎƻƴǎŜƴǎǳǎέ ƻŦ ǘƘŜ ǘƘǊŜŜ ŘŜǘŜǊƳƛƴƛǎǘƛŎ ƳƻŘŜƭ ǘǊŀŎƪǎ ƛǎ ŎŀƭŎǳƭŀǘŜŘ ŀƴŘ ǳǎŜŘ ŀǎ ǘƘŜ ǊŜŦŜǊŜƴŎŜ 

forecast to fully assess the forecast skill.  

Since 2015 the verification has been produced operationally, biannually, at the end of the northern 

and southern hemisphere seasons, for TCs in all global basins over the previous 12 months, in order 

to evaluate the most recent configurations of each ensemble. This paper verifies a 2-year 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 named TCs in the study 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 only TCs 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 storm-specific verification grid is created 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 which this TC was named, a track probability 

gridded data file is calculated for the observations, the reference consensus forecast, and each 

ŦƻǊŜŎŀǎǘ ƳƻŘŜƭΦ CƻǊ ǘƘŜ ƻōǎŜǊǾŀǘƛƻƴ Řŀǘŀ ǘƘƛǎ ƛǎ ŀ ŦƛƭŜ ŎƻƴǘŀƛƴƛƴƎ мΩǎ όŦƻǊ ƎǊƛŘ Ǉƻƛƴǘǎ ǿƘƛŎƘ Ŧŀƭƭ 

ǿƛǘƘƛƴ мнлƪƳ ƻŦ ǘƘŜ ƻōǎŜǊǾŜŘ ǘǊŀŎƪ ƻŦ ǘƘŜ ǎǘƻǊƳ ƻǾŜǊ ǘƘŜ ƴŜȄǘ ǎŜǾŜƴ ŘŀȅǎύΣ ŀƴŘ лΩǎ όǘƘƻǎŜ ǘƘŀǘ 

do not). To create the reference consensus forecast, the mean of the three deterministic 

ŦƻǊŜŎŀǎǘ ǘǊŀŎƪǎ ƛǎ ŎŀƭŎǳƭŀǘŜŘΣ ŀƴŘ ŀ ŦƛƭŜ ŎǊŜŀǘŜŘ ŎƻƴǘŀƛƴƛƴƎ мΩǎ όŦƻǊ ƎǊƛŘ Ǉƻƛƴǘǎ ǿƘƛŎƘ Ŧŀƭƭ ǿƛǘƘƛƴ 

мнлƪƳ ƻŦ ǘƘŜ ŎƻƴǎŜƴǎǳǎ ǘǊŀŎƪ ƻŦ ǘƘŜ ǎǘƻǊƳ ƻǾŜǊ ǘƘŜ ƴŜȄǘ ǎŜǾŜƴ ŘŀȅǎύΣ ŀƴŘ лΩǎ όǘƘƻǎŜ ǘƘŀǘ Řƻ 

not). For the 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 dividing by the number 

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 models to predict the future track position of the TC while 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 practice the point at 
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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 smaller overall 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 decisions 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 each 24-hour period from T+0-T+24 through to 

T+144-T+168. In this case however, the forecasts are verified at the basin-scale, again to replicate 

the forecast product, which is a basin-based animation of the track probability forecasts for every 

24-hour period. 

Gridded verification 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 include the Relative Operating 

Characteristic (ROC), reliability diagrams, relative economic value and Brier skill score (BSS), as 

described in Jolliffe and Stephenson (2012), and summarised below: 

¶ The ROC plot assesses the skill of the forecast at discriminating between events and non-events. 

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 from (0,0) to (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 under-forecasting and below the diagonal shows over-forecasting, while a 

line which falls below the diagonal for high probabilities and above it for low probabilities 

exhibits over-confidence (Wilks, 2011).  

¶ For a given user, their cost-loss ratio is the term given to the ratio of the cost 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 and correct 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 cost-loss ratios and visualised using a relative economic value plot which displays the 
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relative improvement in economic value between the sample climatology and a perfect forecast 

for all cost-loss ratios (Richardson, 2000). The relative economic value is a useful additional user-

ŦƻŎǳǎǎŜŘ ƳŜŀǎǳǊŜ ŦƻǊ ŎƻƳǇŀǊƛƴƎ ŦƻǊŜŎŀǎǘǎΦ Lƴ ǇǊŀŎǘƛŎŜ ǘƘŜ ǳǎŜǊΩǎ Ŏƻǎǘ-loss ratio may be difficult 

to determine and may have to be estimated, however if one forecast consistently has higher 

value that another forecast across all cost loss ratios then it clearly has greater value for any 

user. 

¶ 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 compared 

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 climatology-based reference forecasts, 

and the implications of this are discussed in Section 4.4. 

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

for an inter-region comparison, as shown in Figure 4-2. 

 

Figure 4-2. The six TC basins verified in this study, and the number of named TCs included in the verification in each basin 

in the study period (2017 and 2018). 

4.3 Results 

4.3.1 Overall track probability forecasts for named tropical cyclones 

During the verification period of January 2017 to December 2018, 130 named TCs across 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, 41 in NWP, 7 in NI, 15 in SWI and 18 in AUS, as shown in Figure 

4-2). Overall this two-year period had close to the average number of named TCs per year, with 

above-average activity in the North Atlantic basin, and below-average activity in the Southern 

Hemisphere. 
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The ROC plot in Figure 4-3 shows excellent skill for all models; the multi-model ensemble has the 

largest ROC area (0.985), followed by ECMWF ENS (0.967), MOGREPS-G (0.956) and NCEP GEFS 

(0.925). All of the models have very low false alarm 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. MOGREPS-G and NCEP GEFS are slightly over-confident, with the line falling 

above the diagonal for low probabilities and below it for higher probabilities. Over-confident 

reliability diagrams are a common characteristic of ensemble forecasts and are characteristic of 

under-spread in the ensemble. So when a high track probability is forecast the ensemble member 

forecast tracks are sometimes too closely clustered and the TC track is less likely than forecast, but 

when a low probability is forecast the ensemble members are again too closely clustered and so 

the probability should sometimes be a bit higher. 

 

Figure 4-3. 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 (MOGREPS-G, ECMWF ENS and NCEP GEFS) and the combined multi-model 

ensemble. 
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Figure 4-4. Reliability diagram for the overall track probability forecasts for the three individual ensembles (MOGREPS-G, 

ECMWF ENS and NCEP GEFS) and the combined multi-model ensemble. The number of forecasts (grid points) in each bin 

is also indicated by bars along the x-axis. 

Figure 4-5 demonstrates that the combined multi-model ensemble has the greatest relative 

economic value for all cost-loss ratios, with the multi-model ensemble curve fully encompassing 

the curves of the three individual models. All models show the greatest relative economic value for 

low cost-loss ratios (0-0.2) where the loss associated with an event is significantly 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 users, TCs tend to be associated with low cost-loss 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 4-6, both for all named TCs, and split into their relevant basin. Although the 

absolute and relative performance of the individual ensembles varies from basin to basin, the 

combined multi-model ensemble has the largest BSS across all basins, showing that the multi-model 

ensemble adds forecast skill in every basin. The strongest performing individual ensemble is 

ECMWF ENS in all basins except the South West Indian where NCEP GEFS has the largest BSS of the 

individual ensembles. The relative performance of MOGREPS-G and NCEP GEFS varies between 

basins. 



61 

Chapter 4.  A global evaluation of multi-model ensemble tropical cyclone track probability 
forecasts 

 

Figure 4-5. Relative economic value plot displaying the relative economic value at each cost-loss ratio for the overall track 

probability forecasts from the three individual ensembles (MOGREPS-G, ECMWF ENS and NCEP GEFS) and the combined 

multi-model ensemble. 

 
Figure 4-6. BSS for the overall track probability forecasts for all named TCs (left) and for named TCs in each of the individual 

six basins, for each individual ensemble and the multi-model ensemble. The reference forecast used in the skill score 

calculation is the consensus (mean) track of the three deterministic forecasts.  
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4.3.2 Track probability forecasts for named tropical cyclones over each 24-hour forecast period 

To illustrate the changes in forecast characteristics and performance against lead time, the 

reliability diagrams and relative economic value plots shown in Figures 4-7 and 4-8 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 over-confidence for all models at T+24 (Figure 4-7a). At the higher probability bins 

(> 0.5), the advantage of the multi-model ensemble is evident as it maintains good reliability 

compared to the three individual ensembles, which all show a similar degree of over-confidence. 

As lead time increases, reliability begins to decrease in the NCEP GEFS and MOGREPS-G ensembles, 

while ECMWF ENS, and especially the multi-model ensemble, maintain very good reliability 

particularly at probabilities greater than 0.4 at T+72 and T+96 (Figure 4-7c and Figure 4-7d). 

MOGREPS-G and NCEP GEFS are showing significant over-confidence by T+120 (Figure 4-7e), 

indicating that these models are significantly under-dispersive in their five-day track forecasts. At 

T+120, the multi-model ensemble remains the most reliable at probabilities less than 0.8. This is an 

important result, as it shows that MOGREPS-G and NCEP GEFS, despite being significantly under-

dispersive by this point, are still adding benefit to the ECWMF ENS in the multi-model ensemble at 

most forecast probabilities. However at this lead time and in particular at T+144 (Figure 4-7f) there 

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

In Figure 4-8, nearly all cost-loss ratios (0ς0.9) have relative economic value at T+24 (Figure 4-8a). 

The peak value is at low cost-loss ratios, with approximately 0.9 relative economic value for a cost-

loss ratio of 0ς0.1. As lead time increases there is a gradual drop in value, particularly in the higher 

cost-loss ratios, but even by T+144 significant value still remains at 0ς0.1 cost-loss ratios (Figure 

4-8f). At all lead times the multi-model ensemble value curve fully encompasses those for the 

individual ensembles. Out to T+72 (Figure 4-8c) the value of the multi-model ensemble is 

significantly greater than any of the individual ensembles, but by T+120 (Figure 4-8e) the value for 

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

by the multi-model ensemble. 
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The area under the ROC curve (AUC) values are shown against lead time in Figure 4-9. The AUC 

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

at all lead times, whereas the AUC score for the individual ensemble decreases more significantly 

with lead time (in particular for NCEP GEFS). The Brier skill score (BSS) results in Figure 4-10 show 

that the skill of the 24-hour track probability forecasts varies with lead time in each basin, with the 

skill compared to the deterministic consensus forecast rising with increasing lead 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. When all TCs are included, 

irrespective of the basin (the light green line in Figure 4-10), the multi-model ensemble probabilistic 

forecasts show positive skill over the multi-model consensus from T+60 onwards. However, this 

hides big differences between the basins. In the North Atlantic and North East Pacific basins the BSS 

is positive throughout and rises to 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, the BSS stays negative throughout, showing that in these basins the 

ensembles are not adding skill to the consensus reference forecast for the 24-hour track probability 

forecasts in this study period. The negative BSS for these basins in their 24-hour track probability 

forecasts is in contrast to the positive BSS in their overall 7-day track probability forecasts that was 

shown in Figure 4-6, and highlights that the 7-day verification is more forgiving of along-track errors. 

It is also worth noting that these are also the three basins where the sample size of storms is the 

smallest. A case-by-case assessment of the TCs in the worst-performing SWI basin reveals that the 

deterministic errors were relatively low compared to previous seasons, making the consensus 

reference forecast hard to beat for this sample of storms. 
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Figure 4-9. The AUC for each individual ensemble and the multi-model ensemble, for the 24-hour track probability 

forecasts centred on each forecast range. 

  

Figure 4-10. BSS for the multi-model ensemble, for all storms (in green) and split into the six TC basins, for the 24-hour 

track probability forecasts centred around each forecast range. 
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4.3.3 Verification for two high-profile tropical cyclones 

Figure 4-11 compares the BSS for the storm-based verification of two high-profile TCs in the North 

Atlantic basin: Hurricane Matthew in 2016 and Hurricane Irma in 2017. For each storm a different 

individual ensemble displays the highest skill (MOGREPS-G 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 multi-model ensemble shows comparable forecast skill to the strongest performing 

model. Figure 4-12 shows one of the forecasts included in the storm-based verification in each case, 

illustrating the strong performance of MOGREPS-G for Matthew and ECMWF ENS for Irma. For 

Hurricane Matthew, the MOGREPS-G ensemble 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 ensemble to contain 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 key result here is that in both cases the multi-model ensemble probability forecasts were 

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

 

Figure 4-11. Example storm-specific verification for all forecast runs of (a) Hurricane Matthew (2016) and (b) Hurricane 

Irma (2017): Brier skill score for MOGREPS-G, ECMWF ENS, NCEP GEFS and multi-model ensemble forecasts (reference 

forecast in this verification is the sample climatology). 
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Figure 4-12. Ensemble member tracks 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 = MOGREPS-G, blue = ECMWF ENS and pink = NCEP GEFS). 

4.4 Discussion 

In Section 4-1, five key questions were laid out to be addressed by the probabilistic evaluation of 

TC track probability forecasts in this study. This discussion section is organised to answer these 

questions, and draw out the key implications from these: 

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

lead time? 

All ensembles exhibit good reliability and value in the named TC track probability forecasts, 

particularly at low cost-ratios. This shows how the probability forecasts have huge potential to be 

useful to decision makers and downstream users of TC forecasts, who will often have low cost-loss 

ratios due to high 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 pull-through of probabilistic situation-based uncertainty information into 

operational warnings, such as the collaboration through the WMO HIWeather project that is 

discussed in Titley et al. (2019). 

The best performing of the three individual ensembles included in the study, in terms of the 

verification statistics presented for TC track probability forecasts, is the ECMWF ENS, followed by 

MOGREPS-G and NCEP GEFS, which are both over-confident in their track probability forecasts, 

indicating the known tendency of these models to be under-dispersive. There are many differences 

between the three ensemble forecast systems, including differences in data assimilation influencing 
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both the initial 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 stochastic model perturbations to 

ECMWF ENS track spread was presented in (Lang et al., 2012). Benefits of the ECMWF ENS 

perturbation strategy include the ability to target singular vectors on TCs, and an enhanced ability 

to be able to tune 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 each 24-hour period, all models were shown 

to be over-confident in their track probability forecasts, but this became much more pronounced 

at longer lead times for MOGREPS-G and NCEP GEFS, where the higher 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 MOGREPS-G and 

NCEP GEFS ensembles. In MOGREPS-G, a major 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 assimilations (En-4D-En-Var: Bowler et al., 

2017). In the new system, data assimilation is performed for each member, creating increments 

relative to its own background trajectory. A partial re-centring around the deterministic analysis 

gives an additional increase in skill and reduces jumpiness. Comparative trials of the new En-4D-En-

±ŀǊ ŜƴǎŜƳōƭŜ ƘŀǾŜ ǎƘƻǿƴ ŦŀǎǘŜǊ ǎǇǊŜŀŘ ƎǊƻǿǘƘ ŀŎǊƻǎǎ Ƴŀƴȅ ǾŀǊƛŀōƭŜǎ ƛƴŎƭǳŘƛƴƎ урл Ƙtŀ ǿƛƴŘ 

speed in the tropics, with a much better match to observed errors. The ensemble trials have also 

been processed through the TC tracking and post-processing 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 Finite-Volume Cubed-Sphere Dynamical 

Core (FV3) went operational in June 2019. The potential of this new model to improve hurricane 

forecast performance was described by Chen et al. (2019), who showed the improved performance 

in re-runs of the active 2017 Atlantic hurricane season. The FV3 dynamical core will be implemented 

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 

46r1 implemented in June 2019, including a data assimilation upgrade which improves the initial 

conditions of the ensemble forecasts. Additional work to improve the TC intensity forecasts in the 

ECMWF ENS is described in Magnusson et al. (2019). The track probability verification described in 

this chapter ǿƛƭƭ ŎƻƴǘƛƴǳŜ ǘƻ Ǌǳƴ ŜǾŜǊȅ с ƳƻƴǘƘǎ ǘƻ ǾŜǊƛŦȅ ǘƘŜ ǘƘǊŜŜ ŜƴǎŜƳōƭŜ ƳƻŘŜƭǎ ŀƴŘ ǘƘŜƛǊ 

combined multi-model ensemble to investigate the impact of these model upgrades on the skill of 

TC track probability forecasts. 
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¶ Is there benefit in terms of probabilistic forecast skill, reliability and value, from combining the 

three global ensembles into a multi-model ensemble? 

As established in the introduction, the rationale of multi-model ensemble forecasting lies in 

combining independent and skilful models, each with its own strengths and weaknesses. The 

evaluation in this chapter clearly shows that additional forecast skill and value can be gained from 

combining the members from the three individual ensembles included in this study 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 estimates of TC track probabilities. In the overall track probability 

verification, the relative economic value curve of the multi-model ensemble fully encompasses that 

of the individual ensembles, and in the verification for each 24-hour period it is particularly 

noteworthy that the AUC decreases more significantly with lead time in the individual ensembles 

compared to the multi-model ensemble. This illustrates that the amount of potential forecast skill 

to be gained from using a multi-model ensemble to derive your track probabilities increases 

significantly with forecast lead time. This finding is important for operational TC forecasters, 

forecast centre managers, and numerical weather prediction centres, showing the importance of 

improving access to multiple ensemble forecast model forecasts in order to allow multi-model 

ensemble information to be used in the operational TC forecasting process. 

¶ Does using the full probability forecast information via the multi-model ensemble add skill 

ŎƻƳǇŀǊŜŘ ǘƻ ŀ άŎƻƴǎŜƴǎǳǎέ ŦƻǊŜŎŀǎǘ ƻŦ ǘƘŜ ǇŀǊŜƴǘ ŘŜǘŜǊƳƛƴƛǎǘƛŎ ƳƻŘŜƭǎΚ 

The choice of reference forecast is crucial in the BSS calculation, as the BSS measures the 

improvement of the probabilistic forecast relative to a reference forecast. This forecast reference 

is often calculated from the sample climatology, or, in the case of TC forecasts, from a combined 

climatology and persistence forecast (CLIPER: Knaff et al., 2003). However, 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 parent deterministic 

models was created and used as the reference in the BSS calculation. The BSS for the overall 7-day 

track probability skill scores shows positive skill for all of the ensemble forecast models in all basins 

when compared to the reference consensus track, with the BSS being highest for the combined 

multi-model ensemble. This shows the added benefit to be gained in operational TC track 

forecasting if the full probability information provided by the ensembles can be pulled through into 

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 is split 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 there 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 reference has no 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 particular reference forecast. 

¶ 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 (Figure 4-6), the combined multi-model 

ensemble has the largest BSS of all the models, and varies between 0.25 and 0.4 with each basin, 

showing that the multi-model ensemble is adding skill in every basin. The strongest performing 

individual ensemble is ECMWF ENS in all basins except the SWI basin where NCEP GEFS has the 

highest skill. The relative performance of MOGREPS-G and NCEP GEFS varies between basins, with 

MOGREPS-G performing well in the NAT, NWP and AUS basins, and NCEP GEFS performing well in 

the SWI and NEP basins. This result would provide useful guidance to operational TC forecasters 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 see additional value in computing track 

probability forecasts from multi-model ensemble forecast data. It is also of interest to model 

developers, who could investigate why their model performs better relatively for TCs in one basin 

over another, 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 quality-control systems and in the 

assimilation of RSMC TC observations, known as bogussing, which is not currently carried out at 

ECMWF). These results show that some aspects of each model system may be better suited to one 

region over another, and further investigations including the implications of a TC being in a data-

rich vs. data-poor area may lead to further insights and improvements in the model forecasts. 

The inter-basin comparison of BSS using the 24-hour track probability forecasts centred on each 

lead time (Figure 4-10) 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 that the 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 the 24-hour 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 24-hour periods will be impacted by along-track 

errors in addition to the cross-track errors, whereas the cross-track errors are the most influential 

factor in the overall 7-day 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 forecast preparedness activities, and future verification could investigate the relative 

along- and cross-track errors in the ensemble vs. the deterministic consensus. 

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

about the benefit of multi-model ensembles? 

Although when averaged across all TCs the ECMWF ENS is clearly currently the most skilful of the 

individual ensembles, the case-study analysis in Figure 4-11 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 MOGREPS-G for Hurricane Matthew). At the time of the live forecasts, operational 

forecasters will not know which individual model is destined to be the most skilful for that storm, 

and therefore the result showing that the multi-model ensemble skill matches that of the strongest 

performing individual ensemble is an important result, and clearly illustrates the benefit of 

combining the ensemble members into a multi-model ensemble when computing track probability 

forecasts. 

4.5 Conclusions and future plans 

This study has shown that combined multi-model ensemble TC track probability forecasts, 

calculated from all members of ECMWF ENS, MOGREPS-G and NCEP GEFS, have increased skill and 

value over the best-performing individual ensemble. This result is consistent when verifying all 

global named TCs together, and when the verification is carried out for each individual basin. The 

improved skill and value of the multi-model ensemble is found for both the full (up to 7-day) track 

probability forecasts, and for track probabilities split into 24-hour forecast periods. The verification 

results from the three individual ensembles show that the track probability forecasts from ECMWF 

ENS display the best reliability, skill and value. MOGREPS-G and NCEP GEFS become increasingly 

over-confident and under-dispersive with increasing forecast range, emphasising the importance 

of ongoing work at 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 still skill, reliability and value 

to be gained from adding additional ensemble models into a combined multi-model ensemble, 

indicating that they have independent systematic strengths and errors and collectively provide 

more realistic estimates of TC track probabilities than individually. 

Storm-based verification illustrated that the best-performing individual ensemble can change from 

case to case, but that the multi-model ensemble matches the best-performing individual ensemble, 

which would not be known in advance, in terms of overall probabilistic forecast skill. The mean, or 

consensus, of the three higher-resolution deterministic forecasts is hard to beat in some basins, but 

overall the additional probabilistic skill of the ensembles is shown, particularly at longer lead times 

or when computing the full 7-day track probability forecasts. This study helps to illustrate the 

potential value and skill to be gained if operational TC forecasting can continue to migrate away 

from a deterministic-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 further applied and extended in the future. In 

this study no weighting is applied to the ensemble members in the multi-model ensemble, with 

each member from each model given an equal weight. It would be interesting to look at different 

options for combining together the 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 multi-model 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 Météo-France, could be added to the multi-model ensemble, 

to investigate the optimal combination of ensembles in track probability forecasts. At the Met 

Office the ensemble TC products and verification will continue to be used to evaluate important 

model upgrades and trials, such as the impact of the forthcoming move from ETKF to Ens-4D-En-

Var perturbations. The products and verification are also run on high-resolution convective-

permitting ensembles in Southeast Asia. Work is also underway to extend the ensemble TC 

verification capability at the Met Office to incorporate a verification of forming storms (TC genesis) 

and intensity trends. It is also important to look beyond the traditional TC track and intensity 

forecasts and move towards 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 between global 

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 operational TC forecasting. 
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Chapter 5  Key factors influencing the severity of fluvial flood hazard 

from tropical cyclones 

The third objective of the PhD was to identify the key factors that influence flood-related hazards 

from tropical cyclones using observations and reanalyses. The paper covering this objective has 

been published in the Journal of Hydrometeorology (JHM) with the following reference: 

Titley, H.A., Cloke, H.L., Harrigan, S., Pappenberger, F., Prudhomme, C., Robbins, J.C., Stephens, 

E.M. and Zsótér, E. (2021) Key factors influencing the severity of fluvial flood hazard from 

tropical cyclones. Journal of Hydrometeorology, 22 (7): 1801ς1817. doi:10.1175/JHM-D-20-

0250.1.  

The contributions of the authors of this paper are as follows: H.T. designed the study with advice 

from H.C., E.S. and F.P.. H.T. obtained the datasets, with assistance from S.H. and E.Z. for the ERA5 

and GloFAS data. H.T. carried out the analysis and led the writing of the manuscript. All authors 

assisted with writing the manuscript. Overall, 85% of the writing was undertaken by H.T.. 

The published article can be found in Appendix A3. 

Abstract. Knowledge of the key drivers 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 characteristics that influence 

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 the translation 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 modulating flood 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 increasing the focus on translation speed in model evaluation and impact-based 

forecasting. 

Significance statement. Knowing ahead of landfall which tropical cyclones are likely to lead to 

significant river flooding will help those responsible for emergency planning make appropriate 
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decisions to minimize loss of life and property. We compare 280 tropical cyclones and find that the 

cases with slow-moving, large, and intense cyclones, affecting areas with wet antecedent 

conditions, have the highest likelihood of experiencing widespread flooding. Slower-moving 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, from model evaluation and development, through to warning design and communication, to 

better inform forecast-based action prior to tropical cyclone landfall. 

5.1 Introduction 

Considering fluvial flood hazards in tropical cyclone (TC) forecasting and warning is important 

because this is a leading cause of mortality and damages (Rezapour and Baldock, 2014). In the U.S., 

drowning from excessive rainfall occurs in more TCs than deaths from any other cause (Rappaport, 

2014). Many of these fatalities occur outside of landfall counties (Czajkowski and Kennedy, 2010) 

and in inland counties (Rappaport, 2000). U.S. residential losses 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., 2017). A multi-hazard approach considering both wind-speed and rainfall has 

been shown to be more appropriate for risk-informed decision-making (Song et al., 2020), but 

studies investigating evacuation decision-making during hurricanes in the U.S. have shown that the 

key determining factor is the intensity of the storm on the Saffir Simpson scale based on wind speed 

(Whitehead et al., 2000), with 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 provide a better understanding of those factors that influence the 

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

activities. 

IŜŀǾȅ ǊŀƛƴŦŀƭƭ Ŏŀƴ ǇǊŜǎŜƴǘ ŀ Ǌƛǎƪ ǘƻ ŎƻƳƳǳƴƛǘƛŜǎ ǊŜƎŀǊŘƭŜǎǎ ƻŦ ǘƘŜ ǎǘƻǊƳΩǎ ƛƴǘŜƴǎƛǘȅ ŎŀǘŜƎory. The 

U.S. National Hurricane Center (NHC) and the U.S. National Weather Service (NWS) both indicate 

ǘƘŜ ƛƳǇƻǊǘŀƴŎŜ ƻŦ ƻǘƘŜǊ ƛƴŦƻǊƳŀǘƛƻƴ ōŜȅƻƴŘ ǘƘŜ ǎǘƻǊƳΩǎ ƛƴǘŜƴǎƛǘȅ-based category. The NHC state 

ǘƘŀǘ άwŀƛƴŦŀƭƭ ŀƳƻǳƴǘǎ ŀǊŜ ƴƻǘ ŘƛǊŜŎǘƭȅ ǊŜƭŀǘŜŘ ǘƻ ǘƘe strength of tropical cyclones but rather to the 

ǎǇŜŜŘ ŀƴŘ ǎƛȊŜ ƻŦ ǘƘŜ ǎǘƻǊƳΣ ŀǎ ǿŜƭƭ ŀǎ ǘƘŜ ƎŜƻƎǊŀǇƘȅ ƻŦ ǘƘŜ ŀǊŜŀΦέ 

όƘǘǘǇǎΥκκǿǿǿΦƴƘŎΦƴƻŀŀΦƎƻǾκǇǊŜǇŀǊŜκƘŀȊŀǊŘǎΦǇƘǇІǊŀƛƴύΦ ¢ƘŜ b²{ ǎǘŀǘŜ ǘƘŀǘ άLǘ ƛǎ ŎƻƳƳƻƴ ǘƻ ǘƘƛƴƪ 

the stronger the storm the greater the potential 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 

fast-ƳƻǾƛƴƎ ƘǳǊǊƛŎŀƴŜΦέ όƘǘǘǇǎΥκκǿǿǿΦǿŜŀǘƘŜǊΦƎƻǾκƧŜǘǎǘǊŜŀƳκǘŎψƘŀȊŀǊŘǎύΦ ¢ƘŜ ǘƻǘŀƭ ǊŀƛƴŦŀƭƭ ŦǊƻƳ 

a TC in a given location is largely determined by the length of time a TC spends over that location, 
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which is dependent on the size of the rainfall area and translational speed of the storm (Rogers et 

al., 2009). A slow along-track motion, or stalling near or after landfall, 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 TCs 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 structure, as well as 

interaction with topography (Qiu et al., 2019), vertical wind shear (Chen et al., 2006), and other 

meteorological systems in the wider atmospheric environment. This can lead to seemingly similar 

landfall locations having different rainfall distributions (Cheung et al., 2018; Shi et al., 2017). 

Hydrological factors, such as soil conditions and orography, are also thought to have been 

important in determining which TC cases had elevated impacts from flooding (Rappaport, 2000; 

Sturdevant-Rees et al., 2001). 

While there is broad understanding, largely through case study or regional analysis (Saha et al., 

2015; Hernández Ayala and Matyas, 2016; Touma et al., 2019; Yu et al., 2017), of those factors 

influencing the rainfall related to TCs, systematic global analysis to objectively confirm these drivers 

and their relationships to downstream flood hazard 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 factors 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 forecasts of 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 importance 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 or dissipated (Villarini et al., 

2014a; Khouakhi et al., 2017). This 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, and the 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 the 10-year period from 2010 to 2019 in 

order to identify the key factors that influence the severity of river flooding in TCs. 

The remainder of this paper is set out as follows: Section 4.2 details the data sources used in the 

study, and Section 4.3 describes the methods used to select the TC cases, and calculate the TC 

characteristics, catchment characteristics and flood severity metrics for each case. Section 4.4 then 

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. Section 4.5 discusses 

some important aspects of the results and where future work would be beneficial, while Section 

4.6 contains the main conclusions of the study. 

5.2 Data sources 

5.2.1 IBTrACS 

The main observed TC track dataset used in this study is the International Best Track Archive for 

Climate Stewardship (IBTrACS) (Knapp et al., 2010, 2018). 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), the track points are supplemented by the initial 

positions in the real-time advisories from each Regional Specialized Met Center (RSMC), which are 

collated at the Met Office for use in verifying TC track forecasts (Heming, 2017; Titley et al., 2020). 

The IBTrACS data are used to calculate the land footprint for each TC case (section 5.3.1), over 

which to calculate the flood severity indices. The IBTrACS data also provide the TC intensity data 

(Section 5.3.2.1), and is used to calculate the translation speed (Section 5.3.2.2). 

5.2.2 Global Precipitation Measurement (GPM) IMERG 

Precipitation data are taken from the latest Integrated Multi-satellitE Retrievals for GPM (GPM 

IMERG Final Run V06) (Huffman et al., 2019)Φ ¢ƘŜ άCƛƴŀƭ wǳƴέ Řŀǘŀ ŀǊŜ ǳǎŜŘ ŀǎ ǘƘƛǎ ƛƴŎƭǳŘŜǎ ƎŀǳƎŜ 

data where available to calibrate the rainfall satellite-derived observations, and has been shown to 

capture TC precipitation patterns well, with closer agreement with gauge-based measurements 

than its predecessor for extreme events (Yuan et al., 2021). The GPM data, with a horizontal 

ǊŜǎƻƭǳǘƛƻƴ ƻŦ лΦмɕΣ ŀǊŜ ŜȄǘǊŀŎǘŜŘ ŀǘ ŀ ол-minute temporal resolution and then accumulated to give 

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

Section 5.3.2.4. 

5.2.3 ERA5 

ERA5 is ECMWFΩǎ ƭŀǘŜǎǘ ŎƻƳǇǊŜƘŜƴǎƛǾŜ ŀǘƳƻǎǇƘŜǊƛŎ ǊŜŀƴŀƭȅǎƛǎ ǿƛǘƘ ŀ Ǝƭƻōŀƭ ƘƻǊƛȊƻƴǘŀƭ ƎǊƛŘ 

resolution of 0.28125° (about 31km) (Hersbach et al., 2020). ERA5 mean sea level pressure (MSLP) 
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data were extracted from the Copernicus Climate Change Service (C3S) Climate Data Store (CDS) 

(Hersbach et al., 2018a) at 6-hourly intervals and used to calculate the size of the TC (Section 

5.3.2.3). Daily ERA5 soil moisture content data were also extracted, along with soil type, for use in 

calculating the antecedent soil moisture saturation (Section 5.3.3.1). Precipitation accumulations 

were extracted hourly and summed to give 24-hour precipitation totals to compare to GPM 

precipitation accumulations. Several studies have found large improvements in performance for 

precipitation in ERA5 compared to ERA-Interim (e.g. Beck et al., 2019; Tarek, et al., 2020; Nogueira, 

2020), including for TC cases (Hersbach et al., 2018b). A recent study found that ERA5 agrees well 

with gridded gauge data in terms of the spatial distribution of typhoon precipitation, although it 

can underestimate the most extreme precipitation (Jiang et al., 2021). 

5.2.4 GloFAS-ERA5 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 GloFAS-ERA5 global river discharge 

reanalysis (Harrigan et al., 2020), as a proxy for river discharge observations. The Global Flood 

Awareness System (GloFAS) is designed to provide a global overview of upcoming flood events to 

decision makers such as humanitarian organizations (e.g. Coughlan de Perez et al., 2016) as part of 

the Copernicus Emergency Management Service for floods. In GloFAS, ensemble meteorological 

forecasts from the European Centre for Medium-Range Weather Forecasts (ECMWF) are processed 

by the revised land surface hydrology scheme (HTESSEL) to create land surface runoff fields, with 

additional hydrological processes such as flow routing provided by the LISFLOOD hydrological 

model in order to forecast river discharge (Harrigan et al., 2023; Alfieri et al., 2013; Balsamo et al., 

2011; Van Der Knijff et al., 2010; Hirpa et al., 2018). Daily GloFAS-ERA5 river discharge reanalysis 

data, with a horizontal resolution of 0.1°, were extracted from the C3S CDS (Harrigan et al., 2019), 

for each day 2010-2019, and used to define the flood severity in each landfalling TC case (Section 

5.3.4). 

Although GloFAS-ERA5 is partially dependent on model-derived precipitation and soil moisture, the 

groundwater and river routing parameters were calibrated against daily river discharge from 1287 

observation stations worldwide (Hirpa et al., 2018) and a recent comprehensive global evaluation 

found it was skillful against a mean flow benchmark in 86% of catchments (Harrigan et al., 2020). 

Other studies have compared GloFAS-ERA5 and observed discharge across regions (Ficchì and 

Stephens, 2019; Towner et al., 2021), or in case studies e.g. Emerton et al. (2020), for Cyclones Idai 

and Kenneth in Mozambique. The use of GloFAS-ERA5 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 

5.3.1 Selecting tropical cyclone cases and calculating their land footprint 

 

Figure 5-1. Method for calculating the land footprint of each TC case, illustrated for Cyclone Eliakim, which impacted 

Madagascar in March 2018. 

For the period 2010-2019, the IBTrACS TC track data are filtered to only include those TCs with a 

landfall at tropical storm strength or above (>=34 knots). The 6-hourly latitude and longitude track 

position data are extracted where the storm is at or above tropical storm strength, and is over land 

ƻǊ ǿƛǘƘƛƴ рллƪƳ ƻŦ ƭŀƴŘΦ Lƴ ƻǊŘŜǊ ǘƻ ŘŜŎƛŘŜ ǘƘŜ ŀǊŜŀΣ ƘŜƴŎŜŦƻǊǘƘ ǘŜǊƳŜŘ ǘƘŜ ΨŦƻƻǘǇǊƛƴǘΩΣ ƛƴ ǿƘƛŎƘ ǘƻ 
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calculate the flood severity for each TC, the following steps are taken (illustrated for Cyclone 

Eliakim, which impacted Madagascar in 2018, in Figure 5-1): 

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 24-hour storm track segment. Most 

studies that have assigned a set radius for defining TC-related rainfall, have used a radius of 

either 500km (Prat and Nelson, 2013, 2016; Jiang et al., 2011; Luitel et al., 2018), 550km (Zhou 

and Matyas, 2017) or 5 degrees (Guo et al., 2017). 

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

c) The overall mask is combined with a land sea mask to create the final land footprint used to 

analyze the flood severity. 

d) ¢ƘŜ ƴǳƳōŜǊ ƻŦ ǾŀƭƛŘ лΦмɕ ōȅ лΦмɕ Ǉƻƛƴǘǎ όǘƘŜ DƭoFAS-ERA5 reanalysis resolution) in the land 

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 a sensible comparison of the area affected by severe flooding.  

This process results in 280 landfalling TC cases from 2010-2019 being included in the study (broken 

down by basin in Figure 5-2). For each case a set of TC characteristics, catchment characteristics 

and flood severity measures are calculated, to allow an analysis across the cases of the key factors 

influencing the severity of fluvial flooding. 

 

Figure 5-2. The locations of the first land point in the track of the 280 TCs included in this study (2010-2019), 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 with the other cases. 
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5.3.2 Tropical cyclone characteristics 

5.3.2.1 Intensity 

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

from IBTrACS at each track point and the pre-landfall value is used to identify the storm intensity 

for consideration in each case. To ensure wind speed data are comparable between basins, 1-

minute maximum sustained winds are used where available. 

5.3.2.2 Translation speed 

Translation speed (speed in a forward motion) is calculated for each 6-hour 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 (the mean of the translation speeds 

from all 6-hourly track segments over land); iii) minimum translation speed while the storm is over 

land (the minimum of the translation speeds from all 6-hourly track segments over land), to take 

account of storms that stagnate after landfall. 

5.3.2.3 Size and shape 

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

the center to over 1000km. A number of methods are commonly used to calculate storm size and 

shape, including the radial extent of 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., 2014). The 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 re-calculates the ROCI using ERA5 MSLP fields along the TC tracks. For each 

track point the MSLP field is centered on the storm location, and then decomposed into tangential 

and radial co-ordinates, essentially unwrapping the field around the storm center. A search is 

carried out for the outermost closed 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 left-rear) to give shape information. Storm asymmetry is calculated 

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. 

5.3.2.4 Precipitation 

The daily masks containing all points within 500km of the storm track in each 24-hour period (Figure 

5-1a) are applied to the 24-hour precipitation accumulation data from GPM and ERA5, 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 slow-moving 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 precipitation 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 storm-total GPM and ERA5 precipitation in the land footprint (illustrated for 

Cyclone Eliakim in Figure 5-3). To investigate a range of precipitation characteristics in terms of 

their influence on the flood severity metrics, the following values are calculated from both GPM 

and ERA5: 

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

¶ The average precipitation accumulation across the land footprint area 

¶ 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 rainfall) 

¶ The proportion of the land footprint area with precipitation accumulations greater than 

25/100/200mm 

 

Figure 5-3. Cyclone Eliakim (2018): a) Total event precipitation calculated from GPM; b) Total event precipitation 

calculated from ERA5; c) Antecedent soil moisture saturation in the top layer of soil; d) GloFAS-ERA5 points that exceeded 

the 5-year return period during the event (22% of land footprint). 
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5.3.3 Catchment characteristics 

5.3.3.1 Antecedent soil moisture saturation 

ERA5-derived soil moisture saturation fields 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 ECMWF (2020a). The data were calculated on two levels: layer 

1 (0-7 cm), and layers 1-3 combined (0-100 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. The antecedent soil moisture saturation for 

the Cyclone Eliakim case is shown in Figure 5-3c. 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%. 

5.3.3.2 Orography and gradient 

Two of the GloFAS 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 consideration in the data analysis. 

5.3.4 Calculating 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 track, to allow 

time for the affected watersheds to respond to the rainfall. For each day within this case period the 

GloFAS-ERA5 discharge data in the land footprint area were compared to return period flood 

thresholds to calculate the return period exceeded at each point. The return period thresholds were 

taken directly from GloFAS, where they are determined from the GloFAS-ERA5 river discharge 

reanalysis, by fitting a Gumbel extreme value distribution on the annual maxima time series over 

the 1979-2018 period (Alfieri et al., 2019; Harrigan et al., 2023; Zsótér et 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 

severity is calculated in the following three ways for each storm: 

a) Flood severity (Area)Υ ¢Ƙƛǎ ƛǎ ŘŜŦƛƴŜŘ ŀǎ ǘƘŜ ǇŜǊŎŜƴǘŀƎŜ ƻŦ DƭƻC!{ ƎǊƛŘ Ǉƻƛƴǘǎ ǿƛǘƘƛƴ ǘƘŜ ǎǘƻǊƳΩǎ 

footprint where the discharge exceeds the 5-year return period value for that point at any date 

ŘǳǊƛƴƎ ǘƘŜ ŎŀǎŜ ǇŜǊƛƻŘΦ ¢Ƙƛǎ Ƙŀǎ ōŜŜƴ ǘŜǊƳŜŘ ΨŀǊŜŀΩ ǘƻ ǎƛƳǇƭƛŦȅ ǘƘŜ ŘŜŎƻƳǇƻǎƛǘƛƻƴ ƻŦ ŦƭƻƻŘ 

ǎŜǾŜǊƛǘȅ ƛƴǘƻ ǘƘǊŜŜ ŎƻƳǇƻƴŜƴǘ ǇŀǊǘǎΣ ōǳǘ ƛǘ ƛǎ ƳƻǊŜ ŀƪƛƴ ǘƻ ΨŦƭƻƻŘƛƴŜǎǎΩ (Stephens et al., 2015) 

ŘŜŦƛƴŜŘ ƻǾŜǊ ŀ ǎǘƻǊƳΩǎ ŦƻƻǘǇǊƛƴǘ ǘƘŀƴ ƛǘ ƛǎ ǘƻ ƳŜŀǎǳǊŜǎ ƻŦ ƛƴǳƴŘŀǘion extent. For Cyclone Eliakim, 

the flood severity (area) was 22% (Figure 5-3d). 
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b) Flood severity (Duration): This is defined by selecting those points where the 5-year return 

period was exceeded on at least one day, and then calculating the average number of days for 

which the 5-year 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): For this magnitude-based definition the data were 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 that is 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 upper limit, given that the return period thresholds are generated on a 40-year sample 

(Harrigan et al., 2023). In this way the magnitude-based definition of flood severity compares 

the most severely affected river points in each TC case, in terms of the extremeness of the 

discharge levels experienced. 

5.4 Results 

5.4.1 Comparison of flood severity measures 

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

5-4. For all basins other than the South Indian Ocean, most of the cases have relatively low flood 

severity (Area) (median of 1-5%), 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% (Figure 5-4a) found by a Kruskal-Wall H-test to be significantly different 

from the other basins (p<0.01). For flood severity (Duration) the median duration for those points 

exceeding the 5-year return period threshold is between one and three days in all regions (Figure 

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 to other regions (significant at p<0.01). All basins 

have some cases where very high return periods are exceeded (Figure 5-4c). 
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Figure 5-4. Box-and-whisker plot showing a) Flood severity (Area), b) Flood severity (Duration), and Flood severity 

(Magnitude) grouped by TC basin (AUS=Australian, EP=Eastern Pacific, NA=North Atlantic, NI=North Indian, SI=South 

Indian, WP=North West Pacific). In all the box-and-whisker plots in this study, the box extends from the Q1 to Q3 quartile 

values of the data and the whiskers extend 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 are significant positive Spearman correlations between the three flood severity measures 

(Figure 5-5). 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 another. Good examples of this 

are Typhoon Hagibis (2019) and Typhoon Lan (2017), which can be seen in the bottom right of the 

plot in Figure 5-5a, with highest flood severity (Area), but where most of that flooding was very 

short lived, with flood severity (Duration) of only around 1 day. This emphasizes the importance of 

considering multiple indices, to take into consideration all characteristics of the flood severity. 

 

Figure 5-5. Scatter plots of the different flood severity indices: a) Flood severity (Area) vs Flood severity (Duration); b) Flood 

severity (Area) vs Flood severity (Magnitude); and c) Flood severity (Duration) vs Flood severity (Magnitude). The 

{ǇŜŀǊƳŀƴΩǎ wŀƴƪ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘ ƛǎ ŘƛǎǇƭŀȅŜŘ ƻƴ ŜŀŎƘ ǇƭƻǘΦ tƻƛƴǘǎ ŀǊŜ ŀƴƴƻǘŀǘŜŘ ǿƛǘƘ ǘƘŜ ǎǘƻrm name if they have 

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 shown in Table 

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 Cyclone Idai (2019) appear in all three lists. 
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Table 5-2 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, the fact that all of the storms in Table 5-2 had significant impacts from flooding 

indicates that the methods used in this paper have correctly highlighted high-impact cases of fluvial 

flooding from TCs. 

 

Table 5-1. The 10 highest-ranked TCs for each flood severity 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 defined in the caption 

of Fig. 4. 

 

Table 5-2. A summary of the impacts from 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 italic if it is in the 

top 10 of all three indices). All are TCs that led to significant impacts. 

5.4.2 Relationships between flood severity and case characteristics 

5.4.2.1 Correlations 

¢ƘŜ {ǇŜŀǊƳŀƴΩǎ wŀƴƪ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘǎ ōŜǘǿŜŜƴ ǘƘŜ ŦƭƻƻŘ ǎŜǾŜǊƛǘȅ ƳŜǘǊƛŎǎ ŀƴŘ ŀƭƭ ǘƘŜ 

calculated storm and catchment characteristics are shown in Figure 5-6. A comparison between 

GPM and ERA5 rainfall (not shown) revealed very strong correlations, so only the ERA5 precipitation 

variables are included. All the flood severity variables are significantly correlated with each other, 

as was seen in Figure 5-5. 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 correlations 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 to landfall, 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 value of 

25mm. 

 

Figure 5-6. {ǇŜŀǊƳŀƴΩǎ wŀƴƪ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘǎ ƻŦ ǘƘŜ ŦƭƻƻŘ ǎŜǾŜǊƛǘȅ ǾŀǊƛŀōƭŜǎ ǿƛǘƘ ǘƘŜ ¢/ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ŀƴŘ 

ŎŀǘŎƘƳŜƴǘ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ŦƛŜƭŘǎ ŦƻǊ ŜŀŎƘ ¢/ ŎŀǎŜΦ ¢ƘƻǎŜ ǿƛǘƘ ŀ {ǇŜŀǊƳŀƴΩǎ wŀƴƪ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘ ǿƛǘƘ ŀ significance 

value <0.05 are marked in bold with an asterisk. 

The storm intensity variables, MSLP and wind speed at landfall, are significantly negatively (-0.18) 

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

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 the case 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 tropical storms at landfall with those that have equivalent hurricane or major hurricane strength 

(Figure 5-7) confirms that all storm categories have some cases with both low and high flood 

severities. There are no significant differences between the severity of flooding 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 H-test with p<0.01). 
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Figure 5-7. 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 storm (34ς63 knots), ii) Equivalent hurricane strength 

(64-95 knots), iii) 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 

Saffir-Simson scale are used 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 three translation speed variables are all significantly negatively corelated with all the flood 

severity indices i.e. slower-moving 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 for the translation speed at landfall, the average 

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

The storm size as measured by the ROCI is significantly positively correlated with flood severity 

(Area) (0.12), indicating that larger storms tend to have a greater percentage of the land footprint 

exceeding the 5-year return period. There is no significant correlation with flood severity (Duration) 

or flood severity (Magnitude), and no significant correlation of storm asymmetry with any of flood 

severity measures. 

The relationship between flood severity and soil saturation is complex and varies with each of the 

flood severity indices. For flood severity (Area), all the soil saturation metrics have positive 

correlations, showing that cases 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 average soil 

moisture saturation in the top 100cm layer (-0.27 and -0.15 respectively). 

There is a significant positive relationship of average orography and flood severity (Area) (0.24), 

and there are significant negative correlations of the average gradient with flood severity (Duration) 

(-0.44) and flood severity (Magnitude) (-0.31), so lower gradients would tend to have greater flood 

severity in terms of the flood duration and magnitude. 
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5.4.2.2 Conditional probabilities 

Conventional wisdom is that translation speed is a significant risk factor leading to increased flood 

severity. Significant relationships were shown between the flood severity indices and the 

translation speed of the TC in Figure 5-6, 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 conditional probability technique to split 

the plot into four quadrants, further useful information can be found (Figure 5-8). The x-axis is split 

by the median value of the minimum translation speed over land, to designate slow-moving and 

fast-moving storms. A sensitivity analysis (not shown) was used to select which percentile of the y-

axes (the flood severity scores) to use to designate non-severe and severe flooding cases. The 90th 

percentile was selected as the threshold that gave the best combination of having sufficient cases 

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 probability 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, Man-Yi, and Lan) in the upper right quadrant of 

Figure 5-8a where flood severity is high in fast-moving storms, and lots of cases where slow-moving 

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 with high 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 of having a severe flooding event for slow-moving storms for flood severity (duration), 

and four times the probability of a severe flooding event for slow-moving storms for flood severity 

(magnitude) (Figure 5-8b and 5-8c).  

Fast movement of TCs appears to often mitigate 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 probability plots of flood 

severity against several different characteristics, selected based on the correlation results shown in 

Figure 5-6 (Figure 5-9). Flood severity (Area) is used to examine in more detail the interplay between 

characteristics, as the extent of the severe 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 seen in Figure 5-9a, 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 soil, there is found to be more than 

double the risk (14% compared to 6%) of having severe flooding where there is high soil saturation 

(Figure 5-9b). The bottom three plots (6-9c-e) show three of the TC characteristics that may play a 

role in increasing the overall precipitation 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%) (Figure 5-9c). The doubling of the likelihood of severe 

flooding for slow translations speeds, as shown in Figure 5-8a, are repeated in Figure 5-9d, while 

Figure 5-9e shows the conditional probability results for TC size, with nearly double the risk of 

severe flooding for large storms (13%) compared to small storms (7%). 

Typhoons Man-Yi (2013), Hagibis (2019) and Lan (2017) appear as relative outliers in the upper right 

quadrant of Figure 5-9d (fast-moving storms where flood severities were unexpectedly high or very 

high). On Figure 5-9e it can be seen that 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 categorized in the more 

intense category for intensity (Figure 5-9c), and the high soil saturation category (Figure 5-9b). Thus, 

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

due to the presence of several other risk factors.  

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 main risk factors 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 

characteristics on the duration and magnitude of flooding is greater than for the flooding measured 

in terms of the area. 
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Figure 5-8. Illustration of the conditional probability technique for examining the relationship between minimum 

translation speed over land 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 for flood 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 top left quadrants 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 

ƻǊ ŀǊŜ ƻǳǘƭƛŜǊǎ ǘƻ ǘƘŜ ƎŜƴŜǊŀƭ ǇŀǘǘŜǊƴΦ ¢ƘŜ {ǇŜŀǊƳŀƴΩǎ wŀƴƪ /ƻǊǊŜƭation Coefficients for each plot are as follows: a) -0.22; 

b) -0.33; c) -0.26. 

 

Figure 5-9. Scatter plots for the flood severity (Area) indices against a) the percentage of the footprint with event 

precipitation totals greater than 100mm; b) average soil saturation 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 and the 90th percentile of the flood severity to create the 

ǉǳŀŘǊŀƴǘǎΦ ¢ƘŜ {ǇŜŀǊƳŀƴΩǎ wŀƴƪ /ƻǊǊŜƭŀǘƛƻƴ /ƻŜŦŦƛŎƛŜƴǘǎ ŦƻǊ ŜŀŎƘ Ǉƭƻǘ ŀǊŜ ŀǎ ŦƻƭƭƻǿǎΥ ŀύ лΦртΤ ōύ лΦмрΤ Ŏύ -0.18; d) -0.22; 

e) 0.12. 








































































































































































































































































































































































































































































































































































































































