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ABSTRACT

Severe winter windstorms are one of the most damaging extreme events for the extra-tropics,

especially in Europe. Companies like the SwissRe have estimated losses of around USD 190

million for European windstorms in alone 2022 (SwissRe, 2023). These rare events are a

seasonal phenomenon. Hence, they occur especially on a seasonal scale, and their amount

and strength vary each season. Besides the scientific purpose, politics, insurances and the

general public are interested in understanding forecasts of these extreme events. They want

to know how reliable those seasonally averaged forecasts are and how they can be improved.

Hence, forecasts with a few months’ lead times are crucial for such events on a seasonal scale.

The investigation covers multiple aspects of seasonally predicted winter windstorms over Eu-

rope. Firstly, the general forecast skill of seasonally averaged storm characteristics (frequency

and intensity). Secondly, the link of these forecasts not only to known large-scale patterns

like the North Atlantic Oscillation (NAO), Scandinavian Pattern (SCA) and East-Atlantic

Pattern (EA) but also to more physics-based dynamical factors like the mean sea-level pres-

sure (MSLP) gradient or measure for the instability of the atmosphere (Eady Growth Rate

or equivalent potential temperature). The third part studies the constraints of the seasonal

forecast model regarding windstorms and focuses on the signal-to-noise paradox.

This study investigates the seasonal forecast model of the UK Met Office, Global Seasonal

forecasting system version 5, GloSea5, and compares it with different statistical measures to

an observational data set, ERA5 from the European Centre for Medium-Range Weather Fore-

casts (ECWMF). Windstorms are tracked over the core winter season, December-January-

February, with an impact-based algorithm that focuses on the 2% strongest wind events over

Europe and the North Atlantic.

The results of this study can be separated by the mentioned study aims. Firstly, a positive

forecast skill, as correlation, for storm frequency and for the first time for storm intensity





measures have been found over coherent regions over the British Isles and southern Scan-

dinavia. Secondly, large-scale patterns like the NAO, SCA and EA have been linked to

windstorms and explain up to 80% variability of windstorm frequency and 60% of intensity

when statistically combined. But small-scale physical factors are investigated as well and it

can be concluded that the seasonal forecast model is showing windstorm forecast skill out

of the right physical connections between windstorms and atmospheric factors. The third

part is about model constraints and therefore, the signal-to-noise paradox has been assessed

within seasonal windstorm prediction. The paradox can limit the predictability of the model.

For windstorm forecasts, this paradox exists strongly in the same regions as the significant

forecast skill. A hypothesis that the disturbances of windstorms are causing the paradox has

been investigated. Indications of a stronger signal-to-noise paradox within stormy seasons

have been found in the GloSea5 model.

This all concludes that GloSea5 as a seasonal forecast model is capable of predicting the

seasonal average of rare and extreme events like winter windstorms. This prediction is

robust as it results from the right physical connections but is still reduced because of the

existence of the signal-to-noise paradox.
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Chapter One

Motivation - Storm Season 2021/2022

Track from Eunice from 
18th to 20th February 
2022
Wind speed cluster

Stormseason 
February 2022

Storms Dudley, 
Eunice & Franklin

Season caused 
damage of over 
US$5.6bn

Severe windstorms are common in the mid-latitudes, especially in Europe. They occur

mostly in the winter season, December-January-February (DJF), as consequences of strong

low-pressure systems, Extra-tropical cyclones (ETC). These extreme events are one of the

most damaging for Europe, along with, e.g., floods (MunichRe, 2019). A recent strong season

was the winter of 2021/2022. At the end of the season, in February 2022, a cyclone family

reached Europe, and three extreme cyclones and hence extreme windstorm events affected

Europe, especially the United Kingdom (UK), Ireland, France and Germany.
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Different Meteorological institutes named these three storms, but all named them. For many

institutes, like the UK Met Office (UKMO), the first criterion to name a cyclone is that the

event affects Europe with a potentially high impact. The Berliner Wetterkarte (BWK)

names all (low and high) pressure systems that make landfall in Europe, already since 2002,

independent from the strength. They named these low pressure systems ”Ylenia”, ”Zeynep”

and ”Antonia”. The UKMO is naming extreme storms since 2015 and named them ”Dudley”,

”Eunice” and ”Franklin”. In the following chapter, English naming will be used but includes

information from German sources like maps from the BWK in Fig. 1.1. The following chapter

will summarise these extreme cyclones and give an overview of their synoptical development.

Meteorological extreme observations regarding wind will be summarised. Data and figures

for this are collected from different sources, like Wetter3.de (2003), Berliner Wetterkarte e.V.

(1998), Kendon (2022) or Ogimet (2005) and all times are in UTC.

The most extreme and damaging storm was Storm ”Eunice”. The UKMO issued multiple

red wind warnings for England. A red wind warning has been issued only 7 times since 2011

for England, according to the National Severe Weather Warnings Archive (UK Met Office,

2023a). Especially cities like London reached unusually high wind gusts of over 100km/h

by Storm ”Eunice”, e.g., London-Heathrow with 113km/h at 12 pm, 18/02/2022. Media

reported about flying trampolines and that the roof of the O2 arena got damaged (BBC,

2022). The country-wide extreme wind speed on the 18th of February was measured on

the Isle of Portland with 144.5km/h, within the highest category in the Beaufort scale (12),

hurricane force. Reinsurances, like the MunichRe, have afterwards published that these three

mentioned windstorms have caused damage of over US$5.6bn (MunichRe, 2023a, 2023b).

This was a very rare and extreme event for the British Isles and even caused multiple case

studies already to understand the dynamics and prediction of such systems (see, e.g., Volonté

et al., 2023a, 2023b).

The whole of February 2022 was dominated by multiple low-pressure systems intensifying

over the North Atlantic. In the first half of February 2022, the systems decreased in strength
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17th February 2022 18th February 2022 19th February 2022
Storm ”Dudley” Storm ”Eunice” Storm ”Franklin”

Figure 1.1 Weather Maps of the three extreme storms ”Dudley”, ”Eunice” and
”Franklin” from 17th of February 2022 to 19th of February 2022. Maps are ground
analysis of the German Berliner Wetterkarte (first row), from the UK Met Office
(second row) and infrared 10.8 satellite images (third row).

over the European continent. The first cyclonic storm hitting Europe with a centred low

pressure of 970hPa was Storm ”Dudley” on the 16th of February. This extreme cyclone

reached wind speeds with a peak of 129km/h at 4 pm in Capel Curig, Wales, and on

average over 85km/h, Beaufort scale 9 - strong/severe gale, for the whole UK. The weather

chart analysis of the 17th of February (Fig. 1.1) shows already another low-pressure system

generating over the North Atlantic at the frontal system of Storm ”Dudley”. This Storm, now

called ”Eunice”, reaches the British Isles by the 18th of February, roughly around 6 am, with

a central pressure of 975hPa. The frontal system of Storm ”Eunice” is fully developed and
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brings wind speeds of over 100km/h in gust winds over the whole of South-West England.

The centre of cyclone ”Eunice” passed directly over the south of Ireland and caused maximum

winds of 136km/h, 9 am, 18/02/2022, at Roches Point and on average 98km/h on the 18th of

February for whole Ireland. Storm ”Eunice” persists as a strong low-pressure system over the

next 2 to 3 days while moving east and covering Europe. By the end of the 20th of February,

Storm ”Eunice” is located over Russia and reduced its intensity. Storm ”Eunice” caused much

wind-related damage in other European countries, like Germany, with an average wind speed

of 98km/h on the 18th of February. The third strong cyclone, Storm ”Franklin”, reached the

UK with a low pressure of 960hPa north of Scotland by the end of the 20th of February.

1.1 Aim of Study

Events like Storm ”Eunice” are rare but cause billions of Euros in damage. E.g. up to 1.4

billion just for Germany caused by the three storms in February 2022 (AXA Agentur Koller

& Baur, 2022). These events occur on a seasonal time scale, and their damage is mostly

measured on a seasonal average. This study aims to investigate, assess and better understand

available predictions of winter windstorms on a seasonal scale. New investigations are:

• Investigate seasonal forecast skill of winter windstorm characteristics (e.g., storm fre-

quency and intensity)

• Identify the connection of large-scale patterns to windstorm characteristics

• Assessing physical drivers of windstorms and connecting them to the prediction per-

formance

• Understanding the reasons for numerical ensemble forecast model limits (signal-to-noise

paradox) concerning windstorms
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Chapter Two

Literature Overview

• Study about seasonal forecast skill of winter storms
• UKMO model, GloSea5, highest skill for windstorms
• GloSea5 seasonal forecast skill for ENSO, NAO etc. 
• Resolution is not changing much on forecast skill
• First big study to connect cyclones in Lagrangian 
perspective to dynamical factors, like Divergence, EGR

• Extent factors influencing storms into stratosphere
• Less windstorms in years of stratospheric sudden warming
• Big study investigating signal-to-noise paradox by RPC
• Signal-to-noise paradox in multiple parameters, incl. NAO
• Potential cause of signal-to-noise paradox: improved eddy 
feedback, improves ENSO & AO teleconnection

Befort et al. 
(2019)
Scaife et al. 
(2019)
Pinto et al. 
(2009)
Hansen et al. 
(2019)
Scaife & 
Smith (2018)
Hardiman et 
al. (2022)

Forecast Skill

Research 
Institutes

JMA

ECCC

NCEP

Météo France

CMCC

DWD

UK Met Office

ECMWF
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0
0
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Seasonal Forecast Numerical Models
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US Congress open 
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1
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triggers research

1
9
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Chaos Theorem 
by Lorenz

1
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3
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from Rossby and Bjerknes

1
6

5
0

Perpetual Weather 
Calendar by German Abbot

Anchovy Supply in 
Peru (South America)

Genesis 41 - Pharao 
predicts drought

The following chapter aims to summarise the literature on the general topic of seasonal pre-

dictions. It will start with a historical introduction to the long history of seasonal predictions

and use outside numerical ensemble model suites (chapter 2.1). A range of modern numerical

seasonal prediction suites will be described in chapter 2.2, summarising the current operating

seasonal forecast models. Chapter 2.3 will introduce the current state-of-the-art of seasonal

forecast prediction skills for different variables: general meteorological variables, large-scale

patterns like North Atlantic Oscillation (NAO) or El Nino Southern Oscillation (ENSO) and
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existing literature about seasonal extreme event predictions. The second result part of the

thesis (chapter 6) will analyse dynamical factors connected to storms. Current literature

about potential factors will be summarised in chapter 2.4. The literature overview ends with

a summary of the current knowledge about the signal-to-noise paradox (chapter 2.5), which

will be further investigated in the results chapter 7.

2.1 History of Seasonal Prediction

The interest in numerical dynamical forecast models and their utilisation as operational

systems on a seasonal scale is recent for some research centres, and the interest has grown in

the last decades. But the interest in seasonal predictions and observing weather phenomena

on the seasonal time scale started quite early, centuries ago (Troccoli et al., 2008). The

scientific approach of numerically modelling the seasonal scale only started end of the 20th

century (Stockdale, 2000).

It is well known how fishermen in South America, especially Peru, have realised seasonal

variability centuries ago. They have not studied the weather on purpose, but their fish

(anchovy) supply varied around their coasts. This happened especially around Christmas,

which is why they gave this phenomenon the name "El Niño" (Troccoli et al., 2008). There

is little literature on the far-back history of seasonal forecasts before numerical models, but

books like Troccoli et al. (2008) and Board et al. (2016) summarise some key facts in their

introductions. For example, the oral tradition from the Peruvians and the anchovy fishing

or about tribes that used flora and fauna to know about the current states of the atmosphere

and the development of the upcoming seasons (Troccoli et al., 2008). Even the bible includes

long-range predictions already. In Genesis 41, it says that Pharaoh had a dream about a

7-year-long drought. The people prepared for it with food supplies etc. and survived the

drought thanks to the Pharaoh’s dream (Stockdale, 2000). Hence, it is not surprising that a

German abbot observed the weather on a longer time scale in the 1650s. Dr Knauer was one
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2.1. History of Seasonal Prediction

Figure 2.1 Summary of historical pioneers in long-range forecast, taken from
Namias (1968).

of the first to observe weather and created a perpetual weather calendar (Stockdale, 2000).

The first scientific observations and attempts to understand the longer time scales for weather

started in the late 19th century with Teisserenc de Bort, who started investigating the surface

pressure and categorised the first weather types (Namias, 1968). This had further develop-

ment in 1920 with the Grosswetterlagen from Mulanovsky and Baur (see Fig. 2.1, Namias,

1968). Fig. 2.1 summarised by Namias (1968) shows the key research in long-range fore-

casts ongoing from the late 1800s to the mid-1900s. This table mainly focuses on Northern

Hemispheric research, like the discovery of planetary waves from Rossby and Bjerknes in the

late 1930s (Namias, 1968). Rossby’s research in planetary waves and vorticity conservation

was important for understanding large-scale phenomena. But researchers also realised the

importance of longer times scales and larger circulations for the Southern Hemisphere. So

did Walker, for example, investigate the Southern Oscillation as opposite pressure anomalies
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in Sydney and Buenos Aires in 1924 (Stockdale, 2000). In the mid-1950s, large-scale patterns

continued to be studied in the Australian Weather Bureau (Board et al., 2016).

Many attempts at understanding and maybe even reproducing the discovered long-range

phenomenon, like Rossby Waves, ENSO etc., failed and demotivated scientists (Namias,

1968), but with the discovery of the chaos theorem of Lorenz (1963), these failures were

explained (Stockdale, 2000). A strong ENSO event in 1972/73 increased the interest in

understanding this phenomenon, and many scientists investigated again (Troccoli et al.,

2008). This also triggered the first development of dynamical forecast models in the 1980s,

which mainly aimed to predict ENSO correctly (Board et al., 2016). 1997 the US Congress

released their observational data with open access, which was a huge break point for the

model performance (Troccoli et al., 2008). Since then, research centres have worked and

developed their long-range or seasonal forecast suites. A summary of a few recent examples

follows in the next chapter 2.2.

2.2 Seasonal Prediction Model Suites

The interest in seasonal predictions has increased in the last few decades. An overlap of two

major model conceptions is one of the main reasons seasonal forecasts are still developing,

and this time scale is still difficult to predict. While weather forecasts are already quite well

predicted but have to resolve the initial condition problem, climate projections are still less

predictable because of the boundary-value problem (see Fig. 2.2). Seasonal forecasts have

both issues to overcome (Simon et al., 2007), illustrated in Fig. 2.2.

This study mainly focuses on the seasonal forecast model of the UKMO. Still, more re-

search institutes are working on seasonal forecast suites to use in their operational work and

communicate well-predicted meteorological parameters to the general public. This chapter

introduces more available seasonal forecast models, especially available on the Copernicus

Climate Change Service (C3S) archive (Copernicus Climate Change Service, 2023b). As
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Figure 2.2 Meteorological time scales and predictability (combined from Simon
et al. (2007) and German Weather Service (DWD)).

shortly described in chapter 2.1, seasonal forecasting has a long history, but the use of

numerical models and operational use is recent.

Numerical models in general are used to predict the atmospheric state of a later time step by

using the knowledge of the dynamics of the atmosphere (Holton, 2004). High Performance

Computing (HPC) are used to run dynamical complex equations that represent physical

processes in the atmosphere. Essential for a numerical prediction is a correct representation

of these dynamics, the current state of the atmosphere and a good temporal development of

the different processes Holton (2004). Institutes, like the UKMO or the European Centre for

Medium-Range Weather Forecasts (ECMWF) develop and maintain their own global numer-

ical forecasting systems (Hadley Centre Global Environment Model version 3 (HadGEM3)

current version of UKMO and Integrated Forecasting System (IFS) for ECMWF). These sys-

tems are used for all different forecast time scales as ”background” model, followed by more

specific data assimilation, model coupling or downscaling for different forecasts purposes

(UK Met Office, 2023b; ECMWF, 2023b, 2023a):

• Resolution: The models’ final resolution is a computational power and storage issue.
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Downscaling to higher resolutions can be used and is needed for shorter forecast time

scales, like weather predictions, as these are only produced for specific smaller regions.

Longer time scales, more than a month, need the whole interaction of the global model.

Hence, the final resolution will be lower as more capacity is needed.

• Complexity/Coupling: Longer time scales need more complexity in terms of the

full interaction of the atmosphere with other global systems, like ocean or sea ice.

• Data Assimilation: Data assimilation is the concept of adjusting and comparing

a forecast output with newly measured observations. These observations are mainly

satellite data or weather station measurements. The model will be adjusted to these

new observations. This process happens on different scales for different forecast times.

A weather prediction is initialised more often to be closer to reality, while longer time

scales are less often initialised because of computational power.

Some of these mentioned points are also reasons for the different model performances of

different institutes. As described the model resolution is mainly higher in shorter forecast

times, but depending on the institutional computational power the aim is to have the highest

resolution possible in each time scale. The representation of the dynamics and the coupling

of different systems can vary from each research institute and lead to different forecast

performances. The data assimilation is an important part of dynamical numerical prediction

and with that the initial conditions. The atmosphere is a chaotic system and slightly different

starting conditions can result in different outcomes (butterfly effect, Lorenz, 1963). This is

mainly regulated by using an ensemble forecast, meaning the model runs multiple times with

slightly different starting conditions to cover a wider range of possible realities. The number

of used model members can also influence the final forecast.

The following chapter presents different research centres that work with their own seasonal

forecast model and develop it further. Tab 2.1 summarises the individual technical key facts

of the described forecast suites at the end but the following literature overview focuses on
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the models’ output performance rather than the technical details.

2.2.1 UK Met Office - United Kingdom

The UKMO has a long history with seasonal forecasts. At the current state, the UKMO is

operating version 6 of their seasonal forecast model started in February 2021 (Copernicus

Climate Change Service, 2023b), the Global Seasonal Forecasting System version 6 (Coper-

nicus Climate Change Service, 2023a; Williams et al., 2018). The precursors were Met Office

Global Seasonal forecasting system version 5 (GloSea5), operational from January 2012 to

January 2021, and Met Office Global Seasonal forecasting system version 4 (GloSea4), op-

erational from September 2009 to December 2011 (MacLachlan et al., 2015). GloSea5 is the

mainly used seasonal forecast model in this study. More details on how the model is used in

this thesis can be found in chapter 3, Data.

As Met Office Global Seasonal forecasting system version 6 (GloSea6) data is just recently

published, not many studies regarding its forecast skill are available yet. More studies about

GloSea5 or comparisons to GloSea4 are published (e.g., MacLachlan et al., 2015). The

UKMO publishes frequent studies about specific winter or summer seasons and how well

their prediction was for these seasons (e.g., Dunstone et al., 2018a; Scaife et al., 2017a). So

is winter 2015/16 interesting because it was a very wet winter over the UK (Scaife et al.,

2017a). They show that the model, GloSea5, represented the pressure anomalies in December

very well, as well as the strong NAO phase, which all led to extreme precipitations over the

UK. The opposite of this was the following winter season, 2016/17, which was a specific dry

winter for the UK (Dunstone et al., 2018a). This season was less well captured by GloSea5,

as the model shows a skill gap of Mean Sea–Level Pressure (MSLP) near central Europe,

and the important high pressure over the North Sea only emerged end of November.

The UKMO is a well-established research centre and is also included in the C3S of the

ECMWF. This data set is used widely for multi-model studies. The publications of Lledó
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et al. (2020), Portal et al. (2022), and Lee et al. (2020) are examples of using this data set

to investigate different variables and will appear more often in the following parts of this

chapter. A general study about European large-scale patterns in different seasonal forecast

suites is done by Lledó et al. (2020). They investigate NAO, East Atlantic Pattern (EA),

Scandinavian Pattern (SCA) and East Atlantic Western Russia Pattern (EAWR) in all four

seasons and different lead times to the initialisation of the models. The UKMO model, here

GloSea5, performs very well with significant correlation skill and Ranked Probability Skill

Score (RPSS) for NAO and SCA. It performs best in winter, spring and summer, as all

tested models. None of the models shows a skilful forecast for EAWR, and GloSea5 has

difficulties with predicting winter EA as well. Another study investigated the stratosphere

and analysed how different seasonal forecast suites predict the stratospheric polar vortex

(SPV) (Portal et al., 2022). GloSea5 is one of the best-performing models and shows a

significant skill for the polar vortex. They also investigated further into reasoning and showed

that UKMO overestimates the connection between the stratosphere and Quasi-Biennial-

Oscillation (QBO). Another seasonal case study is from Lee et al. (2020). They study the

winter season 2019/20 because of a strong SPV in regards to a strong positive Atlantic

Oscillation (AO). GloSea5 is the most consistent with the AO prediction and has a high skill

for the polar vortex prediction, especially for January to March 2020 (Lee et al., 2020).

2.2.2 European Center for Medium Weather Forecast - Europe

The ECMWF model is within its fifth version, ECMWF’s seasonal forecasting system 5

(SEAS5) and has been operational since November 2017 (Johnson et al., 2019). This version

has a higher resolution and includes a sea-ice model compared to its precursor, ECMWF’s

seasonal forecasting system 4 (SEAS4) (Johnson et al., 2019). First predictability investi-

gations in the first SEAS5 publication from Johnson et al. (2019) show an improvement in

forecast skill of ENSO, the temperature over the tropical Pacific, the north Pacific subtropic
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high and winter troughs over the UK. On the other hand, some variables did not improve or

even decrease performance in comparison between SEAS5 and SEAS4, like the skill of the

NAO index. Other studies also investigate the difference between SEAS5 and SEAS4 and

summarise SEAS5 "outperform" SEAS4 because the temperature forecast skill is almost

perfect, especially for stakeholder important regions, both temperature and precipitation

are well predicted in all four seasons, but precipitation has poor reliability (Manzanas et

al., 2022). SEAS5 has high forecast skills for all large-scale patterns important for Europe,

NAO, AO, EA, SCA (Lledó et al., 2020; Portal et al., 2022) and for the SPV, as most of

the other models as well (Lee et al., 2020). Only the connection of the SPV to the QBO is

underestimated for the ECMWF model (Portal et al., 2022).

The seasonal forecast model series, SEAS, is the official and operational model of the

ECMWF, but Weisheimer et al. (2020) also created a longer seasonal hindcast simulation to

investigate the importance of the time period of the ensemble on predictability. CSF-20C is

based on the ECMWF reanalysis CERA-20C and includes over 100 years, 1901-2010. This

data set shows that even a longer hindcast agrees with the skill of current seasonal forecast

models with the current hindcast length of 20-30 years (Weisheimer et al., 2020).

2.2.3 Météo France - France

Mètèo France (MF) is working on seasonal forecasts since the late 1990s and is operating their

System 8 since 2021 (Batté et al., 2021). The model runs with the atmospheric ARPEGE-

IFS model developed by MF in collaboration with the ECMWF. This atmospheric model

was specially designed for climate projections and seasonal predictions (Déqué et al., 1994).

The MF model is not much investigated (by the knowledge of the author) but included in

the C3S data set and hence, included in some multi-model studies. Lledó et al. (2020) found

no skill in the MF model for either EA or EAWR and Lee et al. (2020) for AO. However, on

a lead time of 0, the winter NAO forecast is skilful (Lledó et al., 2020). Portal et al. (2022)
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and Lee et al. (2020) agree that the MF model does not capture the polar vortex, either in

general or in the winter season of 2019/20.

2.2.4 German Weather Service - Germany

The German Weather Service (DWD) uses their German Climate Forecast System (GCFS)

for seasonal predictions. The GCFS is developed with the Max-Planck Institute (MPI) and

the University of Hamburg (Fröhlich et al., 2021). The MPI-part of the DWD model is

investigated in more detail by Domeisen et al. (2015). They summarise that the model

has a moderate prediction skill for ENSO up to 6 months ahead, but stratospheric sudden

warming (SSW) are not predictable after 2 weeks. As these two factors, ENSO and SSW, are

very important predictors for predictability, years with a strong El Niño and SSW events are

better predicted over Europe (Domeisen et al., 2015). The DWD model is among the forecast

suites that predict the three most dominant large-scale patterns over Europe well, NAO, EA

and SCA (Lledó et al., 2020). However, the magnitude of AO was underestimated in winter

2019/20, but the extreme state of the polar vortex was captured in this year (Lee et al.,

2020). The model shows, in general, a significant seasonal forecast skill for the polar vortex

(Portal et al., 2022). The winter forecast skill (Anomaly correlation coefficient (ACC)) of

the NAO index has improved from 0.2 in GCFS1 to 0.4 in GCFS2 (Fröhlich et al., 2021).

2.2.5 Euro-Mediterranean Center for Climate Change - Italy

The Italian research institute Euro-Mediterranean Center for Climate Change (CMCC) is

already with its third version of a season forecast model, which was updated with slight

changes to CMCC SPS3.5 (Seasonal Prediction System, Version 3.5) in October 2020 (Gualdi

et al., 2020). A detailed investigation regarding the CMCC model is mainly about the

precursor SPS3 by Sanna et al. (2016). They summarise the updates to previous model

versions, like an improved resolution in ocean and atmosphere, better representation of
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ocean, sea ice, and stratosphere and an updated dynamical core of the model by an updated

Earth System Model. They also summarise the first improvements in seasonal forecast skill,

like a persistent high skill for ENSO after initialisation or a NAO correlation skill of 0.5.

Variables like 2m temperature have not improved significantly compared to previous model

versions (Sanna et al., 2016).

The already mentioned studies that include the C3S data also include the CMCC model.

Lledó et al. (2020) investigates the four main large-scale patterns over Europe for the core

winter, DJF, with model initialisation in November and found that CMCC has difficulties

predicting the EAWR or EA pattern. The study about the SPV summarises that CMCC

is one of three models that have significant forecast skill (Portal et al., 2022). Lee et al.

(2020) investigated as well a large-scale pattern over Europe, AO, in connection to the SPV

in winter 2019/20. The CMCC model underestimated the AO magnitude but captured the

extreme state of the polar vortex for this particular winter season.

2.2.6 National Centers for Environmental Prediction - United States

of America

National Centers for Environmental Prediction (NCEP), known for its reanalysis products,

also developed its seasonal forecast model, which was implemented in 2004 and called CFS

version 1 (Saha et al., 2010). The model is based on the same global model as the know NCEP

reanalysis and follows its updates (Saha et al., 2006). The updated version 2, operational

since March 2011, runs 4 times every 5 days for 9 months and even daily for a sub-seasonal

resolution (see Tab. 2.1, Copernicus Climate Change Service, 2023b; Saha et al., 2014). The

CFSv1 model was the first dynamical model in the United States that reached the same

forecast skill for ENSO as previously used statistical seasonal prediction models (Saha et al.,

2010). The study of Saha et al. (2010) investigates some improvements due to the update of

the global model. This shows the Nino3.4 Sea Surface Temperature (SST) is better predicted
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in the new model than in previous statistical models, but the temperature and precipitation

of the Northern Hemisphere are only equal to these statistical models. The temperature

results in a slightly higher skill in summer, probably because of a good representation of soil

moisture flux and the precipitation skill increases in winter because of a closer relationship

to ENSO (Saha et al., 2010). They also suggest that the updated seasonal model could be

of great use for a seasonal hurricane prediction which is of great interest, especially for the

US. NCEP has the model version 2 still in operation and no further updates, to the author’s

knowledge.

Besides the model’s initial publication, other studies used the NCEP seasonal forecast model

and investigated the forecast skill. Like Kim et al. (2012), they compared the CFSv2 with

the UKMO model SEAS4 (precursor of SEAS5). They summarised that both models have

difficulties capturing the winter temperature over the US and Europe. The latter might be

connected to the low forecast skill in NAO which is only 0.16 (correlation) for SEAS4 and

0.25 (correlation) for CFSv2. Lee et al. (2020) included the NCEP model for the first part of

their multi-model study and found the right signal and ensemble spread of the NCEP model

for the winter 2019/20 AO forecast.

2.2.7 Environmental and Climate Change Canada - Canada

The Canadian organisation Environmental and Climate Change Canada (ECCC) has been

using seasonal forecasts since 1995, but just in 2011, they developed their model system

called “Canadian Seasonal to Inter-annual Prediction System” (CanSIPS, Merryfield et al.,

2013). CanSIPS is developed by the Canadian Centre for Climate Modelling and Analysis

(CCCma) and the Numerical Research Division (RPN-Dorval). By changing one of the

two coupled ocean models to the newer GEM-NEMO, they doubled the model ensemble

members to 20 runs (Copernicus Climate Change Service, 2023b). As mentioned in chapter

2.1, the focus of many seasonal forecast suites is the prediction of ENSO. Hence, also for the
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ECCC model, an improvement in ENSO forecast is seen from one model version to another

(Merryfield et al., 2013). Other studies, like Kharin et al. (2009), compared different model

versions of either CCCma or RPN and found that all of them have a high seasonal forecast

skill for temperature, especially with zero lead time, in winter and early summer, and the

improvements are mainly seen over the ocean.

2.2.8 Japan Meteorological Agency - Japan

The Japan Meteorological Agency (JMA) has an older seasonal model in operation. Their

system 2 was developed already in 2015 (Takaya et al., 2018). Version 2 greatly improved

compared to version 1, especially in ENSO forecast skill, because of improved resolution

and better physics for atmosphere, ocean and sea ice. More improvements between version

1 and 2 are described in Takaya et al. (2018), which are, e.g., a higher ACC and lower

Root-Mean-Squared Error (RMSE) for NINO3 SST forecasts. The overall seasonal SST, 2m

temperature and precipitation are better predicted. The winter NAO forecast skill (ACC) of

this seasonal forecast model is roughly 0.2 but increases to 0.65 for the spring season (Saito

et al., 2017). Since 2015 their seasonal model had no update, and not many studies about

the seasonal performance of the JMA seasonal model are available.
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2.3 Seasonal Prediction Skill

The previous chapters introduced the history of seasonal forecast models (chapter 2.1) and

the current state-of-the-art available seasonal models (chapter 2.2). The following chapter

will summarise the existing studies about seasonal prediction skills in three groups, gen-

eral meteorological parameters like temperature or precipitation (chapter 2.3.1), large-scale

patterns like NAO or ENSO (chapter 2.3.2) and extreme events like storms (chapter 2.3.3).

2.3.1 Predictability of Meteorological Variables

Temperature

Dynamical models (as described in chapter 2.2) are assessed for their performance in pre-

dicting parameters like temperature on a seasonal scale. Clark et al. (2017) investigated

seasonal forecasts of temperature and wind speed in GloSea5 and how reliable they are for

the energy sector. They summarise that the direct forecast of these parameters shows a

reliable skill, but also the NAO can be used to predict the required energy parameters.

Multi-model studies find skill for temperatures (Hemri et al., 2020; Mishra et al., 2019). The

latter only find limited skill but with stronger predictions in summer. A robustness test of

the discovered forecast skill made with the ”Signal-to-noise” Paradox (see chapter 2.5) shows

that the temperature skill is reliable (Eade et al., 2014).

Not only numerical dynamical ensemble models are used to investigate temperature on sea-

sonal scales. Previous studies have also used long observation series to analyse temperatures

on a monthly or longer time (e.g., Toreti et al., 2010; Degenhardt & Ólafsson, 2019). Both

studies are regionally restricted, Toreti et al. (2010) for Italy and Degenhardt and Ólafsson

(2019) for Iceland.
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Precipitation

Precipitation is another meteorological factor that is of great interest. Not only because

it is generally difficult to predict, but in the context of this study, tropical precipitation

can be a potential cause for predictability (Scaife et al., 2017b). This tropical precipitation

forecast is strongly skilful on a seasonal scale, especially for the Pacific region (Scaife et al.,

2017b). But also a wet bias has been found, especially for the Indian Ocean and Western

Pacific (Scaife et al., 2019b). Extratropical precipitation is more difficult to forecast than

tropical (Kim et al., 2012). Mishra et al. (2019) find seasonal skill for different models over

different European regions, like the Météo France model is skilful over the UK, Scandinavia

and Italy in winter, SEAS4 and GloSea5 over eastern Europe. The summer precipitation

has been investigated, e.g., in decadal forecast suites and summarised as skilful (Dunstone

et al., 2018b).

Other Parameter

MSLP is also very important, especially for the extra-tropical weather. Hence, models that

predict the seasonally averaged MSLP well, can be useful. Studies like Scaife et al. (2017a)

investigated whole winter seasons, incl. the general pressure pattern, and found a good

representation for December. The prediction of this parameter is as well as temperature and

precipitation reliable (Eade et al., 2014). The pressure pattern is related to wind speeds,

which are skilful and reliable in a seasonal forecast model, like GloSea5, but tend to be

underconfident (Clark et al., 2017). Other winter seasons, 2009/10, are used for case studies

in the stratosphere and found skilful seasonal forecasts of SSW (Fereday et al., 2012).

2.3.2 Predictability of large-scale pattern

Large-scale patterns or teleconnection patterns are the main drivers of the atmosphere.

Hence, a skilful prediction of these is the key to a skilful prediction in general. As described
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in chapter 2.1, ENSO was one of the first phenomenons that triggered the investigation in the

seasonal time scale. But other large-scale patterns, like NAO, are important and required to

be skilful in a seasonal forecast suite to ensure skilful forecasts of the extra-tropics, Europe

(Smith et al., 2020).

ENSO

One main focus in each research centre is the right prediction of ENSO or an improvement of

the previously existing forecast of ENSO in new model versions. This is documented for the

UKMO model GloSea5 (Scaife et al., 2014) and, for example, the DWD model (Domeisen

et al., 2015). Reaching a confident forecast skill for a specific factor can also be used to

investigate changes in this skill in other settings. Scaife et al. (2019a) used the known

ENSO forecast skill and changed the models’ resolution to investigate its influence. They

show that both resolutions (higher and lower) show a similar ENSO forecast skill, and both

are still overconfident with the amplitude of ENSO. Jin et al. (2008) shows that a multi-

model approach of ten different coupled general circulation models already has a NINO3.4

SST skill of 0.86 (anomaly correlation coefficient) but still highly depends on the season,

ENSO phase and strength. With further model improvements, like higher resolutions or

fully coupled ocean-atmosphere systems, the ENSO seasons of 2002 to 2011 were highly

predictable (Barnston et al., 2012). Even the prediction of the different individual ENSO

types has been investigated (Ren et al., 2019), but have not been very well predicted after a

month lead time.

NAO

The AO and NAO are the most dominant large-scale patterns for the North Hemispheric

extratropics. Sometimes the forecast skill is investigated together as they are strongly linked

(Ambaum et al., 2001). Both NAO and AO are mainly well predicted in seasonal forecast

ensemble models (Athanasiadis et al., 2017; Nie et al., 2019b; Tang et al., 2007). This well-
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predicted parameter can be used to investigate more questions, like what the forecast skill

depends on. Athanasiadis et al. (2017) summarise with the AO/NAO skill, that forecast skill

depends on hindcast period and ensemble size. Nie et al. (2019b) connected the AO/NAO

prediction to the stratosphere and found an influence from upper stratospheric zonal winds

on the AO/NAO prediction. But also, the reliability of the forecast skill is still under

investigation (Tang et al., 2007). Some studies investigate the NAO individually. A previous

study with GloSea4 and ERA-interim find a forecast skill correlation of 0.62 for winter NAO

(Scaife et al., 2014), which is consistent in GloSea5 (Walz et al., 2018b). An ECMWF model

had only an ACC of 0.31 for over 110 winters (Weisheimer et al., 2017). Baker et al. (2018)

and Eade et al. (2014) found that the NAO forecast is underconfident in its prediction, which

means the unpredictable noise is too high in the model. These skill values also depend on the

different available definitions of the NAO index (see Baker et al., 2018; Lledó et al., 2022).

The seasonal forecast model, SEAS4, has a NAO forecast skill of 0.32 (as correlation) if

calculated grid-cell-based with Lisbon and Reykjavik and 0.49 (correlation) if the Empirical

Orthogonal Function (EOF) definition is used (Walz et al., 2018b).

Other large-scale patterns

Some studies investigated more than the first EOF representing NAO, hence, EA, SCA and

EAWR (Lledó et al., 2022; Lledó et al., 2020). They used a multi-model approach and

summarised that mostly winter, spring and summer are well-predicted seasons, but mainly

for NAO, EA and SCA. Another study also used the EOF approach to calculate the large-

scale patterns but focused on the EOF patterns, which are different for the reanalysis and

the used seasonal model, SEAS4 (Walz et al., 2018b).
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2.3.3 Predictability of extreme events

A very early study by Renggli et al. (2011) investigated the seasonal forecasts of extreme

events, like windstorms. They used the DEMETER and ENSEMBLE project data sets

to investigate the seasonal forecast skill of storm track densities. Already different skill

scores were used, like RPSS or Relative Operating Characteristics (ROC) (see chapter 4.3.1).

The storm frequency per season was well represented. Hence, a significant skill score was

only found for this storm parameter and not intensities (Renggli et al., 2011). However,

a slight overestimation and south-westward shift of the model tracks were found. Recent

studies used the mentioned seasonal forecast suites from chapter 2.2. While Befort et al.

(2019) investigated the forecast skill of cyclone and windstorm frequencies in different models

directly, other publications focused more on the influence of different factors on seasonal

windstorm predictions (Walz et al., 2018a; Walz et al., 2018b; Hansen et al., 2019). The

direct forecast skill of cyclones and windstorms shows that models like GloSea5 overestimate

the numbers of all tracked cyclones and shows the highest skill for windstorm frequency over

Europe. Not only tracked events but also the dynamical components for a rare extreme event,

cyclone clustering, are well forecasted on a seasonal scale (Priestley et al., 2018). Factors

like the 10 dominant EOFs of geopotential height over Europe or sea ice have been used to

find the dominant drivers for windstorms over Europe (Walz et al., 2018a). They created a

so-called ”map of drivers” which shows that SCA is the dominant driver for windstorms over

a majority of Europe with an explanatory variance of over 40% (see Walz et al., 2018a, their

Fig. 3a & b). But also, the stratosphere influences the surface windstorms over Europe.

Hansen et al. (2019) found a perfect forecast of the stratosphere can improve the seasonal

forecast of severe storms from Greenland over the British Isles to Northern Europe.

Other studies have investigated different meteorological extreme events, like heatwaves, wild-

fires or flooding, on slightly different time scales, like sub-seasonal (Domeisen et al., 2022;

Marshall et al., 2022) or decadal (Moulds et al., 2023) scales. Domeisen et al. (2022) sum-
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marise the predictability of individual case studies of multiple extreme events, like heatwaves,

cold spells, extreme precipitation and tropical and extratropical cyclones. They find a good

forecast of these extreme events on their time scale roughly 2 to 3 weeks in advance. Marshall

et al. (2022) investigates more regionally based on Australian wildfires and their connection

to large-scale patterns, like the Indian Ocean Dipole (IOD), South Annual Mode, ENSO,

Madden-Julian Oscillation (MJO). Moulds et al. (2023) used a large model ensemble of

CMIP5 and CMIP6 models to investigate the flooding predictions for UK. They find more

skill in flood predictions over the UK using a member-sub-sample with well-represented

NAO. These studies have not been summarised further, as sub-seasonal and decadal data

sets differ from seasonal forecast data. Still, the author wanted to mention at least other

extreme event studies close to seasonal predictions.

2.4 Drivers/Factors for extreme events

The second focus of this thesis is the investigation of dynamical factors that influence wind-

storms and windstorm prediction skills in seasonal forecasts. Previous studies have already

analysed large-scale patterns or factors influencing cyclones or windstorms (see Befort et al.,

2019; Walz et al., 2018b; Walz et al., 2018a). This is a general literature overview of influ-

encing factors for cyclones or windstorms. A more detailed description of the used factors

can be found in the introduction of chapter 6.1.

Pinto et al. (2008) investigated (extreme) cyclones in connection to the NAO and summarized

that extreme cyclones have higher intensities (deeper cores) and longer lifetimes (longer track

lengths) in a strongly positive NAO phase. This agrees with findings for windstorms, as a

strong positive NAO occurs on 20% of storm days (Donat et al., 2010). The general weather

type can be of influence for cyclones and windstorms (Donat et al., 2010), as 80% of storms

appear in a westerly flow over Europe. But Donat et al. (2010) investigated that the westerly

flow has a higher impact on the location of the storm, and hence the frequency and north-
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westerly flow influence the intensity of storms more. But not only the NAO is of importance

for European weather. The NAO is the dominant driver over the northern North Atlantic and

northern UK, and SCA is the main reason for the windstorm variability over Central Europe,

including southern England and the Northern Atlantic (Walz et al., 2018a). Besides the large-

scale patterns and weather types, dynamical factors are important for the development and

process of storms. Pinto et al. (2008) investigated a summary of factors, like the jet stream in

250hPa (jet250), Eady Growth Rate (EGR) in 400hPa (σ400), Divergence in 250hPa (div250)

and equivalent potential temperature (Θe), which influence the growth of extreme cyclones.

These factors are investigated on a regional scale (jet250 & σ400) or with a Lagrangian view

(div250 & Θe). Another factor that might influence storms, specifically cyclone clustering, is

the Rossby Wave Breaking (RWB) (Pinto et al., 2014; Priestley et al., 2017a; Karremann &

Pinto, 2020). Studies showed that an extended eddy-driven jet towards Western Europe for

at least one-week favours clustering of extreme cyclones (Pinto et al., 2014). Priestley et al.

(2017a) describes in more detail that this extended jet stays in the position because of the

RWB north and south of it, especially around 55◦N. If the RWB is stronger in the south of

the jet, the extreme cyclone clustering happens further north (around 65◦N), and a stronger

RWB north of the jet causes the clustering at around 45◦N (Priestley et al., 2017a). This

has also been shown in a case study for the winter season 2013/14, which was a very intense

season regarding cyclone clustering (Priestley et al., 2017b). The influence of cyclones and

windstorms is not restricted to the troposphere. Hansen et al. (2019) found that seasons

with SSW are seasons with less severe windstorms and vice versa. They connected this link

between windstorms and SSW to seasonal forecast predictions and find an improvement in

windstorm prediction over Greenland and the British Isles, when the stratosphere is well

predicted. Some of these mentioned factors above are also shown in individual case studies.

For example, the explosive intensification of Storm ”Kyrill ” in January 2007 was caused by

a very strong and zonal jet (Fink et al., 2009). Additional factors like dry air intrusions over

the occlusion, additional cold fronts and a strong pre-existing MSLP gradient over Europe
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kept Storm ”Kyrill ” strong until Eastern Europe and increased the total damage (Fink et al.,

2009).

2.5 Signal-to-noise paradox

A very interesting phenomenon in long-range model forecast data was discovered by Eade

et al. (2014) and further investigated by Scaife and Smith (2018). They found the so-called

”signal-to-noise paradox”. This paradox shows with statistical measures (see chapter 4.3.1)

that the models’ ensemble mean predicts the real world better than their individual model

members. This means the model would be limited and not reach the potential forecast skill.

Scaife and Smith (2018) analysed the NAO and AO in the seasonal forecast model GloSea5.

They show that, especially over the North Atlantic, the correlation between the model mean,

and observations is higher than between the model mean and one individual member of the

model itself. That means the Ratio of Predictable Components (RPC), as a measure for the

signal-to-noise paradox, is much higher than 1 for the NAO. Their summary shows that not

every ensemble member is an equivalent representation of the real world. The Scaife and

Smith (2018) paper is based on the investigation from Eade et al. (2014). They established

the RPC equation (Eq. 4.12) and found that the RPC is not significantly different to

1 (perfect) for 70% of grid points in GloSea5 and 57% in Met Office decadal prediction

system (DePreSys) (year 2-5) for surface temperature, MSLP and precipitation. Other

papers found some discrepancy in the skill/RPC as well, e.g., Dunstone et al. (2018b) for

European summer precipitation, Jin (2022) in the ENSO prediction and Scaife et al. (2019b)

for tropical precipitation. The latter even find the signal-to-noise paradox stronger in the

tropics, especially the Indian Ocean, than in the extratropics. Sévellec and Drijfhout (2019)

investigated a regional difference in the signal-to-noise paradox and found that over 70% of

the grid cells with a high RPC for surface temperature are located over the ocean. Decadal

data sets have been tested, and the signal-to-noise paradox has been found (e.g., Zhang

26



2.5. Signal-to-noise paradox

et al., 2021b).

Another study about the signal-to-noise paradox is published by Weisheimer et al. (2019).

They compared the RPC method from Scaife and Smith (2018) with other statistical mea-

sures. They used a perfect model approach and agreed that a perfect model would have

a RPC equals 1, but also a RMSE that equals the spread of the model mean (σensmean).

Hence, Weisheimer et al. (2019) analysed the signal-to-noise paradox with the relation be-

tween RMSE and σensmean.

One way of studying the signal-to-noise paradox is to investigate its existence in different

data sets, different parameters or different time scales. Another part is to investigate the

cause or solve the problem. Multiple hypotheses exist about what could cause or even

increase the signal-to-noise paradox. For example, Parker et al. (2019) mention that the link

between jet location and NAO index might not be completely right in the model. Scaife

et al. (2019b) suggests that improving the tropical-extratropical interaction might improve

(increase) the seasonal forecast skill and (decrease) the RPC. Others suggest that the signal-

to-noise paradox is influenced by the ENSO growth rate (Jin, 2022), by too weak eddy

feedback (Hardiman et al., 2022), by mesoscale ocean features (Zhang et al., 2021b) or by

the initial ensemble spread relative to observational spread (Mayer et al., 2021). The latter

has investigated the signal-to-noise paradox in a theoretical Lorenz model (Lorenz, 1963)

and also discovered that the signal-to-noise paradox is not appearing in the model when the

ensemble spread equals the observational spread. This agrees with other investigations that

conclude the signal-to-noise paradox is more a general model issue than, e.g., an initialisation

problem (Zhang & Kirtman, 2019; Zhang et al., 2021b). However, multiple studies have

investigated the signal-to-noise paradox, but it is not fully understood or solved yet.
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Chapter Three

Data

Hindcast - GloSea5

Init. Stormseason

Nov FebDec Jan

Reanalysis - ERA5

High Performance Computing
Birmingham Environment for Academic
Research (BlueBEAR)
Programming with Linux/Shell, CDO, etc.

ERA5: available on Server
GloSea5: 4TB only raw data
Surface, 850hPa, 700hPa, 500hPa,
400hPa, 300hPa, 200hPa, 100hPa

After postprocessing: 880GB
More details see Chapter 4
(Methodology)
Plotting and Statistics with R
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Processing
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East Atlantic
Pattern
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North Atlantic
Oscillation

Large-scale Patterns

Storm Parameters

Postprocessing

The following chapter summarises the two core data sets used for this study and compares

them to previous versions. The reference data is the latest reanalysis of the ECMWF,

Reanalysis Data Set ERA5 (ERA5), for all predictability studies and used as a possible

representation of reality (Chapter 3.1). The investigation aims to understand the seasonal

forecast of severe winter windstorms. This study is focused on the seasonal forecast model

of the UKMO, GloSea5 (Chapter 3.2).
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3.1 Reanalysis Data Set - ERA5

ERA5 is the latest observational reanalysis of the ECMWF. It is an update of the reanal-

ysis ERA-interim (Dee et al., 2011). Hersbach et al. (2019) shows the differences between

these two data sets. The main improvements which could lead to an even more accurate

representation of the real-world state are:

• a higher spatial resolution (0.7 degree - ERAint vs 0.25 degree - ERA5)

• new and more observations

These three improvements might lead to a better resolution of real-world storms in the

reference data set. This means the reanalysis represents reality better. Hence, a skilful

prediction would be more meaningful because it is compared to a close-to-reality data set.

A more detailed explanation of ERA5 is given in Hersbach et al. (2019). ERA5 is available

from 1940 to the present on the C3S server. The spatial resolution is a T639 grid, which

resolves in 0.25◦x0.25◦. First publications compare ERA5 to ERAint or other observational

data sets to understand the new representation of ERA5, e.g. Hersbach et al. (2019), Olau-

son (2018), and Hoffmann et al. (2019). Hersbach et al. (2019) summarises that the higher

resolution can represent smaller patterns of, e.g., precipitation or vertical temperature pro-

file better than other data sets. The study from Olauson (2018) compares ERA5 to another

commonly used reanalysis, MERRA-2, for predicting wind energy parameters. They sum-

marise that ERA5 performs in multiple measures better than the other data set, with more

skill and fewer errors for wind power generations.

3.2 Seasonal Forecast Systems - UKMO GloSea5

The seasonal forecast model, which is used in this study, is GloSea5 from the UKMO based

on the HadGEM3. GloSea5 replaced its precursor GloSea4 in January 2013 (MacLachlan et

al., 2015). Same as described between ERAint and ERA5, GloSea5 was an enhancement of
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the before used GloSea4. The higher spatial resolution of the model and a higher resolution

of the orography inside the model leads to an increase of the forecast skill in GloSea5 for

parameters like SST or surface temperature (MacLachlan et al., 2015). The GloSea5 data

set is explained in MacLachlan et al. (2015). They also show a distribution map of tropical

storms over the Atlantic and see a well-represented pattern in GloSea5, but the amount of

storms is still too low in the model mean. Many publications investigated the predictability

skill in GloSea5 for different parameters, e.g. Scaife et al. (2014), Befort et al. (2019), and

Scaife et al. (2019a). While MacLachlan et al. (2015) summaries general parameters like the

SST or MSLP, studies like Scaife et al. (2014) show a high forecast skill in the large-scale

pattern NAO in GloSea5. Storms (extreme cyclones and windstorms) have been investigated

by Befort et al. (2019). They find high forecast skill of windstorm frequency south of the

British Isles in GloSea5. But in general, all publications which compare different data sets

with GloSea5 show a higher predictability skill in GloSea5 for different parameters. As one

example, Scaife et al. (2014) found more skill in ENSO and NAO forecast for GloSea5 than

in GloSea4. UKMO released a new version of their seasonal forecast model, GloSea6. This is

now the operational seasonal forecast model of the UKMO. It is based on the latest version

of the HadGEM3. This study continued with investigating GloSea5, even after GloSea6 was

released, to be consistent throughout the study.

GloSea5 hindcasts are produced on-the-fly, meaning close to the real-time forecast (Coperni-

cus Climate Change Service, 2023b). Four initialisation dates exist per month (1st, 9th, 17th

& 25th). As this study is investigating the core winter, DJF, the three initialisations around

the 1st of November are used (25th October, 1st & 9th November). These initialisation are

used to consider the model noise right after initialisation. The first few weeks of a seasonal

forecast model are more influenced by the initial conditions, afterwards by the boundary

forcing (Kharin et al., 2001; Kharin & Zwiers, 2001). Both Kharin et al. (2001) and Kharin

and Zwiers (2001) show that the later time period, after 15 days, shows higher forecast skill.

The skill is also highly sensitive to the number of ensemble members (Kharin et al., 2001).
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They find higher skill with up to 24 members. Hence, the data set used in this study will

be used with 63 members and with a lead time of 2 to 4 months. GloSea5 is available from

1993 to 2016 on the C3S server with a spatial resolution of 1◦x1◦ but originally is produced

on an N216 grid (0.83◦x0.55◦).

3.3 Data availability, use and capacity

All data are stored, and the calculations are run on the HPC of the University of Birmingham,

Birmingham Environment for Academic Research (BlueBEAR). GloSea5 data is available

on the C3S server (Copernicus Climate Change Service, 2023c) hosted by the ECMWF. The

used GloSea5 data is roughly 4 TB of raw data.

After the first processing step, tracking windstorms in ERA5 and GloSea5, storm data of

around 880 GB were available on BlueBEAR. The used and downloaded different variables

on respective pressure levels for the whole study can be found in Tab 3.1 and will be named

in the respective chapters.

Table 3.1 Summary of used variables in ERA5 and GloSea5.

ERA5 & GloSea5
single level 10m Wind Speed, MSLP, SST, Precipitation

multiple levels Geopotential Height, Temperature, U- & V-Wind Component
850hPa, 700hPa, 500hPa, 400hPa, 300hPa, 200hPa, 100hPa
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Applied and Tested Methods
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The following chapter will introduce the general methods used in all individual studies. More

result-chapter-related detailed methods can be found in the respective chapters. The first

part will describe the algorithms used to track windstorms (chapter 4.1). The following chap-

ter will explain the used Empirical Orthogonal Function analysis used for large-scale patterns

(chapter 4.2). Chapter 4.3 will summarize the used statistics, different skill measures/scores,

and different types of correlations.

33



4. Applied and Tested Methods

4.1 Tracking

The work focuses on severe synoptic-scale European windstorms. Many different definitions

of cyclones as storms are used in the scientific community (Neu et al., 2013), but this study

investigates the 2% strongest wind events near the surface. This allows the tracking of

impact-based extreme events, right at the target region (the surface) which is more relevant

for end-users like insurance companies. These events will be identified for each time step in

the different data sets by creating tracks and calculating a severity measure per storm.

4.1.1 Windstorm Tracking

The algorithm used in this work was developed by Leckebusch et al. (2008b). Other al-

gorithms like the cyclone tracking from Murray and Simmonds (1991) are based on the

pressure in the physical description of extra-tropical cyclones. The windstorm algorithm

from Leckebusch et al. (2008b) focuses on the wind speed near the surface. Thus, the Sever-

ity Storm Index (SSI) from Leckebusch et al. (2008b) is a more impact-based scale. The SSI

is calculated as:

SSIT,K =
T∑
t

K∑
k

[(
max

(
0,

vk,t
vPerc,k

− 1

))3

· Ak

]
(4.1)

A local cubic exceedance of the near-surface wind speed (v) over a local percentile (vPerc) is

used to determine the severity of the storm. These exceedances are weighted with the area

(Ak) and added up over every time step (T ) and grid point (K).

The 10m wind is the recommended variable to use, as it represents the wind speed which

causes damage on the surface. The 98% percentile for each grid point individually is calcu-

lated as the local threshold. This is a valid reference to loss-causing wind speeds (Klawa &

Ulbrich, 2003). The first step of the algorithm from Leckebusch et al. (2008b) is locating

areas with high wind speeds (top 2%). If an area exceeds a certain minimum threshold (see

Tab. 4.1), the ”centre of mass” will be set as windstorm track location. This detection of

high wind fields is calculated per time step. A cohesive windstorm track is built with the
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4.1. Tracking

Table 4.1 Important settings for WTrack (windstorm algorithm) established from
Leckebusch et al. (2008b)

Shortcut Description Value
minarea Minimum coherent clustered area, the

wind needs to exceed the 98% Per-
centile

130000 km2

mindur The minimum time steps a windstorm
has to be tracked

8 (=2 days)

max_translatdist The maximum distance a windstorm
can travel between two timesteps

600 km

maxlength The maximum length in time steps of
a windstorm

120

nearest neighbour approach and a minimum overlapping region as criterion.

The output of this algorithm includes two results, which together describe the whole charac-

teristic of the windstorm. One result is the track table which includes all information about

the storm tracks, identification number, time step, location (lon, lat) of the centre of mass

and the storm’s severity at this time step. The second output is the footprint data which is

a NetCDF file which includes storm information on a grid-cell level. This means each grid

cell has the storm track identification number to show all the grid cells that this windstorm

included or the grid-cell-individual storm’s severity on this location at each time step of the

storm. Both track table and footprint are used in this study to create storm parameters for

the different studies.

4.1.2 Storm Frequency

The track table includes all individual tracks of a windstorm season and is used to create

seasonal climatologies called storm frequency. This is further developed and explained in

more detail by Kruschke et al. (2014) and Kruschke (2015). The storm frequency shows the

number of storms per season (in this study, the main winter season - DJF) per grid cell.

The calculation is re-gridding the study area (parameter res in Tab. 4.2) to reduce the noise
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of neighbouring grid cells. Storms are counted per grid cell with an extended, pre-defined

radius around each specific grid cell (parameter maxdist in Tab. 4.2) to cover the total

impact area of the storm. The storm frequency results from the number of storms crossing

this radius per grid cell. The settings for this study are shown in Tab. 4.2.

Table 4.2 Settings for calculating storm
frequency.

Shortcut Description Value
res resolution, the new

grid size
2.5◦

maxdist The maximum dis-
tance for counting
events (radius)

700km

The following validation study assesses these

settings and the basic data sets used in this

study. The figures are presented and pub-

lished at the European Geoscience Union

General Assembly (EGU) conference 2020

(see Degenhardt et al., 2020). The valida-

tion study was used to investigate two core

questions for the method.

1. Which influence have different data set parameters, like different observational data

sets, different tracking levels or different temporal resolutions on the seasonal forecast

skill of windstorm frequency?

2. What influence does the storm frequency radius have on the seasonal forecast skill of

severe winter windstorms?

The validation study investigates storm frequency prediction skill dependent on different

data sets and storm frequency settings (Fig. 4.1). The following changes have been assessed:

• Change of the seasonal forecast model version (GloSea5 GA3 → GC2)

• Change of the tracking level (12h, 925hPa → 6h, 10m)

• Change of the storm count radius (700km → 1000km)

• Change in the observational reanalysis data (ERAint → ERA5)

The first change from GloSea5 version GA3 to GC2 indicates directly that the data set and

even a slight model change can be very influential on the forecast skill. The GA3 forecast

skill is mainly over the Biscay and Scandinavia, while the GC2 has the strongest skill over the
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4.1. Tracking

e) GloSea5 GC2 – ERA5
6h; 10m; 1993-2013

1000km radius

d) GloSea5 GC2 – ERAint
6h; 10m; 1993-2016

700km radius

c) GloSea5 GC2 – ERAint
6h; 10m; 1993-2016

1000km radius

b) GloSea5 GC2 – ERAint
12h; 925hPa; 1993-2013

700km radius

a) GloSea5 GA3 – ERAint
12h; 925hPa; 1992-2011

700km radius

Figure 4.1 Kendall Correlation as skill measure to investigate seasonal forecast skill
of severe winter windstorm frequencies for different data combinations and settings.
95% significance tested with a Kendall-correlation test and marked with dots.

British Isles (Fig. 4.1). A change in the tracking level and temporal resolution of the data

(12h, 925hPa → 6h, 10m, see Fig. 4.1 panel b & d) is causing an increase in the significant

forecast skill over the British Isles. But the general pattern is still similar, which shows that
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the tracking algorithm from Leckebusch et al. (2008b) is also suitable to track 12-hourly

data on 925hPa (e.g., used in Befort et al., 2019). Initially, the algorithm is established for

6-hourly data and 10m wind speed, which results in stronger forecast skill (see Fig. 4.2d).

The change in radii is investigated in smaller steps in Fig. 4.2. Fig. 4.1 shows the change

in forecast skill from 700km to 1000km radius, which is only minor compared to the other

changes. The last change is within the observational data set used as a reference for the

forecast skill. The forecast skill compared to ERAint shows a coherent region of positive

skill downstream of the windstorm track. When ERA5 is used as a reference, this is slightly

decreasing, but the skill over Scandinavia and Russia is increasing.

The second question is investigated using the data sets GloSea5 GC2 and ERA-interim from

1993 to 2013, in 6-hourly resolution and with 10m wind speed as a tracking variable. Storm

counts with a lower radius include fewer storms per grid cell because the target area is

smaller. This is also causing more noise from one grid cell to another. A very high radius

would count a lot of storms on one particular grid cell, maybe even when the storm is too

far away to impact that grid cell location. This frequency pattern would be more spatially

smoothed than with smaller radii.

Fig. 4.2 shows the different resulting Kendall correlations for the different radii, used to

count storms. With a focus on the British Isles and central Europe, which is the target

region for this study, it is seen that the forecast skill varies over the different radii. While

a small radius, like 300 km, shows very scattered signals and few significant values, a high

radius, like 1000 km, shows a big coherent region of positive skill with significant grid cells.

Multiple potential explanations exist for this. A smaller radius is counting fewer storms per

grid cell, hence, has a lower interannual variability than a bigger radius at an individual grid

cell. It is more difficult for the statistical measure to predict smaller anomalies. A larger

radii, count more storms within one grid cell, but the bigger radius also smooths the spatial

variability, which could lead to less spatial variability per grid cell. Another problem occurs

if using a too-big radius, as this could include storms which are more distant and which do
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1000 km900 km

800 km700 km

600 km500 km

400 km300 km

Figure 4.2 Kendall Correlation as skill measure to investigate seasonal forecast
skill of severe winter windstorm frequencies for different storm frequency counting
radii, ERA-interim and GloSea5 GC2 ensemble mean for DJF, 1993-2013, 6hourly
resolution of 10m wind speed used for tracking. 95% significance tested with a
Kendall-correlation test and marked with dots.
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not have a big impact on the grid cell anymore. This validation of radii concludes that a

too-small or too-large radius for counting windstorms can result in different forecast skills.

To avoid over- or under-prediction and to take the physics of a storm into account, this study

continues with a radius of 700 km. This is in line with previous studies (e.g. Kruschke, 2015;

Befort et al., 2019).

None of the validated results in this chapter are the final used combination for the results

chapters. The following study is continued with GloSea5 GC2, as this was the latest available

version and the operational version of the model when the study started (see Fig. 5.2, chapter

5.1.4). This validation aimed, before using the final combination, to verify and assess different

settings and understand the influence of different settings on the resulting seasonal forecast

skill. The observational data set is ERA5, as this is the latest available re-analysis and

with a higher resolution potentially the more accurate reality. The windstorm tracking is

calculated with a 6-hourly 10m wind speed, as the initial algorithm intended, and the storm

count is done with a 700km radius to represent the spatial extent of severe windstorms most

adequately (Kruschke, 2015).

4.1.3 Storm Severity Measures

The previously mentioned footprint of each storm is used to develop two storm intensity

measures that can be investigated for seasonal forecast skill. Therefore, the total storm

severity (calculated by Eq. 4.1) of the individual storm (Event SSI (ESSI)) is assigned to

each grid cell of the storm’s footprint. All these grid cells are individually accumulated over

each winter season and smoothed as an average with the 8 surrounding grid cells. This

process of smoothing the ESSI has the same intention as the re-gridding of the storm counts,

to reduce the single grid-cell noise. The simple accumulation over all time steps per season

is the first severity measure in the following study, called seasonal averaged ESSI (ESSIa).

The second severity measure is the ESSIa standardised by the number of storms that crossed
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this grid cell, standardised seasonal storm-count ESSI (ESSIs). The ESSIa is a measure for

the total severity of the storm season. The ESSIs is an average storm severity of an average

single storm of that season. Both measures are used in the following studies to investigate

the seasonal forecast skill of severe winter windstorm characteristics.

4.2 EOF Analysis

Atmospheric large-scale patterns are analysed concerning their connection to windstorms

and how they influence storm prediction skill. It is known that the dominant large-scale

pattern for Europe is the NAO. The NAO is described by Hurrell et al. (2001) as a climate

variability from the east cost North America to Siberia and from the Arctic to the subtropical

Atlantic, which is visible in surface parameters but also the troposphere and stratosphere.

There are different ways to calculate the NAO. Leckebusch et al. (2008a) summarize some

commonly used ways for the NAO index. The station-based method (pressure anomaly

between Iceland and Azores, Hurrell, 1995) is more useful for investigations including long

time series but does not take into account that the centre of action of the NAO can vary

(Leckebusch et al., 2008a). Another method discussed in Leckebusch et al. (2008a) is the

EOF method. This method leads to two different results, the index of the pattern, due to

the Principle Component Analysis (PCA), and a spatial view, resulting from the EOF. This

method is used in this study as the EOF leads to multiple large-scale patterns. Hence, this

makes large-scale patterns more comparable as they are based on the same calculation. The

resulting large-scale patterns are more robust, as even with a potential model bias in the

patterns (EOF), the large-scale pattern index (PCA) can be extracted. Scientific institutes,

like National Oceanic and Atmospheric Administration (NOAA), also use a way of EOF and

PCA (National Weather Service Climate Prediction Center, 2005).

A more theoretical explanation of the EOF analysis can be found in Wilks (2011), who

explains the EOF or PCA as reducing the number of variables in a data set with linear
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combinations of these variables, to get uncorrelated new variables representing the same

amount of temporal variability. The first PCA contains the most variability of the data

set, the second PCA the second most and so on. The EOF patterns, as eigenvectors of

the covariance matrix, aim to summarise the maximum amount of total temporal variance

(Ambaum et al., 2001).

A more meteorology-connected explanation of EOF analysis in regards to the NAO is given

by Hurrell et al. (2003), Ambaum et al. (2001), and Ulbrich and Christoph (1999). They

explain more specifically that the analysis of the MSLP field shows in the first EOF, with the

most variability, the pattern of the AO/NAO (Ambaum et al., 2001; Ulbrich & Christoph,

1999). This leads to two quantities, the NAO index, as in the station-based approach, and

the model’s individual spatial pattern of the NAO.

The scripts to calculate the EOF analysis are based on Climate Data Operators (CDO)

(Schulzweida et al., 2019) and were previously used similarly, e.g., in Walz et al. (2018b).

They investigated large-scale drivers influencing windstorms. Therefore, they calculated 9

EOFs of monthly MSLP for the Northern Hemisphere. The nomenclature was used as given

from NOAA, and this will be used in this study as well. The EOF method has been chosen

for calculating the large-scale patterns over Europe and the North Atlantic region (100◦W

– 40◦E, 30◦ – 75◦N, see Fig. B.1 in Appendix B from chapter 5.1). It is the most suitable

method to investigate multiple large-scale patterns at once and the most suitable for shorter

time series, as only 23 hindcast years are used. Due to the EOF analysis, it is also possible

to make both data sets, reanalysis and ensemble model, comparable. Therefore, both EOF

patterns can be compared, and if they are similar, hence, no model bias exists, the reanalysis

pattern can be used to project model data onto the same pattern.
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4.3 Statistics

The following descriptions of used statistics are based on Wilks (2011). The chapter is

separated into two parts. At first, different skill scores are summarized. Followed by an

explanation of general correlation and different possible methods. The described measures

are chosen by summarising the methods of published papers which also investigate forecast

skills, listed in Tab. A.1 in Appendix A.

4.3.1 Skill Scores

Table 4.3 Summary of skill measures depending
on forecast method and data format (Wilks, 2011;
Mason & Stephenson, 2008).

Probabilistic Non-
Probabilistic

Discrete ROC(SS),
RPS(S)

2x2 Contin-
gency tab

Continuous CRPS MSE, RMSE

The main purpose of this study is to

analyse the predictability of extreme

windstorms in long-time forecasts.

The best way to assess the variance

between a model prediction and the

observed data set (reference) is fore-

cast skills (Wilks, 2011). These are

mostly presented as skill scores of

the individual skill factor (A), in comparison to a reference (ARef ) and the perfect result for

this individual measure (APerf ):

SS =
A− ARef

APerf − ARef

. (4.2)

Skill scores show in percentage how much the forecast is improved over the reference forecast,

scaled from 0 to 1 (Wilks, 2011). The following parts will describe different forecast skills in

more detail. The skill score used depends on the given categories of forecast and data. Tab.

4.3 summarises and categorises the following skill scores according to Wilks (2011).
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Mean-Squared Error (MSE)

The MSE is a measure mainly for non-probabilistic and continuous forecasts (WMO, 2023,

or see Tab. 4.3). The advantage over the MSE of the Mean Absolute Error (MAE) is the

MSE is more sensitive for larger errors and outliers using the squaring of the forecast error

((ym−om)
2) which results from the forecasted time series (y) and the observations (o) (Wilks,

2011).

MSE =
1

M

M∑
m=1

(ym − om)
2 (4.3)

The skill score for the MSE can be described as Mean Squared Skill Score (MSSS).

MSSS = 1− MSEmodel

MSEclim

(4.4)

The MSSS compares the MSE of the forecast (MSEmodel) and the observation (MSEclim).

MSEmodel in Equation 4.4 is the same as Equation 4.3 with y as forecast, o as observations

and M the number of time steps in the data set.

Root-Mean-Squared Error

The RMSE is an advancement of the previously described MSE (Eq. 4.3 with the same

parameters). The square root of the MSE leads to the same dimension of data and RMSE

as output. This makes it easier to interpret the results.

RMSE =
√
MSE =

√√√√ 1

M

M∑
m=1

(ym − om)2 (4.5)

Spread/standard deviation

In some publications, the spread and the standard deviation are utilised to investigate the

forecast performance. Sometimes they are treated as the same, but their definitions differ

slightly. The standard deviation s describes how much the time series (for n-times individual
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xis) variate from the total mean (x̄):

s =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2. (4.6)

The spread can be described with different equations, e.g. the Interquartile Range (IQR).

It describes only the difference between the 0.25 and the 0.75 quartiles (q0.25 & q0.75). This

means the IQR ignores the top and bottom 25% of the data, which can be good in case of

outliers (Wilks, 2011; Aguinis et al., 2013).

IQR = q0.75 − q0.25 (4.7)

This means the IQR as spread does not include all data as the standard deviation would.

Another alternative for the spread assessment is, for example, the median absolute deviation.

Ranked Probability Score

The Ranked Probability Score (RPS) is a skill score for probabilistic forecast (Murphy, 1969),

to verify forecasts in predefined categories (Weigel et al., 2007) and is listed under the group

”probabilistic forecast and discrete predictands” (see Tab. 4.3, Wilks, 2011).

RPS =
K∑
k=1

(Fk −Ok)
2 (4.8)

Eq. 4.8 is comparing if a specific category k is the same in the model forecast F and the

observational data set O. The respective skill score of the RPS, the RPSS, is built with

Equation 4.2 and used in studies like Renggli et al. (2011) or Hansen et al. (2019) (see Tab.

A.1).

ROC Diagram

The ROC diagram shows the relation between the False Alarm Rate F (horizontal axis)

and the Hit Rate H (vertical axis) and Wilks (2011) mentioned it under the verification of
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non-probabilistic and discrete data sets (see Tab. 4.3).

F =
b

b+ d
H =

a

a+ c
(4.9)

Table 4.4 2x2 Contingency Table Wilks
(2011).

Observed
Yes No

Fo
re

ca
st Yes a b a+b

No c d c+d
a+c b+d n

The equations for F and H result from the

2x2 Contingency table (see Tab. 4.4), where

a is the amount of right predicted events, b

is how often a not occurred event was pre-

dicted, c is how often the prediction failed

the occurrence and d is the amount of right

predicted not occurred events. For the skill

score (Eq. 4.2), the diagram needs to be rep-

resented as a single value. This is typically

done by the area (A) under the curve. The perfect ROC diagram would be 100% Hit Rate

and no False Alarms. This would mean the whole diagram area (APerf = 1). A random

forecast would be represented as a bisecting line in the curve. Hence, the reference value

ARef equals 0.5 (Wilks, 2011).

The ROC curves are one measure for forecast verification (Kharin & Zwiers, 2003), but

Relative Operating Characteristics Skill Score (ROCSS) are also commonly used in the

verification of operational seasonal forecasts. They summarise in one value how likely a

probabilistic forecast captured a special event (Weisheimer et al., 2017). The ROCSS is

defined with the area A under the ROC curve as e.g., used by Renggli et al. (2011):

ROCSS = 2A− 1 (4.10)

Ratio of Predictable Components

The RPC is used as the score for the signal-to-noise paradox in Scaife and Smith (2018)

and Eade et al. (2014). Eade et al. (2014) presented the following equation for the RPC
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resulting from the predictable component (PC) of the observational data set (obs) and the

model (mod):

RPC =
PCobs

PCmod

≤ r√
σ2
sig/σ

2
tot

(4.11)

with r as the (Pearson’s) correlation between ensemble mean and observations, σ2
sig as the

variance of the model ensemble mean in time and σ2
tot the variance of all members and time

steps. Scaife et al. (2014) simplifies the equation to:

RPC2 =
r2mo

r2mm

(4.12)

with rmo as the simple correlation between the observations o and the model mean m and

rmm as the averaged correlation between the model mean and each individual model member

m. The RPC measures the relation between the predictable component of the model and

the observation (Scaife et al., 2014).

• RPC = 1 - perfect

• RPC > 1 - underconfidence - model underestimates the predictability of the real world,

ensemble member contains too much noise

• RPC < 1 - overconfidence - variance/correlation between model-observation smaller

than expected due to predictable part in model

4.3.2 Correlation Coefficient

The correlation coefficient (in the following only correlation) is a very often used measurement

for a relation between two variables. The ”standard” correlation is mostly the Pearson’s

correlation which uses the covariance and the standard deviations of each variable (Wilks,

2011) as in Equation 4.13, with r being the correlation coefficient, COV the covariance and

s the standard deviation of the two variables x and y.

rx,y =
COV (x, y)

sxsy
(4.13)
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The Pearson’s correlation is one method to calculate the relation between two time series.

Another method would be the Spearman rank correlation. As the name mentioned, this

is a correlation calculated over a ranked time series. The used equation is the same as for

Pearson’s correlation (Eq. 4.13), but the time series are ranked before calculation. Two

examples are shown here:

A : c(2, 3, 4, 5, 6, 7, 8, 9, 10, 11) −→ c(1, 2, 3, 4, 5, 6, 7, 8, 9, 10)

B : c(4, 2, 5, 6, 8, 1, 3, 9, 7, 15) −→ c(4, 2, 5, 6, 8, 1, 3, 9, 7, 10)

Both Pearson’s and Spearman’s correlation assume a Gaussian distribution of the used data

sets.

A third and more common method for analysing the predictability is the Kendall’s τb rank

correlation (in the following only Kendall’s correlation). Wilks (2011) suggests Kendall’s

correlation as a robust alternative to the commonly used Pearson’s correlation. This method

is different to Pearson’s or Spearman’s correlations because it is calculated by comparing the

time series pair-by-pair with the following equation:

τb =
NC −ND√

(n0 − ntA)(n0 − ntB)
(4.14)

The number of concordant (NC), discordant (ND) and tied (t) pairs are counted. Therefore,

each pair of A and B vectors is compared with the next higher pairs. If both values decrease

or increase in the same direction, this counts as concordant - NC . A development in different

directions is a discordant pair - ND. The difference between NC and ND is divided by the

total amount of possible pair combinations n0 =
(
n
2

)
= n(n − 1)/2 and the amount of ties

nt =
∑

t(t− 1)/2 (Kendall, 1945). For example, the vectors A and B (shown above) have

33 concordant, 12 discordant and 0 tie pairs. The Kendall correlation does not require a

Gaussian distribution of the data set. A direct comparison of the three different correlation

methods can be seen using the example vectors A and B. Pearson’s correlation between

A and B would result in a correlation coefficient of 0.620, Spearman of 0.564 and Kendall

of 0.467. Besides the mentioned assumptions for the different methods, these results also
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show that Pearson’s correlation leads to the highest correlation coefficient but hence, could

overestimate the real correlation as it is not given that A or B is normally distributed

(Armstrong, 2019; Pearson & Lee, 1903). Kendall Correlation is mainly used in the following

studies as a forecast skill measure. This has two reasons, firstly it cannot be assumed that any

tested variables, e.g. the storm parameters (frequency or intensity), are normally distributed,

and secondly, this skill measure was used in Befort et al. (2019) which is the closest existing

publication to the following study. Hence, using the same skill measure leads to a better

comparison with that study.

4.3.3 Used Statistical Measures

The following result chapters include studies that focus on some of the mentioned skill

measures. The basic skill measure in the whole study is the Kendall’s τb rank correlation.

Because the data do not need to be normally distributed, and a correlation is easy to follow.

But also other measures are published, like ROC/ROCSS or RPC. Other mentioned factors

were assessed but did not show significant results, like ACC or RPSS. Hence, these measures

are described here and used in other publications, as seen in Tab. A.1 in the Appendix

(Chapter A), but the results are not presented in this thesis.
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Chapter Five

Seasonal Forecast Skill of Windstorm

Characteristics & their Relation to

Large-Scale Patterns

1 2 3

Mostly, but the
Signal-to-Noise Paradox exists
in windstorm predictions and
needs more investigation.

Can we trust the skill of
an ensemble model?

Signal-to-Noise Paradox

+ + East Atlantic
Pattern

Scandinavian
Pattern

North Atlantic
Oscillation

y ~ ax + b

ERA5 vs
Large-scale pattern
regression-based
model

Storm Frequency
Averaged Storm Intensity

Normalised Storm Intensity

Significant Windstorm
forecast skill around UK

ERA5 vs GloSea5
(UK Met Office)

Frequency & Intensity

Init.
Stormseason

November FebruaryDecember January

Is the winter windstorm season predictable a month in advance?

Degenhardt et al., 2022, Climate Dynamics
Large-scale Circulation Patterns and their
Influence on European Winter Windstorm

Predictions
https://doi.org/10.1007/s00382-022-06455-2

Seasonal forecasts are of great importance in the scientific community. Forecasts of basic

parameters like temperature, precipitation or the NAO index on a seasonal scale and as area

average are highly skilful within the current operational models. But what about extreme
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events which happen very rarely? This chapter is dedicated to a vital skill study. The first

results chapter is published as a peer-reviewed paper in Climate Dynamics.

Degenhardt, L., Leckebusch, G. C., & Scaife, A. A. (2022). Large-scale circu-

lation patterns and their influence on European winter windstorm predictions.

Climate Dynamics, 1-15. https://doi.org/10.1007/ s00382-022-06455-2 .

The results of the following publication are fully calculated by Lisa Degenhardt, with the

professional supervision of Gregor C. Leckebuch and Adam A. Scaife. The first full draft of

the manuscript is written by Lisa Degenhardt, with further support from both co-authors

before submission and suggestions by two anonymous reviewers in the review process.

5.1 Large-scale circulation patterns and their influence

on European winter windstorm predictions

Abstract

Severe winter windstorms are amongst the most damaging weather events for Europe and

show significant interannual variability. While surface variables (temperature, precipita-

tion) have been successfully predicted for some time now, predictability of severe wind-

storms caused by extra-tropical cyclones remains less well explored. This study investigates

windstorm prediction skill of the UK Met Office Global Seasonal Forecast System Version

5 (GloSea5) for the Northeast-Atlantic and European region. Based on an objective La-

grangian tracking of severe, damage relevant windstorms, three storm parameters are anal-

ysed: windstorm frequency and two intensity measures. Firstly, skill based on direct tracking

of simulated windstorms is diagnosed. Significant positive skill for storm frequency and in-

tensity is found over an extended area at the downstream end of the storm track, i.e., from

the UK to southern Scandinavia. The skill for frequency agrees well with previous stud-
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5.1. Large-scale circulation patterns & influence on European windstorm predictions

ies for older model versions, while the results of event-based intensity are novel. Receiver

Operating Characteristic Curves for three smaller regions reveal significant skill for high

and low storm activity seasons. Second, skill of windstorm characteristics based on their

multi-linear regressions to three dominant large-scale circulation patterns (i.e., the NAO,

the SCA, and the EA) are analysed. Although these large-scale patterns explain up to 80%

of the interannual variance of windstorm frequency and up to 60% for intensity, the forecast

skill for the respectively linear-regressed windstorms do not show systematically higher skill

than the direct tracking approach. The signal-to-noise ratio of windstorm characteristics

(frequency, intensity) is also quantified, confirming that the signal-to-noise paradox extends

to windstorm predictions.

5.1.1 Introduction

Winter Windstorms and Seasonal Forecasting

Severe winter windstorms are amongst the most damaging natural hazards in Europe and

have a large impact on society. A potential increase in these extreme events over densely

populated regions of Europe can result in tragic loss. Consequently, this leads to a crucial

interest from society (e.g., government, contingency planners), industry (e.g., the insurance

sector) and scientists in order to create and to benefit from better prediction capabilities.

Previous studies about mid-latitude cyclones and storminess are numerous and reviews of

past and potential future developments can be found e.g., in Ulbrich et al. (2009), Feser

et al. (2015) or more recently in Catto et al. (2019). Multiple studies were conducted to

quantify objectively extra-tropical cyclones (e.g., Murray & Simmonds, 1991; Roberts et al.,

2014; Trigo, 2006). A more detailed overview of cyclone tracking methods and their per-

formances can be found in Neu et al. (2013). Nevertheless, to allow for an analysis of the

extreme, most damaging events at the tail of the intensity distribution, those objective track-

ers may not be focussed enough on potential impact to society. Consequently, Leckebusch et
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al. (2008b) introduced an objective percentile-based, near-surface wind tracking to identify

those windstorms which have high impact potential. This method is widely used and has

successfully been applied to different data sets: synoptic forecasts (e.g., Ng & Leckebusch,

2021), seasonal-to-decadal data (e.g., Befort et al., 2019; Kruschke et al., 2016; Schuster

et al., 2019), as well as for climate time scales (e.g., Nissen et al., 2013) and in relation to

potential damages (Walz & Leckebusch, 2019).

Studies of seasonal predictability have already shown skill for mean seasonal conditions in

Europe e.g., for temperature or precipitation (cf. e.g., Fereday et al., 2012; Folland et al.,

2012; Kim et al., 2012; Palmer et al., 2004) and have gained increasing interest (Domeisen,

2020; Simon et al., 2007). Recent studies focussing on seasonal predictability of European

average temperature and precipitation has shown them to be usable, but with limited forecast

skill. Yet, forecast skill of these parameters by using circulation patterns as predictors are

higher (Athanasiadis et al., 2017; Baker et al., 2018; Scaife et al., 2014). Seasonal forecast

skill can be further improved using larger ensemble sizes (e.g., Mishra et al., 2019). In winter,

the extratropical skill for temperature and precipitation appears to originate in the tropics

(Scaife et al., 2017b) where precipitation shows strong seasonal forecast skill especially in

the East Pacific (Scaife et al., 2019b). For other seasons, skill is generally more limited but

there has been some skill found for summer rainfall and circulation (Beverley et al., 2019;

Dunstone et al., 2018b).

One of the first studies to investigate systematically the seasonal forecast skill of severe

winter windstorms was published by Renggli et al. (2011). Their study revealed overall

only marginally usable skill, but a better skill for high and low frequency storm seasons

than for neutral seasons. Recent studies investigated newer versions of operational seasonal

forecast suites, showing now significant positive forecast skill for storm frequencies over

North-West Europe and the North-East Atlantic region (e.g., Befort et al., 2019; Hansen

et al., 2019). The former investigated the seasonal forecasts of the UK Met Office (Global

Seasonal Forecast System Version 5 - GloSea5) and two forecasts from the ECMWF (System
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3 and 4). They found positive skill for windstorm frequency especially over Western Europe

with a high influence of the NAO. Hansen et al. (2019) revealed a strong connectivity of

storm count predictions to SSW. Other storminess measures (not event based/tracked) show

strong and significant skill on a seasonal scale in GloSea5 (Scaife et al., 2014). They also

investigated the NAO as the main driver of European storminess and showed that signal-to-

noise ratios were anomalously low and that the model predicted the real world better than its

own members. Subsequent studies verified this for other timescales and this ‘signal-to-noise

paradox’ appears to be widespread in long range predictions when there is high enough skill

(Eade et al., 2014; Dunstone et al., 2016; Scaife & Smith, 2018; Weisheimer et al., 2019).

This signal-to-noise paradox will be investigated for the first time for storm forecasts here.

Forecast skill of large-scale patterns important for extra-tropical cyclones and

European storminess

The NAO is the predominant variability pattern for European weather and climate, including

extra-tropical cyclones and severe winter storms (Ambaum et al., 2001; Hurrell et al., 2003;

Hurrell et al., 2001; Leckebusch et al., 2008a). Studies of the seasonal forecast skill of the

NAO now show agreement that there is predictability of the NAO index at lead times of to 2

to 4 months, calculated with different methods and in various data sets (Athanasiadis et al.,

2017; Baker et al., 2018; Domeisen et al., 2018; Dunstone et al., 2016; Hansen et al., 2019;

Scaife et al., 2014; Weisheimer et al., 2019; Weisheimer et al., 2017).

Besides the NAO, other dominant large-scale patterns are of interest for European weather

(Zubiate et al., 2017), for example, the Scandinavian Pattern (SCA: Barnston & Livezey,

1987; Bueh & Nakamura, 2007) and the East-Atlantic Pattern (EA: Nesterov, 2009; Wallace

& Gutzler, 1981).

The influence of NAO phases on the development of cyclones and extreme windstorms were

investigated by Pinto et al. (2008) and Donat et al. (2010). They conclude a strong pos-

itive NAO phase leads to a higher number of extreme cyclones. The connection between
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windstorms and large-scale patterns was further investigated e.g., by Walz et al. (2018b).

They developed a so-called “map of drivers” revealing the spatial distribution of the most

dominant large-scale pattern influencing the inter-annual variability of windstorm frequency

through a multiple linear regression model. Related to this, a later publication from these

authors showed also a link between the NAO and potential windstorm losses (Walz & Lecke-

busch, 2019). Befort et al. (2019) and Scaife et al. (2014) used the NAO as the main driver

over Europe for an indirect approach to statistically forecast windstorm numbers or general

storminess, respectively, based solely on the model forecasted NAO. This indirect regression-

based approach results in significantly positive forecast skill of windstorm frequency over the

British Isles but with a lack of skill at around 45◦N. This is in line with the “map of drivers”

(Walz et al., 2018b), where for this region the EA index (rather than the NAO) is identified

as the leading influence factor. The main dominant large-scale patterns influencing storm

frequency over the North Atlantic/European region were identified to be the NAO, SCA and

EA. For regions with high damage potential, Walz et al. (2018b) could successfully model

the interannual variability of severe windstorms based on these three steering factors.

The present study will expand on the investigations from Befort et al. (2019) and Walz

et al. (2018b) in two major aspects. For the first time, the forecast skill of the seasonal

windstorm intensity over Europe will be analysed. Secondly, the impact of important large-

scale patterns (NAO, SCA, and EA) for skilful seasonal windstorm predictions is analysed

more systematically and compared to the skill of forecasts based on explicitly modelled

storms. The paper is structured as follows: Data description is given in chapter 5.1.2. The

methodology is described in detail in chapter 5.1.3. In chapter 5.1.4, results for the direct

and indirect approach and the signal-to-noise paradox are presented. The paper finishes

with a discussion and conclusion in chapter 5.1.5.
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5.1.2 Data

The UK Met Office ”Global Seasonal Forecast System Version 5” (GloSea5, MacLachlan et

al., 2015) is used to quantify the seasonal prediction skill of objectively identified and tracked

windstorms. Previous studies already showed positive skill in GloSea5 for predicting various

parameters (Befort et al., 2019; Scaife et al., 2014; Scaife et al., 2019a). The GloSea5

hindcast data are available from the C3S for 1993 to 2016 and in this study we used 6

hourly resolution for 10m wind speed and MSLP. The spatial resolution of GloSea5 is 0.83◦

in longitude and 0.55◦ in latitude. The hindcast has four different initialisation dates per

month (1st, 9th, 17th and 25th of each month), runs over 7 months with 7 members for each

initialisation date. The members for the same date differ only by use of a stochastic physics

scheme (MacLachlan et al., 2015).

This study investigates the main winter storm season from DJF. Consequently, the initialisa-

tions around the 1st of November (i.e., the 25th October, 1st November and 9th November)

were used. 3 system versions are available for GloSea5 which refer to small model updates.

This results in an ensemble of 63 members (3 initialisations x 3 system versions x 7 mem-

bers) for GloSea5 in this study. As observational reference, the ECMWF reanalysis ERA5

data set (Hersbach et al., 2019) is used for the same years (1993 – 2016) as available for the

hindcast data set. The 10m wind speed is used for windstorm identification and tracking

and the MSLP for calculating large-scale patterns (for details cf. chapter 5.1.3) both in 6

hourly steps with the 0.25◦ spatial resolution of ERA5.

The storm frequency data for both data sets is analysed on a 2.5◦x2.5◦ grid resolution as

identified tracks are counted from the storm tracking outputs. This extrapolation is part of

the frequency algorithm described in the Method section and retained for a better comparison

with previous windstorm frequency studies. It leads to a better reflection of the true available

track information, as a finer defined grid would contain data gaps. For storm intensities,

the model resolution is unaffected. Hence, for a grid-based comparison, ERA5 data were
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re-gridded onto the GloSea5 resolution by a bilinear interpolation.

5.1.3 Method

Frequency

Intensity
(ESSIa, ESSIs)

Direct
approach

Indirect regression-
based approach

ROC
Curve & Skill

Kendall
Correlation

Observation-based

Forecast-based

Storm Parameter

Assessment of winter windstorm
seasonal prediction

Skill Measures

NAO SCA EA

Large-scale Modes

Linear Regression
Storm ~ large-scale modes

Frequency

Intensity
(ESSIa, ESSIs)

Windstorm
Tracking
Algorithm

Model forecastedStatistically calculated

Figure 5.1 Workflow of Methodology.

An overview of the investigation approach

is shown in Fig. 5.1. For analysing pre-

dictive skill of severe windstorm events, all

individual windstorm events in all ensemble

members are identified, tracked, and then

analysed with respect to seasonal frequency

and the two intensity measures. In order

to quantify the individual role of large-scale

variability patterns, an indirect (regression-

based) approach uses the large-scale pat-

terns to build a statistical link (regression)

to storm counts and intensity, which is then

used to statistically model storm parame-

ters. These regressions are built in two differ-

ent ways: a) ERA5-based with the observed

large-scale patterns and storm parameters

and b) GloSea5-based with forecast large-

scale patterns and storm parameters. After

creating these links, they are used with GloSea5 large-scale patterns to predict windstorms

within the indirect approach. Consequently, in both indirect approach settings, the pre-

dictive skill comes solely from the predictive skill of the large-scale patterns of the forecast

ensemble. In a) a real-world link to local storm parameters is utilised and in b) a model-world

link between large-scale patterns and storm parameters is used. The windstorm prediction
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skill from these statistical regressions is validated with Kendall correlation as for the direct

approach. Kendall correlations and ROC are used to measure skill (please see the appendix

for details).

Severe Windstorm Tracking

Severe windstorm events are objectively identified and tracked following the approach by

Leckebusch et al. (2008b). Windstorms are defined as clustered (minimum 130.000 km2)

exceedance of the local 98th percentile of the 10m wind speed per grid cell. This local 98th

percentile was identified as a suitable threshold for potential damages from extra-tropical

cyclones (Klawa & Ulbrich, 2003). A storm track output was created if this exceedance

lasted for at least 8 time steps (∼42h, Angus & Leckebusch, 2020; Priestley et al., 2020).

Three core parameters are analysed for windstorm activity with these tracking outputs: the

frequency, the season integrated intensity and the season-averaged event intensity.

Windstorm frequency was established by Leckebusch et al. (2008b) as track densities (fol-

lowing Leckebusch & Ulbrich, 2004) where the latter is further defined and described by

Kruschke (2015). The storm frequency calculation uses a specific radius to be representative

for the affected area for counting events. Similar to Befort et al. (2019), in this study a ra-

dius of 700 km is selected in line with the principal area of influence of severe extra-tropical

cyclones. A validation study with different radii can be found in Degenhardt et al. (2020).

The storm counts per grid cell are accumulated per season.

Windstorm intensity per season is quantified based on respective storm footprints (all grid

cells the windstorm is affecting) and the related objective intensity measure, the Storm

Severity Index (SSI, introduced by Leckebusch et al., 2008b) in two ways. Firstly, the so-

called Event SSI (ESSI) is used as the total sum of all grid cell SSI values of an individual

storm track over all time steps. This ESSI is consequently attributed to all grid cells of the

storm footprint. To avoid scattered extreme values and to gain a homogeneous severity area,

the individual grid cells are smoothed with their eight surrounding grid cells. Grid-cell-based
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intensities per individual storm are accumulated over the whole winter season to result in a

seasonal intensity measure. The seasonal accumulated ESSI (ESSIa) is one intensity measure

in this study and represents the total severity of the season. Secondly, as a further intensity

measure, the ESSIa has been standardised by the number of storms per grid cell. Hence,

this measure is not a season integral, but storm-count normalized ESSI (ESSIs) per season

and represents thus an average severity of a storm in that season.

Calculation of Large-Scale Patterns

Besides the validation of the principle forecast skill of winter windstorms derived from the

model, our study utilizes the three dominant large-scale patterns over Europe as predictors

to statistically calculate storm parameters. Our definition and calculation of large-scale

patterns follows the NOAA definitions (Barnston & Livezey, 1987) also used e.g., in Walz

et al. (2018b). Large-scale patterns are calculated as monthly means with an EOF analysis

over a standardized monthly mean anomaly of MSLP for the North Atlantic/European

region (100◦W – 40◦E, 30◦ – 75◦N). The first EOF is identified as the NAO, the second as

the SCA and the third is the EA. These patterns for ERA5 and GloSea5 respectively, can

be found in the Appendix (Fig. B.1). To enable a better comparison between the reanalysis

data set and the forecast model, the PCA calculation for both data sets is based on the

monthly EOF patterns from ERA5. This method of projection can be done because the

EOF patterns for the three selected large-scale patterns are spatially well represented in the

GloSea5 hindcast data set (cf. Fig. B.1): the climatological EOF patterns are similar in

ERA5 and GloSea5. The resulting indices are used as seasonal means (DJF) to compare

with the seasonal windstorm parameters, seasonal frequency and intensity.

Skill analysis for Direct and Indirect Approaches

In the first, direct approach, predictive skill of windstorm parameters (frequency, ESSIa and

ESSIs) are diagnosed directly based on storms identified and tracked in individual members
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of the seasonal hindcast ensembles (GloSea5). This approach was also utilised in Befort

et al. (2019) for windstorm frequency forecasts, consequently our results should be directly

comparable with this previous study. In addition, windstorm intensity is investigated in a

similar way.

In the second, indirect approach, storm parameters are calculated via a statistical regression,

based on a combination of large-scale patterns as predictors. This method was previously

used (e.g. in Befort et al., 2019; Scaife et al., 2014). To do this, a multiple linear regression

model is built for each of the three windstorm parameters as predictands (frequency, ESSIa

or ESSIs) and with the three selected large-scale patterns (NAO, SCA and EA) as predictors

(see equations 5.1 & 5.2). For GloSea5 the ensemble mean is used to build the regression

model.

Step 1 to build the regressions for the indirect approach is to use the large-scales patterns,

either from ERA5 or GloSea5 and link them to the storm parameters in the respective data

set. As seen in Equations 5.1 & 5.2 this leads by the definition of a multi-linear regression

to the regression coefficients β.

StormParameterERA5 ∼

βNAO:ERA5NAOERA5 + βSCA:ERA5SCAERA5 + βEA:ERA5EAERA5 (5.1)

StormParameterGloSea5 ∼

βNAO:GloSea5NAOGloSea5 + βSCA:GloSea5SCAGloSea5 + βEA:GloSea5EAGloSea5 (5.2)

These regressions will be validated by an ANOVA (analysis of variance) testing (Von Storch

& Zwiers, 2001) to investigate the influence of the three large-scale patterns on the storm

parameter prediction individually and in combination.

In step 2 of this approach, these coefficients are used and connected with GloSea5 large-scale

pattern indices to statistically predict the storm parameters by using the large-scale patterns
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(see equation 5.3 & 5.4).

βNAO:ERA5NAOGloSea5 + βSCA:ERA5SCAGloSea5 + βEA:ERA5EAGloSea5

= StormParameterstat.forcasted (5.3)

βNAO:GloSea5NAOGloSea5 + βSCA:GloSea5SCAGloSea5 + βEA:GloSea5EAGloSea5

= StormParameterstat.forcasted (5.4)

ERA5-based regression as well as the GloSea5-based regression to windstorms are applied

to finally deduce windstorm parameters; more details can be found in the Appendix.

Studies have also used a generalised linear Poisson model for the investigation of severe

windstorm event counts (e.g., Walz et al., 2018a). Here we are not just investigating storm

counts, but also continuous storm intensity values, thus a simple multi-linear model was

chosen. Nevertheless, the performance of a simple multi-linear model in comparison to

a Poisson model was tested but revealed no significant difference in performance. More

detailed descriptions of the 2 different regression settings and skill measures can be found in

the Appendix.

Signal-to-noise paradox

The Signal-to-noise paradox is investigated as described by Eade et al. (2014) and Scaife

and Smith (2018) by using the RPC. The RPC is the ratio of the direct forecast skill of

the model ensemble mean (rmo) and the average correlation of ensemble members with the

ensemble mean (rmm). If the RPC(= rmo/rmm) is higher than 1 then the skill of the model

in predicting observations is higher than the skill of the model in predicting its own ensemble

members.
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5.1.4 Results

Direct forecasts of frequency and intensity

The windstorm frequency forecast skill following the direct approach is assessed by the

ranked Kendall-τb-correlation between ERA5 and GloSea5 ensemble mean (Fig. 5.2a).
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Figure 5.2 Forecast skill for storm
parameter (Frequency, ESSIa, ESSIs).
Ranked Kendall-τb-correlation between
ERA5 and GloSea5 GC2 ensemble mean
(63 members) from winter season 1993/94
to 2015/16, regions with 1.9 or less storms
in observation (ERA5) are shaded, dotted
grid points are significant on 95% level.

Highly significant positive correlations over

extended areas over Europe at the end of the

Atlantic storm track are revealed: the British

Isles, northern France, the Scandinavian re-

gion and over the Azores. Significant skill at

the 95% level is found with a significance test

for Kendall correlation. These results corrob-

orate similar patterns in Befort et al. (2019)

and Scaife et al. (2014) but within the latest

GloSea5 model version and on event-based

storm counts.

For the integrated seasonal intensity (ES-

SIa, Fig 2b), similarly positive significant

skill over western central Europe especially

over the UK, the North Sea and large parts

of Scandinavia is found. A secondary posi-

tive skill area is also found over the Azores.

In comparison to the skill pattern for storm

frequency, the significant signal is shifted

slightly towards the northwest. The skill

pattern for the standardised storm intensity

(ESSIs, Fig. 5.2c) shows a very coherent pat-
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5. Forecast skill of windstorm characteristics & relation to large-scale patterns

tern, although with slightly reduced areas of significance. Interestingly, a core region at the

end of the North Atlantic storm track, mainly the region upstream of Ireland and over the

south of Norway shows significant positive forecast skill. Overall, for the first time, coher-

ent and significant skill for a dedicated, objective storm intensity measure is identified in

seasonal forecasts for highly relevant regions over Europe and the Northeast Atlantic.

In addition to correlations, the ROC curve statistic is used as forecast verification. The

ROCSSs are presented as spatial distributions (Fig. 5.3). Skill for storm parameters is

assessed using terciles. ROCSS values are increased over similar regions as already revealed

by the correlation-based analysis: For frequency and both intensity measures, regions over

western central Europe and Scandinavia (e.g., the British Isles, the North Sea, northern

France, Norway, Sweden and the Baltic region) show high and significant ROCSS with values

up to 0.9, depending on the specific region, tercile and storm parameter. Overall, the lower

and higher frequency/intensity terciles seem to be better forecast than the middle tercile as

is often seen in seasonal forecasts (Mason et al., 2021).

The spatial patterns of positive and significant Kendall correlations (Fig. 5.2) are similar to

the pattern of ROCSS. This means the high correlation skill in windstorm frequencies over the

UK, Azores and east Scandinavia are shown as high ROCSS in the lower frequency seasons

and the correlation skill over Norway in the higher frequency cases. Same for ESSIa where the

correlation skill over the UK (Norway) is seen spatially coherent with the significant areas of

the lower (higher) intensity seasons. For ESSIs, the significant ROCSS areas are seen in line

with the correlation skill within the lower (higher) intensity season over Ireland (Norway).

This suggests that the ROC and correlation scores contain largely similar information about

the forecast skill (cf. Yang et al., 2018) and that the skilful forecast originate mainly from

the extreme seasons.

Seasonal forecasts are highly likely to be skilful on greater spatial scales. With the ROC

curves (Fig. 5.4), an investigation on a city scale was made to ensure skilful predictions

for densely populated regions. Three cities were selected as small-scale representative and
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5.1. Large-scale circulation patterns & influence on European windstorm predictions

Figure 5.3 Forecast ROC skill scores. Area under the ROC curve per grid cell
between ERA5 and GloSea5 GC2 ensemble (63 member) for storm parameter (Fre-
quency, ESSIa, ESSIs) from winter season 1993/94 to 2015/16, regions with 1.9 or
less storms in observation (ERA5) are shaded, dotted grid points are significant on
95% level.

averaged with the adjacent westerly and north-westerly grid cell. The British Isles are rep-

resented by a London (0◦E, 52.5◦N) region. An area for Hamburg (10◦E, 52.5◦N), Northern

Germany, was picked as representative for Central Europe. And for the Scandinavian region,

Oslo (10◦E, 60◦N) is selected.

At all 3 locations and for all 3 storm parameters the middle tercile (green) never shows

significant ROC scores and they are mainly close to the zero-skill line (Fig. 5.4). This

means that neutral seasons are not skilfully predicted. For the highest and lowest tercile,

the ROCSS reveal an overall capability for skilful prediction (Fig. 5.4). In detail, the London

area forecast has significant positive prediction skill for the higher tercile of storm frequency,

but not for lower or middle tercile seasons. However, for ESSIa and ESSIs: the ROC curves

are close to the no-skill line, especially for medium and high intensity seasons, although

the low intensity seasons are close to significant. The Hamburg grid cells show significant
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Figure 5.4 Forecast skill of the city scale. Mean ROC curve for 3 grid cells (Lon-
don, Hamburg and Oslo) and their respective westerly and northwesterly grid cell,
between ERA5 and GloSea5 GC2 ensemble (63 member) for storm parameter (Fre-
quency, ESSIa, ESSIs) from winter season 1993/94 to 2015/16, associated ROC skill
score as area under the curve in the bottom corner for the single “city”-grid cell, sig-
nificance of ROCSS on 95% level marked with ∗; highest tercile (purple), middle
tercile (green), lower tercile (orange).

forecast skill for high and low frequency seasons. The total accumulated intensity measure

(ESSIa) and storm-count standardised intensity (ESSIs) show no significant ROC scores for

either category. For the Oslo region, the highest tercile (purple in Fig. 5.4) of all three

storm parameters is significantly well predicted, as well as the lower activity tercile for the

standardised intensity (ESSIs). The storm frequency has the highest and significant forecast
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5.1. Large-scale circulation patterns & influence on European windstorm predictions

skill in all three city regions in the higher tercile seasons.

Indirect forecasts of frequency and intensity

Here the role of the relevant large-scale circulation patterns in producing skilful predictions

of windstorm parameters is analysed over the Northeast-Atlantic and Europe by the two

different algorithms described above (chapter 5.1.3).

The indirect approach with ERA5-based regression is generated with ERA5 storm param-

eters and ERA5 large-scale pattern indices. The derived regression slopes per grid cell are

presented in Fig. 5.5 for the 3 different windstorm parameters, respectively. These slopes

represent the connection between windstorms and large-scale patterns. For windstorm fre-

quency, the regression slopes show, as expected, a strong relation between the windstorm

frequency and the large-scale pattern, NAO, SCA and EA. Both windstorm intensity mea-

sures, ESSIa and ESSIs, show similar patterns in the relation between storms and large-scale

pattern, but with less strong slopes, and therefore with less strong linear relations. For all

three windstorm parameters, the large-scale patterns cover different regions which potentially

could increase the area of skilful windstorm forecast using this combination of predictors,

although skill in patterns other than the NAO on seasonal timescales is only suggested in a

few studies (e.g., Lledó et al., 2020; Baker et al., 2018).

The ability of this combined linear ERA5-based regression to explain observed storms is

shown in Fig. 5.6. The coefficient of determination, R2, shows the percentage of the explained

variance . A high R2 value of the model for storm frequency is seen especially over the storm

track region from North Atlantic to the British Isles, mid-Europe, North Sea and Baltic

Sea. The explained variance for the entire regression is up to almost 80%, meaning the

calculated regression with NAO, SCA and EA covers up to 80% of the variance found in

seasonal windstorm frequencies. For both intensity measures, less variance is explained.

However, over the UK and the North Sea, the combined regression model can explain up to

50-60% of the observed storm intensity. The intensity measures have a higher proportion of
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Figure 5.5 Linear models of storm parameters (Frequency, ESSIa, ESSIs). Regres-
sion slopes from multiple linear regressions to the first three EOF patterns (NAO,
SCA and EA), in ERA5 winter season 1993/94 to 2015/19.

variance which is not explained by the large-scale pattern indices, perhaps suggesting it is

less predictable.

ANOVA is used to quantify the influence of the three large-scale patterns (Fig. 5.6d-l). This

means the individual figures for each large-scale pattern show the percentage of explained

variance that contributes to the total explained variance R2. For all three storm parameters,

the NAO is the dominant variability mode to explain the variance in the storm parameters

over most of the European region north of 45◦N. It is even closer to 1 over Scandinavia

which means the NAO is mainly responsible for the statistical performance of the regression.

But the ANOVA shows an absence of connection between NAO and windstorm parameters

between 40◦ and 50◦N. Exactly in this region, SCA and EA show high values of explained

variances for all three windstorm parameters and are thus potentially good candidates to

improve skill if they are predictable.
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Figure 5.6 Variance explained by linear models of storm parameters (Frequency,
ESSIa, ESSIs). Determination parameter R2 (a-c) and individual ratio of explained
variance from ANOVA of first three EOF patterns (NAO – d-f, SCA – g-i, EA –
j-l), in ERA5 winter season 1993/94 to 2015/16.

Besides the ERA5-based regression, the link between storm parameters and large-scale pat-

terns is investigated within the model (ensemble mean), thus based on the link between

large-scale circulation and windstorm parameters purely from GloSea5 data. The resulting

figures, like GloSea5-based regression slopes and verification (R2 and ANOVA), can be found

in the Appendix. The regression slopes, respectively for each large-scale pattern in the re-

gression (Appendix Fig. B.2), show, similar to Fig. 5.5, a very strong connection between

the windstorm parameter and the individual large-scale patterns. Only the spatial pattern

from the SCA slopes is slightly different compared to the equivalent from the ERA5 regres-

sion as the maximum slope is shifted towards the northwest (model bias). The validation
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5. Forecast skill of windstorm characteristics & relation to large-scale patterns

of the GloSea5 regression is calculated the same way as the ERA5 regression validation and

can be found in Fig. B.3 in the Appendix. The R2 (Fig. B.3, a-c) shows a high percentage

of explained variance of the total regression over similar regions to ERA5 (Fig. 5.6). The

R2 for storm frequency shows a slight extension of high values over larger parts of the North

Atlantic. This means the GloSea5 large-scale patterns are explaining more of GloSea5 wind-

storm counts in this region than the ERA5 patterns explain of the ERA5 storm counts in

the reanalysis data set. The individual contribution to the explained variance (ANOVA; Fig.

B.3, d-l) for NAO shows similar patterns as the ERA5-based regression. The GloSea5-based

regression seems to show a stronger influence of EA over the region that is independent of the

NAO. The results of the ERA5-based regression lead to a similar ratio of explained variance

from SCA and EA. As mentioned for the GloSea5-based regression slopes, the dominant

SCA pattern is shifted towards the northwest and the same is seen in the ANOVA. The re-

gions where SCA explains a significant part of the variance of storm parameters are shifted

west-northwest and hence, play a smaller part in complementing the NAO as a source of

variability.

Skill comparison between direct and indirect forecast approach

For the ease of comparison, Fig. 5.7 compares the Kendall correlations between windstorm

parameters of ERA5 and those directly derived from GloSea5 with the skill resulting from the

indirect method. These windstorm parameters are forecast using the ERA5-based regression,

thus reflecting the real-world link between large-scale patterns and storms, but the prediction

is coming from using the forecast GloSea5 large-scale patterns. Following this ERA5-based

regression link, all three storm parameters reveal a very similar spatial pattern to the direct

approach, which corroborates the principal usefulness of such a regression-based forecast

approach. Nevertheless, overall, the area of significant positive skill is less pronounced. For

the storm frequency over northern France, the English Channel, and southern Scandinavia,

a slightly higher forecast skill is provided by the direct approach and for most areas over the
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5.1. Large-scale circulation patterns & influence on European windstorm predictions
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Figure 5.7 Forecast skill for storm parameter (Frequency, ESSIa, ESSIs). Ranked
Kendall-τb-correlation between ERA5 and GloSea5 GC2 ensemble mean (63 mem-
ber) (1st row), between ERA5 and regression model storm parameters (2nd row) and
difference of significant correlation values as (1st row) minus (2nd and 3rd row) (4th
and 5th row). Regions with 1.9 or less storms in observation (ERA5) are shaded.
Dotted grid points are significant on 95% level (1st 3 rows). For the ease of compar-
ison only those regions where one of the approaches shows positive significant skill
are shown as differences and marked by a dot (last 2 rows).
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5. Forecast skill of windstorm characteristics & relation to large-scale patterns

British Isles there are no significant differences. In addition, the accumulated storm intensity

measure, ESSIa, shows higher skill for the direct approach over the whole region stretching

from the Northeast-Atlantic across the British Isles to the Norwegian Sea and Scandinavia.

For the ESSIs the differences are very scattered, but upstream of Ireland the direct approach

shows some stronger skill than the indirect. The corresponding skill using entirely GloSea5-

based regression by applying GloSea5 large-scale pattern indices to the model link also shows

overall very similar skill patterns but fewer significant grid cells than the direct approach.

Only a few grid cells downstream of Ireland show more skill in the GloSea5-based regression

approach than in the direct approach.

The GloSea5-based regression skill is lower in most regions than the direct approach and the

ERA5-based regression. Both ERA5- and GloSea5-based regression relations cannot predict

windstorm frequency or intensity as well as the explicit storms in the forecast model itself

in storm relevant regions (Fig. 5.7, 4th and 5th row). These regressions are calculated

using the total time series with all data points, to eliminate any potential internal effects.

The leave-one-out method with one season as test data was tested for the ERA5-based

regressions and the differences show the same patterns for all three storm parameters (see

Appendix, Fig. B.4). The windstorm relevant areas with significant correlations in the direct

approach show strong positive differences from the other methods. For storm frequencies

this difference corresponds to a skill increase of up to 75% and for the intensity measure even

more than 100% compared to the indirect approach. As in Befort et al. (2019) the focus is

on significant changes in skill and the differences show that the direct approach has higher

skill over north-western Europe than in the indirect approach.

Skill Verification over signal-to-noise paradox (only direct approach)

The possibility of a signal-to-noise paradox in the seasonal winter windstorm forecast, for

tracked windstorms and their parameters (frequency and intensity measures), is investigated
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5.1. Large-scale circulation patterns & influence on European windstorm predictions

(a) Frequency

(b) ESSIa

(c) ESSIs
−80 −60 −40 −20 0 20

40
50

60
70

−80 −60 −40 −20 0 20

40
50

60
70

−80 −60 −40 −20 0 20

40
50

60
70

−6 −4 −2 0 2 4 6
Ratio of Predictable Component

Figure 5.8 Ratio of predictable com-
ponents for storm parameter (Frequency,
ESSIa, ESSIs). RPC = rmo/rmm, with r
as ranked Kendall-τb-correlation between
ERA5 and GloSea5 GC2 ensemble (63
members) from winter season 1993/94 to
2015/16, regions with 1.9 or less storms
in observation (ERA5) are suppressed
(grey). A ratio above 1 means that
the signal-to-noise paradox exists as the
model mean is better representing the re-
ality than its individual members.

using the direct approach. The RPC for

the storm parameters shows very similar pat-

terns (Fig. 5.8) as the direct forecast skill

(Fig. 5.2) itself. The RPC values are high

and exceed 1 in the same regions where

the direct approach shows significant fore-

cast skill. The RPC is up to 3 for the

storm frequency and up to 5 for the intensity

measure over the British Isles. This implies

that the forecast windstorm signals, like the

large-scale flow, are too weak in amplitude

given the high correlation skill. Hence, from

the presented findings, it can be concluded

that seasonal forecasts underpredict the am-

plitude of year-to-year fluctuations in wind-

storms. This finding will be investigated in

more depth in an independent study.

5.1.5 Discussion & Summary

This study investigated three storm param-

eters that define extra-tropical winter wind-

storms: the storm frequency (Befort et al.,

2019; Kruschke, 2015), the accumulated storm severity per season (ESSIa) and the average

storm severity per season (ESSIs).

Two approaches to assess forecast skill are applied for relevant storm characteristics. The

“direct approach” diagnoses the forecast skill by identifying and tracking windstorms di-
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5. Forecast skill of windstorm characteristics & relation to large-scale patterns

rectly within the hindcasts. The indirect approach uses multi-linear regression to large-scale

circulation patterns, where the regression relation can be taken from observations or the

model.

The storm frequency and other storminess definitions show similar significance patterns over

Europe to those found by Befort et al. (2019) and Scaife et al. (2014). The highest positive

skill for frequency is found over southern Great Britain, northern France and southern Scan-

dinavia. In addition to existing studies which exclusively investigate windstorm frequency,

the intensity forecast is evaluated: the combined storm intensity measure (ESSIa) shows

similar high skill but is shifted towards the northwest, hence positive skill is identified more

over the North Atlantic and the exit region of the North Atlantic storm track. The event-

averaged storm severity measure (ESSIs) shows positive skill only in a region downstream of

Ireland.

These regions are all located at the end of the North Atlantic storm track. The region over

the central North Atlantic which contains the climatological maximum windstorm activity

does not show strong forecast skill. This may be due to the fact that large scale modes,

which explain much of the skill, have a smaller influence there. This study shows that NAO,

SCA and EA are responsible for forecast storm variations at the end of the storm track. SCA

and EA show higher explained variabilities over the central North Atlantic than NAO, but it

seems this is not enough to strengthen the forecast skill. The addition of SCA and EA helps

in regions where these large-scale patterns show their centres of action (Fig. B.1), but not

in the central North Atlantic, this region would need further investigations with additional

factors.

A separate skill analysis for seasons with positive/neutral/negative large-scale patterns has

been done by Renggli et al. (2011) and shows stronger skill for extreme NAO seasons.

The study from Clark et al. (2017) additionally investigated the reliability of the GloSea5

forecast for 1.5m temperature and 10m wind speed. They summarized for air temperature a

reliable forecast over the same region as found in this study for forecast skill of windstorms.

74



5.1. Large-scale circulation patterns & influence on European windstorm predictions

Interestingly, for wind speed most of this region (storm track area over North Atlantic and

the UK) was found to be “underconfident” in its prediction. As seen in the RPC results (Fig.

5.8), the signal-to-noise paradox is present in the forecasts for all three windstorm parame-

ters, suggesting that forecast ensemble mean signals are too weak which would explain the

underconfidence. Further investigations of the signal-to-noise paradox in storm predictions

are required and are planned in a separate study.

The ROCSS maps and selected ROC curves allow skill estimates for different storm parameter

categories. The lowest and highest terciles of the storm parameter are more predictable than

the middle tercile. This is in agreement with Renggli et al. (2011), who also found better

prediction skill for the lower and higher terciles of storm frequency. Their study investigated

just storm frequency, but here we show similar results for better prediction of lower and

higher terciles of storm intensity.

The second approach used in this study is the “indirect approach”. A combined linear

regression with the three dominant large-scale patterns (EOF-based definition) for the North

Atlantic and Europe (Walz et al., 2018b) - NAO, SCA and EA. The resulting EOF patterns

of ERA5 and GloSea5 MSLP do not reveal any significant spatial difference. The applied

PCA is done by using the ERA5 EOF pattern for both data sets without loss of generality to

ensure a robust comparison. Using the ERA5-based regression, 80% of the interannual storm

frequency variance can be explained by the three large-scale patterns. For storm intensity

measures the linear regression model is less well defined but is still significant. The results

for the ERA5-based regression show very clearly the main influence of the NAO around 60◦N

over Europe. A gap of explained variance from NAO is seen at around 45◦N for all storm

parameters as expected given this is close to the neutral line of the NAO influence. SCA is

the leading pattern for the western part of the gap and EA for the more eastern part in the

ERA5-based regressions. For the GloSea5-based regression, the same area shows EA as the

dominant contributor for the variance. SCA is less important for the storm track region over

the North Atlantic in the model climate. The magnitude of explained variance is very high
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5. Forecast skill of windstorm characteristics & relation to large-scale patterns

for the NAO which is in line with this mode being the main large-scale mode influencing the

North Atlantic region (Hurrell et al., 2001) and the result by Scaife et al. (2014), showing the

NAO is the strongest predictable factor for seasonal forecasts for Europe. The link between

storm frequency and the NAO has also been shown by Befort et al. (2019), with the same

kind of lack of storm predictions around 45◦N. This study showed SCA and EA can be

used to increase storm forecast skill by including those two additional large-scale patterns

compared to Befort et al. (2019).

The different regression approaches show on one hand that there is a link between the large-

scale patterns: NAO, SCA and EA, and storm count and storm intensity. This link also

exists in the model climate with the SCA pattern having a smaller influence in the model

than the real climate. The comparison between the direct method and the indirect method

shows that the direct forecast model skill is higher than for the regression approach. A

comparison of prediction skill for intensity shows a similar higher skill in the direct method.

Compared to storm frequency, the increase in skill for intensity is more pronounced. This

study improved the forecast skill based on large-scale pattern regressions for storm frequency

in comparison to Befort et al. (2019) and show similar high difference between regression-

based and direct-model skill for storm intensity measures.

In summary, this study showed that in addition to positive seasonal windstorm count pre-

diction skill, there is also positive event-based windstorm intensity skill in the GloSea5 sea-

sonal forecasts. A statistical regression approach combining the three dominant large-scale

patterns over Europe improves the indirect windstorm forecast compared with NAO-based

regression alone, but it still does not show higher forecast skill than the direct approach.
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5.2 Additional Outcome: Seasonal Storm Forecast Skill

Dependent on Large-Scale Patterns

EA Index

SCA Index

NAO Index

Figure 5.9 Standardised PCA indices of
the three most dominant large-scale pat-
terns over Europe, NAO, SCA and EA,
with terciles (grey dashed line) as thresh-
olds for the sub-samples.

Besides the published study, more questions

and ideas about seasonal windstorm fore-

cast skills have been assessed. One ques-

tion has been: ”How strong is the seasonal

forecast skill of windstorms related to differ-

ent phases of the most dominant large-scale

patterns?”. Therefore the three most dom-

inant large-scale patterns (NAO, SCA and

EA from chapter 5.1) were selected. The

standardised PCA (see chapter 4.2) of the in-

dividual pattern has been used as criteria to

sub-sample the entire 23 seasons of data. The

sub-sampling has been done over terciles to

create three similar-sized data sub-samples,

which represent the positive (+, eight sea-

sons), neutral (n, seven seasons) and negative (–, eight seasons) phase of the individual

large-scale pattern. Fig. 5.9 shows the respective large-scale pattern indices and marks

the individual tercile thresholds. Each sub-sample has been used to calculate the seasonal

forecast skill with the same method as in chapter 5.1, as Kendall-τb-correlation.

5.2.1 Storm Frequency

Fig. 5.10 includes the seasonal forecast skill of storm frequencies depending on the phase

of three large-scale patterns. The total forecast skill of the whole data set can be seen in
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positive (8 seasons) negative (8 seasons)neutral (7 seasons)
N
AO

EA
SC
A

Figure 5.10 Seasonal storm frequency forecast skill, as Kendall correlation, in dif-
ferent phases (positive, neutral & negative) of different large-scale patterns (NAO,
SCA, EA). Regions with 1.9 or less storms in observation (ERA5) are shaded. Dot-
ted grid points are significant on 95% level.

chapter 5.1, Fig. 5.2.

The storm frequency is well predicted over the British Isles and Scandinavia in the entire data

set (Fig. 5.2). The separation by NAO phases reveals that only NAOn has significant forecast

skill over the British Isles and Scandinavia. The extreme phases of NAO, + and -, show

less or negative forecast skill over these regions. The SCA pattern is the second dominant

pattern over Europe. The windstorm forecast skill dependent on the different phases shows

that SCA– has storm forecast skill, but not significant. The results for EA are similar to

the ones of NAO, and mainly seasons in a neutral phase result in significant forecast skill for

windstorms. This leads to the idea that seasons of NAOn, EAn and EA+ phases are mainly

responsible for the found forecast skill of winter windstorm frequencies over the British Isles

and Scandinavia. But previous studies find that windstorms are highly connected to NAO+

phases (Donat et al., 2010) and that the extreme seasons (strong/low storm seasons) are
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5.2. Seasonal Storm Forecast Skill Dependent on Large-Scale Patterns

more predictable (Renggli et al., 2011). This investigation shows where the forecast skill

in GloSea5 originates, and therefore the neutral phases seem more important. The forecast

skill of the negative phases of all three large-scale patterns over the southern North Atlantic

is higher than the total skill (Fig. 5.2). As fewer seasons are in each sub-sample (positive

has 8 seasons, negative has 8 seasons, and neutral has 7 seasons) than in the whole data set,

the threshold for a significant correlation is higher.

5.2.2 Storm Intensity

The two introduced storm intensity measures (see chapter 4.1.3) have been investigated on

how the total windstorm forecast skill (see Fig. 5.2) changes in different large-scale pattern

phases. Fig. 5.11 shows the different results for ESSIa and Fig. 5.12 for ESSIs.

The forecast skill of the intensity measure ESSIa for the whole data set (Fig. 5.2) has a

positive and significant forecast skill over the British Isles. The same pattern is represented

in the storm forecast skill of NAOn seasons, while NAO+ and NAO– seasons result in a

lower or even negative storm intensity forecast skill. The SCAn phase shows the positive

and significant forecast skill of windstorms only southwest of the British Isles and SCA–

seasons only northeast, covering the same area as in the overall ESSIa forecast skill. Storm

forecast skills dependent on the EA phase show individual skilful regions in all three phases.

EA+ seasons are mostly skilful forecasted over Scandinavia for windstorm intensities, EAn

over the north of the British Isles and EA– seasons are skilful for storm intensities over the

south of the North Atlantic. As ESSIs is the standardised ESSIa, the windstorm forecast

skill for ESSIs (Fig. 5.12) is very similar to ESSIa (Fig. 5.11), but more scattered and

smaller regions significant. The forecast skill of all intensity measures is increasing in the

neutral large-scale pattern phase. But also SCA– and EA+ show a stronger correlation of

windstorm intensity over the British Isles.
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positive (8 seasons) negative (8 seasons)neutral (7 seasons)
N
AO

EA
SC
A

Figure 5.11 Seasonal storm ESSIa forecast skill, as Kendall correlation, in different
phases (positive, neutral & negative) of different large-scale patterns (NAO, SCA,
EA). Regions with 1.9 or less storms in observation (ERA5) are shaded. Dotted
grid points are significant on 95% level.

positive (8 seasons) negative (8 seasons)neutral (7 seasons)

N
AO

EA
SC
A

Figure 5.12 As Fig. 5.11 for seasonal storm ESSIs forecast skill.
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5.2.3 Discussion

No studies have investigated the forecast skill of windstorms dependent on the phase of

large-scale patterns. Studies show that more storms occur during NAO+ phases and only

a few in NAO– and even none in very strong negative NAO phases (Donat et al., 2010).

Storm skill studies like Renggli et al. (2011) or Befort et al. (2019) did not separate into

positive or negative NAO phases and mainly looked into storm frequency. One suggestion

related to phases of large-scale patterns is that a more substantial relation between NAO

and Pacific–North American Pattern (PNA) could lead to more predictability in the extra-

tropics (Renggli et al., 2011). Other studies showed the influence of the NAO phase on other

forecast skills, like the MJO (Lin et al., 2021). They find a higher subseasonal-to-seasonal

forecast skill for initialisation with NAO–. Lin et al. (2021) also investigated the influence of

NAO phases on the u-wind component forecast in 200hPa and 850hPa, but in the tropical

regions and found here as well that NAO– shows higher predictions for these parameters

after 30 days. This additional study summarises that the GloSea5 seasonal forecast skill

of severe winter windstorm characteristics mainly originates from seasons in NAO or EA

neutral phases or for intensities in SCA positive phase.
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Chapter Six

Dynamical influencing factors on

seasonal winter windstorm predictions

over Europe

Increase in storm forecast skill due to 
high factor skill in marked regions.

Relevance for 
storm forecast skill

Positive Kendall correlation as factor 
individual seasonal forecast skill.

Forecast skill
of factor

Factors composite anomalies of strong 
vs. weak storm seasons for both data.

Validation of 
dynamical factor

Degenhardt et al., 2023, Weather and Climate 
Dynamics, Understanding Seasonal Winter 

Windstorm Predictability over Europe

What did we learn?

◇ Model represents physical link to storms
◇ Model predicts most factors well seasonally
◇ Some factors increase seasonal storm skill

Can physical atmospheric factors 
improve the seasonal forecast skill of 

severe winter windstorms?

L

The second result chapter investigates small-scale dynamical factors which are on the synop-

tic scale important but still influence synoptic-scaled winter windstorms or cyclones as their

“precursor” system. This study investigates how predictable these dynamical and physical
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6. Dynamical influencing factors on seasonal winter windstorm predictions over Europe

factors are on a seasonal time scale and in which connection they are to winter windstorms

and their predictability.

This study is submitted (22/05/2023) as a preprint in the initial version (online since

01/06/2023) in Weather and Climate Dynamics with the reference:

Degenhardt, L., Leckebusch, G. C., and Scaife, A. A. (2023). Understanding

Winter Windstorm Predictability over Europe, Weather Clim. Dynam. Discuss.

[preprint], https://doi.org/10.5194/wcd-2023-12, in review.

The idea and concept of the study are from all authors of the paper. Lisa Degenhardt did

all calculations and main manuscript writing with the editorial support of both supervisors,

Gregor C. Leckebusch and Adam A. Scaife. The following manuscript version is a first

revision following the first reviewer’s comments (submitted 18/07/2023, https://doi.org/10.

5194/wcd-2023-12-RC1) in the online discussion.

6.1 Understanding Winter Windstorm Predictability over

Europe

Abstract

Winter windstorms are one of the most damaging meteorological events in the extra-tropics.

Their impact on society makes it essential to understand and improve the seasonal forecast

of these extreme events. Skilful predictions on a seasonal time scale have been shown in

previous studies by investigating hindcasts from various forecast centres. This study aims to

connect forecast skills to relevant dynamical factors. Therefore, 10 factors have been selected

which are known to influence either windstorms directly or their synoptic systems, cyclones.

These factors are tested with ERA5 and GloSea5 seasonal hindcasts for their relation to

windstorm forecast performance.
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6.1. Understanding Winter Windstorm Predictability over Europe

Following GloSea5 factors’ are (1) validated on the physical connections to windstorms, (2)

investigated on the seasonal forecast skill of the factors themselves, and (3) assessed on

the relevance and influence of their forecast quality to windstorm forecast quality. Factors

like mean-sea-level pressure gradient, sea surface temperature, equivalent potential temper-

ature and Eady Growth Rate show coherent results within these three steps. Their physical

connection is well represented in the model. These factors are skilfully predicted in storm-

relevant regions. And this skill leads to increased forecast skill of winter windstorms over

Europe. Nevertheless, not all factors show this clear signal of forecast skill improvement for

winter windstorms, and this might indicate the potential for further model improvements or

understanding to improve seasonal winter windstorm predictions.

6.1.1 Introduction

Severe winter windstorms are one of the most damaging and loss-bringing events in the

extra-tropics, especially for the European region (MunichRE, 2010). Hence, it is of great

scientific interest for stakeholders and the general public to understand these rare extreme

events. Studies use various algorithms to identify and track cyclones (Neu et al., 2013).

This study aims at understanding an even more extreme event, the surface-near windstorm,

which is produced by the strongest of extra-tropical cyclones. Windstorms in this study

are thus more related to the direct impacts of a cyclonic system. Leckebusch et al. (2008b)

developed an objective tracking algorithm for these strongest wind events. They used a

threshold that intentionally relates to observed losses (Klawa & Ulbrich, 2003) and detects

about the top 2% strongest, coherent extreme events in the extra-tropics. This objective

windstorm tracking has been used for multiple different studies in the past, spanning from

different regions and hazards (Ng & Leckebusch, 2021; Nissen et al., 2013), individual event

analysis (Donat et al., 2011b) over climate (Donat et al., 2011a; Schuster et al., 2019) and

seasonal studies (Befort et al., 2019; Renggli et al., 2011; Walz et al., 2018a; Degenhardt
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et al., 2022).

Seasonal hindcasts have been investigated in multiple studies for different storm-relevant

aspects, like the forecast skill of the North Atlantic Oscillation (NAO; Parker et al., 2019;

Athanasiadis et al., 2017; Scaife et al., 2019a; Scaife et al., 2014), stratospheric conditions

(Nie et al., 2019b) or connections between tropical cyclones and extra-tropical storms (Angus

& Leckebusch, 2020). In addition, different regions and events were investigated concerning

their seasonal forecast skill (Dunstone et al., 2018b; Scaife et al., 2017a). For extreme

European winter windstorms, one of the first studies was published in Renggli et al. (2011)

based on DEMETER (Palmer et al., 2004) and ENSEMBLES (Weisheimer et al., 2009)

pilot seasonal hindcasts. More recent studies investigated later operational systems, like the

ECMWF systems (SEAS 3 and 4) and the UK Met Office’s GloSea5 (Befort et al., 2019).

They found forecast skill in windstorm frequencies and their relation to the large-scale pattern

of the NAO. Following this, Degenhardt et al. (2022) found a strong positive and significant

forecast for windstorm frequency and (for the first time) intensity. A connection to the

three dominant large-scale patterns over Europe showed the NAO, Scandinavian Pattern

and East-Atlantic Pattern together explain between 60% and 80% of interannual variability

of windstorms over Europe in this seasonal hindcasts, corroborating results from Walz et

al. (2018a) based on century-long reanalysis data. This leads to the motivation for this

study, which is to understand which dynamical factors drive the seasonal winter windstorm

prediction skill, whether as primary or secondary related factors.

Multiple studies investigated dynamical factors influencing cyclone and storm generation

and intensification in the past. The Eady Growth Rate (EGR) parameter (Eady, 1949) is

used as a standard measure for baroclinic instability of the atmospheric flow and is known

as a source and intensifying factor for extra-tropical cyclones (Hoskins & Valdes, 1990).

σmax = 0.31 ·
(
f

N

)
·
∣∣∣∣∂(u, v)∂z

∣∣∣∣ (6.1)

Eq. 6.1 represents the used equation for EGR, with f as the Coriolis parameter, N the
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Brunt-Väisälä frequency (N =

√
g

Θ

dΘ

dz
) and

∣∣∣∣∂(u, v)∂z

∣∣∣∣ the vertical wind shear. This equation

is applied in the 2-layer approach of Eady (1949). This means, two pressure levels are

used as boundaries and the instability in between these two layers is investigated by Eq.

6.1. The equation includes that the atmosphere closer to the equator is more stable, as f

becomes smaller. N includes the potential temperature (Θ) difference with height, which

is stronger in an instable than in a stable atmosphere. Later, e.g. Pinto et al. (2008)

investigated important dynamical factors and their connection to strong cyclones over Europe

for future climate change scenarios, based on previously identified contributors like EGR in

the upper troposphere (Hoskins & Hodges, 2002), upper-troposphere divergence (Ulbrich

et al., 2001), the jet stream speed (Kurz, 1990; Hoskins et al., 1983; Shaw et al., 2016) and

the equivalent-potential temperature (Θe), as another stability measure (Chang et al., 1984).

These variables were also used in other studies (Pinto et al., 2008; Hansen et al., 2019; Walz

et al., 2018b; Priestley et al., 2023).

For EGR, this study uses the same diagnostic level of 400hPa as in Pinto et al. (2008) for the

upper troposphere and 700hPa (resulting from 2 available model levels) to diagnose lower

troposphere baroclinicity. The location and strength of the jet stream are important for

whether the end of the North Atlantic storm track reaches Europe (Parker et al., 2019). Θe

is a parameter that describes the temperature of a fully dried air parcel dry-adiabatically

lowered onto a reference level, usually 1000hPa (Bolton, 1980). It is not only a measurement

of the moisture content in the atmosphere and its static stability but links to the concept

of the isentropic Potential Vorticity (PV; e.g. Hoskins, 2015; Hoskins et al., 1985). Thus,

Raymond (1992) could demonstrate that latent heat release leads to a redistribution of

PV, with positive PV tendencies below the maximum heating level and negative tendencies

above. It is known that the downwards propagation of upper tropospheric positive PV

anomaly favours the strengthening of cyclones (Hoskins et al., 1985; Büeler & Pfahl, 2017).

Hence, it is connected to cyclonic systems and can indicate their strength and location over
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the North Atlantic. Hoskins et al. (1985) compared different isentropic levels for the PV,

including 350K, which is used in this study as it is a good average representative for the

synoptic scales in the troposphere. They have also connected this concept with the Rossby

Wave transition, by showing PV on the 350K-level for a clear identification of Rossby waves

and by consecutive time steps identifying negative/positive PV advections into higher/lower

latitudes, which agrees with the concept of Rossby wave breaking (Postel & Hitchman,

1999). Upper-troposphere Divergence is also part of the equation for the Rossby Wave

Source (RWS), a measure of developing Rossby waves which are transporting cyclones and

potentially transporting predictability from the tropics to the extra-tropics (Beverley et al.,

2019; Dunstone et al., 2018b; Scaife et al., 2017b).

Other influencing factors for the generation and intensification of cyclones are the general

environmental conditions which are thus indirectly connected to windstorms like the sea

surface temperature (SST) distribution, SST Gradient and mean sea level pressure (MSLP)

gradient (Shaw et al., 2016). These contributing environmental factors will be called sec-

ondary factors in the following, while factors like EGR or PV, which have a direct influence

on cyclones and windstorms, are called primary factors. Recently, the SST and the jet stream

have been identified as drivers for storm track biases in CMIP6 data (Priestley et al., 2023).

Beyond those generally well-established factors, other studies identify the important role of

tropical precipitation as an indicator for European climate predictability (e.g. Scaife et al.,

2017b): tropical convective precipitation triggers enhanced vertical lifting, which again leads

to the establishment of Rossby Waves trains to impact on Europe. Further on, Wild et al.

(2015) discovered a dependency of the windstorm frequency over Europe on the temperature

gradient between North American surface temperature anomalies and those of the SST over

the western North Atlantic.

This study investigates primary and secondary dynamical factors connected to windstorms

in seasonal forecasts from the UK Met Office, GloSea5 (MacLachlan et al., 2015), and the

respective seasonal windstorm forecast skill. This could lead to a better knowledge of the
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origin of the seasonal forecast skill and hence confidence in real-time forecasts.

This study uses a 3-step approach to understand the role of different primary and secondary

dynamical factors for the winter windstorm predictability over Europe.

Step 1: Validation of dynamical factors: Is the observed physical link between factor and

storm well represented in the model?

Step 2: Skill of Factors: Is the dynamical factor skilfully predicted on a seasonal scale?

Step 3: Relevance of Factors for Storm forecast skill: Is the forecast skill of windstorms

related to the factor’s forecast skill or factor-related “centres of activity”?

The study will first introduce the data sets used in section 6.1.2, followed by a description of

applied methods in section 6.1.3. In section 6.1.4, the results are presented and structured

within the above-mentioned 3-step approach. The study finishes with a discussion and

conclusion presented in section 6.1.5.

6.1.2 Data

This study investigates the seasonal forecast of the UK Met Office’s Global Seasonal Fore-

casting System version 5 (GloSea5; MacLachlan et al., 2015), in comparison to ECMWF

re-analysis, ERA5 (Hersbach et al., 2019). Both data sets are used for a consistent time

from 1993 to 2016. GloSea5 is a multi-member ensemble model with 4 initialisations per

month (on the 1st, 9th, 17th & 25th of each month) and 7 members per initialisation. Cur-

rently, 3 different model versions are available, which differ in small system updates. This

study investigates the northern hemisphere winter (December to February, DJF) and there-

fore uses initialisation around the 1st of November (25th Oct., 1st and 9th Nov.). This leads

to 63 ensemble members for GloSea5 (3 system updates x 7 members x 3 initialisations). The

seasonal model output has a spatial resolution of 0.83◦ longitude x 0.56◦ latitude. ERA5 is a

commonly used re-analysis and provides observation-near data, which are used as a reference

in this study. The reference data set has a resolution of 0.25x0.25◦. Further details of ERA5
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Table 6.1 Dynamical Factors concerning storminess, cyclones or windstorms over
Europe.

Factor Version Level Parameter
(ERA5/GloSea5)

Analysis Regions

Temperature
Dipole index

Se
co

nd
ar

y

Surface

sea surface
temperature
(6h/6h)

North America (105◦-
80◦ W, 38◦-55◦ N)
North Atlantic (85◦-
50◦ W, 15◦-35◦ N)

Sea-Surface
Temperature

Original

Boxes of 10◦x10◦ over
North Atlantic

Gradient
meridional
Gradient

Mean
Sea-Level
Pressure

Gradient mean sea level
pressure (6h/6h)Meridional

Gradient
Total
precipitation

mean total
precipitation
(1h/daily)

Only December
mean

Jet
Location

200hPa
u- & v-wind
component
(6h/12h)

60◦-0◦ W, 30◦-75◦ NSpeed

Potential
Vorticity

P
ri

m
ar

y

original
350K

u- & v-wind
component,
temperature T
(6h/12h)

Boxes of 10◦x10◦ over
North Atlantic

Bandpass 2-8d
Advection 400hPa

Equivalent
potential
Temperature
Θe

850hPa

Eady Growth
Rate

original
400hPa

u, T,
Geopotential
(6h/12h)

3d variability
Bandpass 2-4d
original 700hPa

Divergence
200hPa

u- & v-wind
component
(6h/12h)

Rossby Wave
Source
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can be found in Hersbach et al. (2019). All factors are calculated as described in the method

section, and the used variables and levels are summarised in Tab. 6.1. The windstorm

tracking is based on 10m wind speeds for the calculation (details cf. below). In the case

of a grid-cell by grid-cell comparison of both data sets, a re-gridding from ERA5 to the

spatial resolution of GloSea5 has been done by a bilinear interpolation using Climate Data

Operators (Schulzweida et al., 2019).

6.1.3 Method

Storm Tracking

The windstorm analysis is done via an impact-based algorithm developed by Leckebusch

et al. (2008b). This objective identification and tracking uses a clustered exceedance of

the 98th percentile of surface wind speeds. These synoptic-scale wind clusters are tracked

following a nearest-neighbour approach. Only events above a minimum size and duration

will be considered: a coherent wind cluster must persist for at least 48 hours and reach at

least a size of 130.000 km2 (cf. details e.g., in Leckebusch et al., 2008b). Consequently, an

individual storm track and a grid cell-based footprint of each storm is created. This footprint

is used to count the number of storms over a defined region. The target area in this study is

the extended area of the British Isles (-15◦ to 10◦ E & 48◦ to 60◦ N). Recently, the authors

showed significantly skilful seasonal windstorm predictions for this area (Degenhardt et al.,

2022). The individual windstorm tracks are also used to calculate the track density (used in

section 6.1.4; Kruschke, 2015).

Factors

Dynamical factors are selected by previously known connections to windstorms or cyclones.

The selected factors can be separated into primary and secondary dynamical factors in

regard to their connection to windstorms. Hence, primary factors, like EGR or PV, are
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Figure 6.1 Schematic of dynamical factor connections to cyclones and windstorms
(blue). Separated into different theories, quasi-geostrophic omega theory (green),
potential vorticity theory (purple) and additional factors (grey). All connections
and notes on arrows are based on literature.

dynamical factors which act on a smaller and shorter scale but can influence the cyclone

or windstorm directly/primarily. Secondary factors are acting on a larger and longer scale.

These are, for example, MSLP gradient or SST, and they have a more indirect/secondary

link to windstorms as they reflect the general state of atmospheric conditions. A summary

of all factors and the way they are used can be found in Tab. 6.1. Individual factors are

used as seasonal (3-month) averages in the following analysis.

More details about the different ways of calculating the factors can be found in the appendix.

The standard calculations have been used, e.g., the gradient of MSLP and SST, the jet

characteristics (Parker et al., 2019), or the divergence in 200hPa. Other factors have been

calculated following original studies, like EGR (Eady, 1949), or PV (Hoskins et al., 1985).

More unique factors like Rossby Wave Source (RWS) have been calculated as described in,

e.g. Beverley et al. (2019) or the Temperature Dipole used from Wild et al. (2015).
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Figure 6.2 Schematic map of the spatial location of factors compared to an idealised
storm system.

A schematic highlighting the different connections and interactions is presented in Fig. 6.1

and 6.2, illustrating the physical connectivity between different factors to each other and

cyclones and windstorms in general. The coloured boxes indicate which physical view (Quasi-

geostrophic Omega- and PV-theory) these factors are included. Each arrow represents how

the factors influence or relate to cyclones/windstorms, based on literature (Fig. 6.1). Fig.

6.2 is a more exemplary schematic of an idealised storm-cyclone system, highlighting where

the respective factors would be expected to be of relevance. EGR (green), as one of the most

important factors to strengthen cyclones, is located northeast of the storm centre (at the

lowest level) and slopes towards the northwest with decreasing pressure levels. A high upper

tropospheric baroclinicity (EGR 400hPa) triggers vertical rising, which results in respective

upper-level divergence (peach) at the upper boundary and hence, can enhance the jet stream

(orange). The counterpart to this is the SST (ocean colour) which influences the low-level

baroclinicity (EGR 700hPa), which impacts the MSLP gradient (light blue) and hence, the
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wind speed (yellow). Another process related to the potential predictability of windstorms

is caused by convective tropical precipitation (dark blue) via vertical lifting, triggering a

Rossby wave train (purple) formation to the North Atlantic region in higher altitudes.

Composite Analysis

To understand how and when those factors influence the windstorm forecast quality, a com-

posite analysis has been done by separating data sets into two different anomaly categories

depending on storm frequency and prediction skill, respectively.

Firstly, separation is done by the number of storms, thus the seasons’ overall activity. The

storm counts over the extended area of the British Isles (-15◦ - 10◦ E & 48◦ - 60◦ N) in

ERA5, and each GloSea5 ensemble members are used and separated into 3 categories, the 10

strongest seasons, the 10 weakest seasons and the 3 neutral seasons (10-3-10). A separation

into 10-3-10-splitting has the aim of still using data sets with at least 10 years of data to

achieve representative results but also to ignore the 3 neutral seasons to reduce the noise. The

separation is done individually per model ensemble member to ensure that each composite

compares strong vs weak storm seasons internally. This might lead to different seasons

within the sub-samples. The strong-weak-composites are presented as (member-individual)

standardised composite anomalies to allow for a clear comparison between the ERA5 and

GloSea5 data sets.

Secondly, a categorisation concerning the forecast skill is used: well (badly) forecasted years

are identified using the absolute difference of the respective seasonally averaged factor over

an individually defined region in the GloSea5 ensemble mean and ERA. These categories

are built for consistency according to the 10-3-10 approach again, i.e., the 10 seasons with

the lowest (greatest) absolute difference are used as well- (badly-) predicted seasons. An

example categorisation for individual years can be seen in the appendix (Fig. C.1) for ERA5

and GloSea5 ensemble mean windstorm counts in the UK region. Both composite methods

are presented as composite anomaly differences, tested for significance via a student’s t-Test.
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Statistical metric of prediction skill

All approach steps include correlations, here performed using ranked τb-Kendall correlations

(Kendall, 1945). Kendall correlation is a similar measure to the commonly used Pearson’s

correlation but investigates ranked time series and is less subject to normally distributed

data. In more detail, correlation is used in step 1: the verification for the member individual

verification (section 6.1.4), in step 2: the skill analysis (section 6.1.4) for the factor individual

forecast skill and in step 3: relevance (section 6.1.4) for the storm forecast skill for different

data samples. Correlations are a straightforward statistic to use for either relationship

between two time series or even forecast skill (e.g., Befort et al., 2019; Athanasiadis et

al., 2014; Scaife et al., 2014). Kendall correlation is used because it cannot be assumed that

the data are normally distributed. The same correlation method is used as in Degenhardt

et al. (2022) for a better comparison, as this study builds upon their results.

6.1.4 Results

In the results section, the focus will be on 4 factors (2 primary and secondary factors,

respectively), which highlight the postulated link to forecast skill of winter storms clearly

and best, MSLP Gradient, SST, Θe (850hPa), EGR (400hPa). More factors (see Tab. 6.1)

have been tested within the 3-step approach, but not all the required links could be clearly

identified. Reasons may vary from factor to factor and will be discussed in the discussion

section (section 6.1.5). Additional results for five moderate performing factors can be found

in the supplementary material (appendix Fig. C.2-C.5), EGR (700hPa), MSLP Meridional

Gradient, Precipitation, Divergence (200hPa) & PV (350K).

Validation of dynamical factors in GloSea5 via anomaly composite analysis

Does the model represent the same physical connections between causal factors as the re-

analysis? Composite anomalies of the dynamical factors separated into strong and weak
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storm seasons in the observational and model data are compared. Standardised composite

anomalies for ERA5 and GloSea5 (mean over each ensemble member composite) are used

to validate the individual factors on their connection to windstorms in both data sets (Fig.

6.3; for 4 selected factors discussed in more detail here). The composite anomalies between

strong and weak storm seasons give a useful indication of how the factors are connected to

windstorms.

It is clearly identified for the MSLP-Gradient that a stronger storm season is characterised

by a stronger MSLP-Gradient over the northern part of the North Atlantic, as expected.

This pattern is coherent in observations and the model. The SST-pattern (Fig. 6.3c & d)

shows a clear tripole (positive-negative-positive anomaly) structure over the North Atlantic

in ERA5 as well as in GloSea5 (Fig. 6.3d). The GloSea5 mean signal (mean overall ensemble

mean composites) is less strong but still reveals a similar pattern. The three centres of action

in the SST composite of ERA5 are also reflected in the composite pattern of Θe. The model

means of composites result in a quadrupole pattern for Θe but with a stronger influence

of potential latent heat release over the centre of the North Atlantic than in ERA5. Also,

EGR (400hPa) shows a clear and significant pattern over the North Atlantic, with higher

baroclinicity in a latitudinal band around 50◦ N during strong storm seasons over the UK.

The assessed factors are known to have a link with cyclones and windstorms, but the former

also gets influenced by the latter. Nonetheless, the investigated windstorm systems (max.

2% of days per grid cell) will influence the seasonal average of the factors only marginally.

This has been tested (but not presented) by removing time steps with storms affecting the

UK from a factor example time series and the differences to the original factor time series

are not significant.

The appendix includes the composites for more factors (Fig. C.2) like EGR (700hPa), MSLP

meridional gradient or PV (350K), which are showing in principle similar results as the

previous factors, with a strong and coherent increase of the factor itself for stronger storm

season over the UK in ERA5 and a good representation of a similar pattern in GloSea5.
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Figure 6.3 Composite Anomalies, standardised on climatology, of the respective
factor for strong storm seasons minus weak storm seasons in ERA5 (left column) and
GloSea5 mean over all ensemble members (right column): a)&b) MSLP Gradient,
c)&d) SST, e)&f) Θe, g)&h) EGR; dots shown for differences significant at the 90%
level (p=0.9). Yellow boxes are selected regions for investigation step 3, Fig. 6.6,
process-based-view (right column).

Nevertheless, precipitation shows a north-south dipole in ERA5 downstream of the British

Isles and Iberian Peninsula, which is less dominant in GloSea5, but also less relevant for
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Figure 6.4 Correlation Maps between seasonal storm counts over the UK and dy-
namical factors. Only factors with a 95% significant correlation in ERA5 are shown.
ERA5 connections (1st row), GloSea5 member connection mean (2nd row), GloSea5
individual member correlation distribution (below). The distributions are scales
from -1 to 1 with 0 in the centre. The coloured line is the ERA5 correlation value
within the GloSea5 member distribution, and the number represents the percentile
of ERA5 in that distribution.

windstorm forecasts. As Scaife et al. (2017b) suggest, tropical precipitation is important for

European forecast skill. The model has a strong signal and clear dipole around the equator,

revealing more precipitation in the tropics in strong UK storm seasons.

Composites are categorical separations of data sets, which is useful for identifying the dif-

ference between two data sub-samples clearly, but the time-coherent link between storms

and factors is also of great interest. Hence a correlation analysis between the factors’ time

development and windstorm frequency is used for validation. Maps are created to show the

correlation link between the windstorm target region (the extended area of the British Isles)
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and systematic (10◦x10◦ boxes over the whole North Atlantic) regions of the factor over the

North Atlantic. Fig. 6.4 presents the four focused factors as examples, with the remaining

in the appendix (Fig. C.3).

These results show the regions where a factor is relevant to windstorms over the extended

area of the British Isles (red dotted box in each panel) and how this connection is represented

in the different ensemble members (histograms). The results can be separated into two parts.

First, only the ERA5 connection (1st row of each box) compared to the GloSea5 member

mean connection (2nd row of each box). All factors show in each factor box the correlation

results in the same sign in ERA5 and GloSea5 member mean. Factor regions which are

further outside of the storm-related area have some discrepancies, such as the MSLP gradient

(Fig. 6.4a) or PV (Fig. C.3e) region over Newfoundland or the eastern Mediterranean Sea.

In these regions, GloSea5 members are not in agreement with the observational relation. This

can be seen in the second part of this figure’s interpretation, the percentile of ERA5 within

the GloSea5-member distribution. For example, the region around Newfoundland of the

EGR (400hPa, Fig. 6.4d) has a percentile for the ERA5-correlation in the GloSea5-member-

distribution of 1, which means the significant correlation in ERA5 is far outside the GloSea5

member correlation distribution and hence statistically different. Another example, the SST

box over the North Sea (Fig. 6.4b), has an ERA5-percentile of 0.56, so the GloSea5-member

distribution covers the ERA5 correlation.

This second validation concludes that GloSea5 represents the physical link between different

factors and windstorms over the target region in the same way as in ERA5. This agrees with

the results from Fig. 6.3. Additional information from Fig. 6.4 present that in storm-relevant

regions all members agree with the physical link of ERA5, as there ERA5 correlation is not

significantly different to the GloSea5 member correlation distribution.
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Figure 6.5 Kendall Correlation maps for selected dynamical factors, significance
on 95% level marked by a dot. Yellow boxes are selected regions for investigation
step 3, Fig. 6.6, factor-skill-view (left column).

Skill of Factors

Is the dynamical factor skilfully predicted? The previous results summarise that relevant fac-

tors are well represented in their connection to windstorms not only from an ensemble mean

perspective but also within individual ensemble members and thus representing a consistent

physical development. The next step tests if these factors themselves are well predicted.

Thus, this step evaluates how far the model suite can forecast the necessary ingredients for

storm development. Thus, in those regions of important connections between factors and

windstorms (section 6.1.4), they should be well predicted to influence the windstorm fore-

cast performance. The Kendall correlation is used to assess the skill of the model’s ensemble

mean compared to ERA5. Fig. 6.5 shows this correlation skill for the main four dynamical

factors. MSLP-Gradient has a skilful and coherent region of predictability over the North
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Atlantic and the British Isles. The SST is well predicted overall, with a small gap upstream

of Newfoundland. The same gap but larger and stronger negative correlation is also iden-

tified for Θe. EGR (400hPa) correlates significantly in the region upstream of the British

Isles, northeast of the Atlantic storm track. Beyond the four main factor variables discussed

thus far, EGR (700hPa) reveals the same area of skill as 400hPa (cf. appendix Fig. C.4).

The MSLP meridional gradient shows an extended region of skilful forecasts over the North

Atlantic compared to the total gradient but not the coherent skilful region over the British

Isles. Precipitation, divergence and PV 350K show very little to no skilful prediction close to

the target region, the British Isles and Europe. However, precipitation is skilfully predicted

in the tropics (cf. appendix Fig. C.4), which is the region Scaife et al. (2017b) suggest to be

important for European predictability, as this convective precipitation would trigger Rossby

Waves which propagate towards the extra-tropics.

Relevance of Factors for Storm forecast skill

Is the storm forecast skill (found by Degenhardt et al., 2022) related to the forecast skill of

the factor or the regions that show a strong connection to windstorms? To answer this final

question, the previous results about factors have been related to windstorm forecast skills.

This step aims to find factors and individual regions influencing the seasonal forecast skill of

windstorms. Therefore, the storm seasons data has been split into two sub-samples to gen-

erate two storm forecast skills depending on each sub-sample. These different characterised

storms season sub-samples are separated by two approaches, one by the factor individual

forecast skill (Factor-skill-view, results from section 6.1.4, Fig. 6.3) and one by the centre-

of-action from the composite analysis (Process-based-view, results from section 6.1.4, Fig.

6.5).

In more detail:

a) The Factor-skill-view answers the question: “Does the existing factor’s forecast skill im-

prove the windstorm forecast?” Therefore, for the sub-samples of forecast skill, regions are
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selected that show strong forecast skill for the individual factors, resulting from the approach-

step-2: forecast skill (section 6.1.4, Fig. 6.5). This first view focuses on the regions with

already existing and highest factor skill to assess whether the existing positive factor forecast

skill in these regions is a source of the existing model’s windstorm forecast and a potential

improvement. If this is the case, it would mean that the correct factor prediction leads to

higher storm forecast skill. Thus, the storm seasons are split between well and bad predicted

factor seasons.

b) The Process-based-view focuses on the question: “Does an improved factor forecast in ar-

eas of a strong connection (centre of action) improve the windstorm forecast?” This second

view uses regions that appeared most relevant in the connection between factor and wind-

storms (centre of action – section 6.1.4, Fig. 6.3) to create the sub-samples for the different

windstorm forecast skills. This view aims to assess if a better prediction of these centres

of activity would improve the seasonal windstorm forecast skill. For this, the difference in

storm forecast skill (based on correlations) is calculated between sub-samples created by

well- and bad-predicted factors seasons in the “centre of action”-regions. These regions have

not been selected because they are skilfully predicted in GloSea5 but because they show a

physical link between storms and factors.

Fig. 6.6 shows differences in the storm skill separated by both approaches, based on success-

ful/bad predictions (factor-skill-view) and the process-based view, respectively. The region

used for separation is marked individually in each panel, some boxes might be out of the

mapping area, but all box details can be found in the appendix (Tab. C.1 & C.2). For both

views, the selected regions (which can be multiple) are spatially averaged, and well- and

bad-predicted seasons are detected by the absolute difference between the resulting ERA5-

and GloSea5-time series in the used regions. The regions for the factor-skill-view are all

skilful for the respective factor. For the process-based view, this is not a criterion.

For factor MSLP Gradient, three boxes were identified from the factor forecast skill analysis

(cf. Fig. 6.5a) and this correlation difference in Fig. 6.6a shows the storm forecast skill
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Process-Based ViewFactor-Skill View
a) b)

c) d)
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Figure 6.6 Difference of windstorm forecast skill (as Kendall correlation) with sea-
sonal separation by the Factor-skill-view (left column) and the Process-based-view
(right column). The separation is based on spatial averages over the shown boxes
from Fig. 6.5 for the left column and Fig. 6.3 for the right column, individually per
factor. Dotted grid cells showed significant storm forecast skill in the bad predicted
season, Triangle in the well predicted sub-sample.
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for years which are overall well predicted minus storm forecast skill of bad predicted years.

It can be concluded that for years in which the MSLP Gradient in these three regions is

well predicted, these years show an increase in storm prediction skill over parts of the North

Atlantic, British Isles and Scandinavia. The second view, separated by centres of action in

the composite anomalies (Fig. 6.3a), shows a less strong increase in storm forecast skill for

the selected region of MSLP Gradient but still a slight increase in skill over Scandinavia. This

shows the difference between the 2 separations. The process-based view (centre of action)

improves the windstorm forecast skill less, and the regions already skilful in the factor forecast

have more influence on the windstorm forecast skill. As SST was overall well predicted (Fig.

6.5b), the whole North Atlantic region was used to identify well and badly predicted SST-

seasons. When SSTs over the North Atlantic are well predicted, the total storm prediction

skill over Europe increases. The Northern European part shows the well-predicted years

have a significant value on these grid cells, but the bad predicted not (indicated by the dots).

The process-based-view for SST uses the four centres of action defined from the composite

analysis (Fig. 6.3c) in the North Atlantic. A good forecast in these four centres of action

leads to an increase in windstorm forecast skill over Europe as well. The Θe relevance for

windstorms is tested by using three regions of skilful Θe-forecast (Fig. 6.5c). When all these

three regions are well predicted, the windstorm forecast over Europe, especially Scandinavia

and East Europe, is increasing (Fig. 6.6e). This means that the model needs a well-predicted

Θe-value in these three Θe-poles to create a skilful or even improved windstorms forecast.

As Θe and SST seem to have a similar link to windstorms (composite patterns in Fig. 6.3),

as potentially higher SSTs result in more convection, hence, more moisture in 850hPa and a

higher Θe, these factors show very similar centres of action and the Θe process-based-view

has similar four boxes selected as for SST. A good forecast of Θe in these four boxes leads

to an overall increase in seasonal windstorm forecast over Europe. This increase is higher

and covers a bigger area than the increase by well-predicted SST regions, which might be

because Θe is a primary factor, hence, influencing cyclonic systems directly, and SST is a
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secondary factor which is more an atmospheric state surrounding the cyclonic systems. The

relevant signal from the factor-skill-view is not as strong for EGR in 400hPa (Fig. 6.6g,h)

as for the previous three factors in the same view, but still is a well-predicted region related

to an increase of storm forecast skill downstream the box and over the British Isles. As well

as the factor-skill-view, the process-based-view shows less increase in windstorm forecast

skill for EGR compared to the previous three factors in this view. The remaining factors

can be found in Fig. C.5, appendix. EGR in the lower troposphere (700hPa) has two

very similar boxes in both views and hence, almost the same increase in windstorm forecast

skill over Europe. Factors like MSLP meridional Gradient, precipitation and divergence

show the skill-dependent selected regions are increasing the windstorm forecast skill over

Europe significantly. The process-based-view is showing increasing signals for factors like

precipitation and PV 350K.

6.1.5 Discussion and Conclusion

This study investigates the connection between primary and secondary atmospheric dynami-

cal factors and the forecast performance of seasonal winter windstorm predictions. As skilful

seasonal prediction for tracked windstorms (Befort et al., 2019; Degenhardt et al., 2022) was

recently shown, this study aimed to explain the forecast skill further. A dependency of wind-

storms and their forecast skill on large-scale patterns, like NAO, SCA or EA, has previously

been established (Degenhardt et al., 2022). Here, a more in-depth analysis of the mechanics

of forecast skill generation is presented, and consequently, 10 dynamically important factors

were selected and tested in multiple settings concerning their impact on the seasonal forecast

skill of windstorm frequency (see Tab. 6.1). To reflect on the main contribution of those

individual processes to the complex development of extra-tropical cyclones and storms, it

has been differentiated between primary (small- and short-scale) or secondary (large- and

long-scale) factors. These factors are investigated in a 3-step approach: first, validation of
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the relevance of the factor to winter windstorms. Second, the forecast skill of the individual

factor itself on a seasonal scale. And third, the relevance of the factor’s forecast for the

overall winter windstorm frequency forecast skill.

The strong link between windstorms and factors seen in the ERA5 composite anomalies of

the four focus factors, MSLP gradient, SST, Θe and EGR (400hPa), are important because

these four factors are knowingly the most driving factors for storm and cyclones (e.g., Pinto

et al., 2008). The relation to windstorms for all these important factors is well simulated in

the seasonal forecast suite, GloSea5. The SST shows the known horseshoe anomaly pattern

(Nie et al., 2019a) and a clear connection is identified with a positive SST and Θe signal

over Europe (Northern Sea and Baltic Sea): leading to stronger storm seasons as stronger

SSTs may enhance Θe, leading to more baroclinic instability e.g., in the lower troposphere

in favour of baroclinic wave development and thus for windstorms. The lower tropospheric

EGR (700hPa) agrees with this concept in ERA5, as the stronger EGR (700hPa) reaches

over the North Atlantic until central Europe but lacks in spatial dimension in GloSea5. The

SST composites in GloSea5 show similar three centres of action (positive - east of America,

negative – south of Iceland and positive – North Sea), but a more extended negative SST

composite anomaly in GloSea5 further south over the North Atlantic is in line with the

recently found SST bias south of Greenland in CMIP6 models causing a bias in cyclone

tracks (Priestley et al., 2023). The Θe composite anomalies of GloSea5 show a slightly

different pattern over the North Atlantic, with a more extended positive signal reaching

from southwest to northeast than in ERA5. This is in line with the results from the factor

precipitation, where in GloSea5, the North Atlantic precipitation is simulated further west.

Studies like Fink et al. (2009) and Pinto et al. (2008) investigated storms from a Lagrangian

perspective, but some of their characteristics can also be seen in the here presented Eulerian

view. E.g., the dry pole in the northwest of the Atlantic is in line with studies like Fink

et al. (2009), which show the general atmospheric state around an extreme cyclone and that

a strong cyclone leaves dry air behind. The composites of EGR (400hPa) in ERA5 and
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GloSea5 show a strong link of EGR just upstream of the target area (extended region of

British Isles). Especially the pattern of GloSea5 is in line with the knowledge that EGR

affects strong cyclones in a west-east band through their centre (Pinto et al., 2008) and the

cyclone centre is located north of the windstorm field (cf. Leckebusch et al., 2008b), which

explains the strong EGR influence north of the North Atlantic windstorm track.

With mostly agreeing on the physical connection between windstorms and individual factors

within the observational and model data, these connections may enhance model forecast

performance when the individual factors are well forecasted. The individual forecast skills

of these factors show high and significant skill in windstorm-relevant regions over the North

Atlantic but also some gaps. The forecast skill of the upper tropospheric EGR is significant at

the north-easterly end of the Atlantic storm track, an important area for intensifying strong

cyclones before making landfall in Europe. Even the forecast skill of the MSLP gradient,

SST and Θe show significant skill around the British Isles, but the area around 50◦ N and

40◦ to 50◦ W is a gap for these factors. This reduction in forecast skill may link to previous

studies, e.g. Scaife et al. (2011), which identify large SST biases in model data.

After the factors have been verified as having the same physical link in observations and

models and the model shows forecast skill for important regions of the factor, the third step

is connecting the factor performance to windstorm forecast skill. It has been found that

all main factors increase the forecast skill of winter windstorms over the British Isles and

the North Sea by increasing the forecast skill of relevant factors in storm-relevant regions.

SST and Θe additionally improve the windstorm forecast skill over Central Europe and

Southern Scandinavia. The process-based-view, sub-sampling based on the centre of action

from the composite analysis (step 1), is less conclusive. But the factors SST and Θe present

four centres of action helping to increase the windstorm prediction over Europe when these

regions are well predicted.

The overall conclusion from this three-step approach leads to a well-represented connection

between the four focused dynamical factors and winter windstorm forecast skill. All four
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factors (MSLP gradient, SST, Θe & EGR 400hPa) show an agreement in the physical link,

as composite analysis and in the stricter correlation maps, suggesting the model does include

the physical link overall correctly. The model provides positive forecast skill within relevant

regions for all four factors, which means the model performance for the individual factor is

positive and well-predicted seasons in these regions support skilful windstorm forecasts.

In addition, the further investigated factors (cf. appendix) show similar results. Well-

predicted regions of precipitation and divergence over the tropics and sub-tropics have a

positive influence on storm predictability over Europe. For precipitation, this is in line with

Scaife et al. (2017b), which found that tropical Atlantic precipitation is an influencing factor

for European predictability of atmospheric patterns. Further crucial factors (not shown) in

this study were, e.g., the Rossby Wave Source (RWS), SST gradient (total and meridional

component) or the North-America/North-Atlantic temperature gradient identified by Wild et

al. (2015). The RWS factor did not show a clear pattern or relation. The ERA5 composite is

very scattered, but the GloSea5 mean shows at least a pattern agreeing with the conceptional

idea of the tropical North Atlantic precipitation triggering convective rising, which triggers

the RWS further North (Scaife et al., 2017b). A similar scattered result results from all

approach steps for the SST gradients. The temperature dipole from Wild et al. (2015)

has been tested, as a connection between North American surface temperature and North

Atlantic sea surface temperature anomalies are linked to windstorms over Europe. But the

results in this study are not conclusive, probably because the storm target region differs in

both studies.

This study concludes that the existing windstorm forecast skill in GloSea5 can be explained

by different dynamical atmospheric factors, primary or secondary, connected to cyclones

and windstorms. Thus, the model predicts the winter storm season well for the correct

reasons, increasing forecast confidence. Secondary and large-scale factors like the MSLP

gradient or SST strongly relate to windstorms in the observational and model data sets.

Their seasonal forecast skill is high, and seasons which are well predicted have a positive
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influence on windstorm forecasts. The same is found for primary factors like Θe in 850hPa

and EGR in the upper (400hPa) troposphere. This approach results in a new understanding

of dynamical factors and covers multiple perspectives, which implies new knowledge about

where the windstorms forecast skill might originate and where additional efforts, besides the

also for windstorms existing signal-to-noise paradox (Degenhardt et al., 2022), are needed to

potentially improve windstorm forecast skill over the downstream end of the North-Atlantic

storm track.
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6.2 Additional Outcome: Different Views on Assessing

the Connection between Dynamical Factors and Wind-

storms

The initial investigation of windstorms and dynamical factors had multiple perspectives be-

fore the above-shown results were summarised in the publication of chapter 6.1. This chapter

will present and discuss additional not-published results. Nonetheless, these results lead to

a better understanding of the methods and relationships between factors and windstorms.

Within publication 2, chapter 6.1, only one perspective is shown on investigating the physical

link between windstorms and dynamical factors. Different potential perspectives to investi-

gate the connection between seasonal winter windstorms and dynamical atmospheric factors

have been assessed:

(a) Grid-to-grid: This perspective aims to understand how storms and dynamical factors

locally, per individual grid cell, are connected. This view is an investigation between

storm frequency and a dynamical factor on a grid-to-grid basis, which means each grid

cell of the storm frequency is compared to the same grid cell of the dynamical factor.

The correlation between the respective storm parameter and factor is done for each

grid cell individually. A study on a grid cell basis can be rather variable.

(b) Grid-factor to impact region: This view is evaluating the spatial distribution of

dynamical factors, in regards to a target impact storm region. This investigates from

where the targeted storms are influenced by the dynamical factor. This view uses

the dynamical factors per grid cell and links them to a storm impact region, e.g., UK

(50-60◦N, -25-5◦E). Therefore, the storm parameters are averaged for this region and

correlated to each individual grid cell of the factor. This results in a map of correlations

which present the parts over the North Atlantic of the factors that influences this

specific windstorm area.
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(c) Grid-storm to factor region: This perspective is the inverted view of (b), with

the same aim of a spatial distribution of the connection between dynamical factor and

windstorms, but with regards to a target factor region. This investigates where the

targeted factors influence the windstorms. Grid cell-based factors will be averaged in

10◦x10◦ boxes over the whole study region (-100◦-40◦E & 80-0◦N), and these region-

averaged factors are correlated to windstorm characteristics per individual grid cell.

(d) Box-to-box: This perspective is a combined view to connect an impact storm region

with averaged but homogeneously distributed factor regions. This perspective reduces

the noise due to an individual grid-cell analysis, compared to view a). And is a combi-

nation of view b) and c) as both the target regions of storms and dynamical factors are

used. This view is to understand which region of a factor is mostly linked to storms in

a target region but without being restricted to individual grid points. A storm impact

region is defined, e.g., the UK, and each factor is used as time series of a 10◦x10◦ box

average. This view is included in the 2nd publication (chapter 6.1, Fig. 6.4 & C.3).

The additional chapter will focus on the views a) to c). Two example factors, EGR 400hPa

(Fig. 6.7) and MSLP gradient (Fig. 6.8), are shown to represent this method, to understand

the link between dynamic factors and windstorm frequency and assess the robustness of the

physical connection.

6.2.1 Eady Growth Rate (400hPa)

The EGR (400hPa) is one of the primary dynamical factors that chapter 6.1 focuses on. Fig.

6.7 shows views a) to c) for EGR 400hPa. The grid-to-grid view strongly connects EGR and

storm frequency over most of the North Atlantic. The maximum correlation at around 35◦

N and 50◦ W aligns with many publications showing this area as the storm genesis region.

The upper tropospheric EGR is a significant driver of that genesis (Hoskins & Valdes, 1990).

The view b) as the grid-factor perspective is used to understand where the link between
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Figure 6.7 Different perspectives on the analysis of the connection between wind-
storm frequency and EGR in 400hPa, in ERA5 (top) and GloSea5 mean over all
member-individual correlations (bottom). The significance correlation-test is only
calculated for ERA5 (top row), as GloSea5 (bottom row) is an average over all in-
dividual members.

EGR over the North Atlantic is the strongest to windstorms over the British Isles (and

the region with the highest forecast skill, Fig. 5.1). This is seen as a whole band from

Newfoundland, north of the North Atlantic, over Scotland to Scandinavia. While regions

west of the target region are an indicator for causing storms, regions east of the target box

might be more consequence of the storms. The opposite perspective of this is view c) which

takes storm-related regions of EGR and represents the areas where this factor is linked the

most to storms. Here the region of 10◦ to 20◦W and 50◦ to 60◦N is shown as an example

(Fig. 6.7). This concludes clearly that EGR (400hPa) affects mostly storms downstream, as

highlighted by Pinto et al. (2008). The ensemble mean is expected to be lower, but similar

regions show the link between storms and EGR 400hPa in the model.
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Figure 6.8 Different perspectives on analysing the connection between windstorm
frequency and Mean Sea-Level Pressure Gradient, in ERA5 (top) and GloSea5 mean
over all member-individual correlations (bottom). The significance correlation-test
is only calculated for ERA5 (top row), as GloSea5 (bottom row) is an average over
all individual members.

6.2.2 Mean Sea-Level Pressure Gradient

The MSLP gradient is an example of a secondary dynamical factor from chapter 6.1. The

grid-to-grid view in ERA5 shows over the whole North Atlantic region a significant link

between MSLP gradient and windstorm frequency (Fig. 6.8). MSLP gradient north of the

target region are mostly linked to storms over the UK (see grid-factor). This agrees well

with existing knowledge that extreme wind speeds are mainly south of the ETCs hitting

Europe (Leckebusch et al., 2008b). For the grid-storm perspective (view c), the same factor

region as for EGR has been selected. The MSLP gradient in this region is strongly linked to

windstorms downstream the box, hence, the British Isles and Central Europe.

Similar to the EGR 400hPa example, the GloSea5 results in Fig. 6.8 show a weaker link

than the ERA5 results, but the patterns are similar in all three views. While the grid-to-grid

view is generally strongly linked over the North Atlantic, the other two views show slightly

shifted centres compared to ERA5. The strongest link appears in the grid-factors view,
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and the grid-storm perspective is more centred on the target regions. This could mean the

physical connection between windstorms and MSLP gradient is slightly shifted in GloSea5

compared to ERA5. Nonetheless, chapter 6.1 showed the MSLP gradient as an essential

factor for improving windstorm forecast skill, even with that shift.

6.2.3 Conclusion

This chapter investigates different ways of connecting windstorm frequency and dynamical

factors in ERA5 and GloSea5. Three additional views have been presented for two example

factors (MSLP gradient and EGR 400hPa). These different views are additional information

to the published view in chapter 6.1. Each view focuses on a slightly different aspect, but all

investigate the physical connection between windstorms and the individual dynamical factor.

View a) grid-to-grid is the most complicated perspective for the model as it investigates each

grid cell individually, which means the results can be quite scattered. View b) grid-factor and

c) grid-storm are contradicting perspectives in terms of the impact. One is showing in which

region the factor is influencing storms over a target region (b) grid-factor) and the other is

the opposite of which storms are influenced by a factor in a fixed area (c) grid-storms). And

all show an agreement of the physical link in ERA5 and GloSea5, which means the results,

published in chapter 6.1, Fig. 6.4, are robust even with different perspectives.
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Chapter Seven

Signal-to-Noise paradox in seasonal

winter windstorm predictions
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Do windstorms cause the Signal-to-noise paradox?

The third part of this thesis focuses on the signal-to-noise paradox (Eade et al., 2014). The

first result chapter revealed that the signal-to-noise paradox also exists in seasonal forecasts

of winter windstorms (chapter 5.1.4, Fig. 5.8). It is still the question of where the paradox

originates. The first part of this chapter is written as a Research Letter and will be submitted

for publication to Atmospheric Science Letters. The idea and concept of this part are from
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7. Signal-to-Noise paradox in seasonal winter windstorm predictions

Lisa Degenhardt, Gregor C. Leckebusch and Adam A. Scaife. A research visit at the Met

Office in May 2023 led to cooperation and scientific meetings with Doug Smith and Steve

Hardiman. Latter assisted with the eddy feedback calculation and provided his scripts for

this part of the study.

7.1 Signal-to-noise paradox dependent on winter wind-

storm counts over Europe

Abstract

The signal-to-noise paradox exists in different seasonal and decadal ensemble forecasts. The

causes for its existence are not fully understood yet but are known to be a limitation for

the predictability of forecasts on seasonal to decadal time scales. Multiple studies detect

the paradox in forecasting different parameters, especially for the North Atlantic Oscillation

(NAO). This study focuses on the fact that the seasonal forecast of severe winter windstorm

characteristics is skilful in different forecast suites. However, the signal-to-noise paradox is

also present in these predictions. The seasonal multi-model data set from Copernicus (C3S)

focusing on the UK Met Office model version 5, GloSea5, is used to investigate if severe

winter windstorms impact the known NAO signal-to-noise paradox. The ratio of predictable

components (RPC) measures the signal-to-noise paradox, while it exists when the RPC is

greater than 1. A sub-sampling approach shows that stormy seasons lead to a higher RPC

for the NAO than quiet storm seasons, thus resulting in a stronger signal-to-noise paradox.

This is mainly due to a drop in the ensemble mean standard deviation of the NAO. Other

models of the C3S ensemble are not revealing the same clear result but show a tendency

towards it. The eddy feedback is one potential cause of the signal-to-noise paradox but

cannot be identified as the cause of significantly higher RPC in stormy seasons than in quiet

seasons for the NAO forecast in GloSea5.
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7.1.1 Introduction

The signal-to-noise paradox is a limitation in mid to long-range ensemble predictions. First

investigations in understanding and quantifying this paradox are published by Eade et al.

(2014) and Scaife and Smith (2018). They established the ratio of predictable components

(RPC), which compares the forecast skill of the model (as the correlation between observation

and ensemble mean) to the averaged prediction of the model itself (as the averaged correlation

between each ensemble member and the ensemble mean). If the RPC is higher than 1, the

model can predict the reality better than its ensemble members (Eade et al., 2014). Multiple

studies investigated the existence of the signal-to-noise paradox in different model suites

and for different parameters, like for the North Atlantic Oscillation (NAO), mean-sea-level

pressure (MSLP; Smith et al., 2020) and the Eddy-driven Jet (Marcheggiani et al., 2023)

in decadal data, the surface atmospheric temperature in CMIP5 data (Sévellec & Drijfhout,

2019) or the Arctic Oscillation (Hardiman et al., 2022) and East-Atlantic Pattern (Thornton

et al., 2023) in seasonal forecast suites. In addition to these diagnostic studies, first attempts

are published to understand the signal-to-noise paradox and where it originates. Williams

et al. (2023) found that El-Nino-Southern-Oscillation (ENSO) is important for extratropical

predictability but is unlikely the direct cause for the signal-to-noise paradox. Other studies

analysed new model simulations to understand the signal-to-noise paradox, like Knight et al.

(2022). They reduced the error and dynamics in the tropics but still found the signal-to-

noise paradox for the extra-tropics, even with relaxed tropics. One investigation implies a

connection between the signal-to-noise paradox in the NAO forecast and an eddy feedback

parameter (EFP) (Hardiman et al., 2022). They investigated six different seasonal model

suites of the RPC and their relation to an EFP. They summarise that higher eddy feedback

(as the correlation between eddy forcing and the averaged zonal wind) is connected to a

lower signal-to-noise paradox and that multiple models underestimate the eddy feedback.

Correcting the eddy feedback in the seasonal forecast could double the seasonal forecast skill
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of the Atlantic Oscillation for extratropical regions (Hardiman et al., 2022). The EFP as

used in Hardiman et al. (2022) is the correlation of how much energy is transported between

eddies (meaning disturbances of the zonal mean) and the zonal mean itself (as described in

Lorenz, 1955).

Synoptic-scale eddies in the extra-tropics are disruptions in the jet stream, causing synop-

tical circulations like cyclones and hence, extreme wind events. Recent studies showed that

cyclones (Befort et al., 2019) and windstorm frequencies and intensities (Befort et al., 2019;

Degenhardt et al., 2022) are predictable on a seasonal scale. The latter showed that wind-

storm frequency and intensity also have an RPC greater than one (Degenhardt et al., 2022)

with a higher RPC, up to 5, for two different intensity measures over the British Isles.

This study aims to investigate how big the potential influence of windstorms on the signal-

to-noise paradox is because of the assumption that eddies have a huge influence on the

signal-to-noise paradox and the knowledge that a strong paradox exists in the storm forecast.

Therefore, the NAO forecast is used as a reference study, as it is known to have a high RPC

(Smith et al., 2020). The signal-to-noise paradox of NAO will be investigated for different

sub-samples to distinguish the influence of windstorms. Seasons with many storms represent

the sub-sample stormy seasons, and with few storms, the sample quiet seasons.

This introduction will be followed by a short Data and Method section (section 7.1.2 & 7.1.3).

The results are separated into a multi-model investigation of the NAO-RPC in section 7.1.4

and an analysis to assess the found signal (section 7.1.5). This section finishes with a short

Discussion and Conclusion (section 7.1.6).

7.1.2 Data

This study investigates seasonal forecast ensemble models compared to the observational data

set, ERA5 from the ECMWF (Hersbach et al., 2019). The UK Met Office’s Global Seasonal

Forecasting System version 5 (GloSea5) is mainly used (MacLachlan et al., 2015), but mul-
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tiple European seasonal forecast suites have been assessed (not all shown). All data sets

are available on the Copernicus Climate Change Service (C3S; Copernicus Climate Change

Service, 2023c), German weather service (DWD; Fröhlich et al., 2021), European Centre

for Medium-Range Weather Forecasts (ECMWF; Johnson et al., 2019), Euro-Mediterranean

Center on Climate Change (CMCC; Gualdi et al., 2020), and Météo France (MF; Batté

et al., 2021). The main focus of this study is on GloSea5 because it is known to have a

high RPC for NAO (Scaife & Smith, 2018) and a skilful windstorm prediction over Europe

(Degenhardt et al., 2022). Model suites like DWD and CMCC will be used for a multi-model

approach because they show, besides GloSea5, high forecast skill for the NAO (close to 90%

significance). Models like the ECMWF and MF have been investigated but are not presented

in this section as they have very low forecast skills for the NAO.

The following parameters have been used for all data sets: the mean sea-level pressure

(MSLP) for the NAO-index and further investigations and wind components in 500hPa for

the EFP. The windstorm tracking used to separate into stormy and quiet seasons is only

calculated for ERA5 with 10m wind speed. All data sets have been used on their original

spatial resolution. Analysis has been done for the core winter (December-January-February)

and the period from 1993 to 2016 (23 seasons).

7.1.3 Method

The NAO can be calculated in multiple ways (Leckebusch et al., 2008a). The Empirical

Orthogonal Function (EOF) followed by a Principle Component Analysis (PCA) has been

used on the observational data, each ensemble member and a total model data set (overall

members) to obtain the individual NAO indices. As the EOF patterns of ERA5 and GloSea5

are very similar, the GloSea5 data is projected onto the ERA5 pattern in the PCA for a

better comparison. The NAO index is calculated with monthly MSLP data, but the analysis

is performed with the obtained seasonal mean. The NAO index is per model member indivi–
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Continue of Tab. 7.1.

2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
8 3 4 3 3 4 3 14 6 8

S
Q

8 5 4 3 4 4 3 14 6 8
S
Q

12 9 6 5 10 6 5 18 8 9
S
Q

12 8 9 12 12 6 10 21 9 10
S
Q

0.589 0.704 -0.175 -2.135 -0.925 0.773 -0.645 0.612 0.707 0.581

dually standardised, meaning each NAO time series has been subtracted by its individual

mean and divided by its standard deviation before being used in any further calculations.

Figure 7.1 Regions for different separa-
tion per storm counts. Region 1 - -15-10◦E
& 48-60◦N (light blue), region 2 - -15-20◦E
& 48-64◦N (dark blue), region 3 - -40-20◦E
& 48-64◦N (green), region 4 - 50-10◦W &
40-60◦N(red).

This study separates the whole data set into

stormy and quiet seasons. This is based on

ERA5 storm tracks, tracked with an impact-

based algorithm (Leckebusch et al., 2008b).

The sub-samples are defined over the number

of storms crossing a pre-defined region. Four

regions with different reasons have been used

in this study for the sub-sampling. Fig. 7.1

shows the defined regions, and Tab. 7.1 sum-

marises the storm counts and separation for

each region. Region 1 focused on the UK (-

15-10◦E & 48-60◦N) includes the centre of skilful seasonal windstorm frequency predictions
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found by Degenhardt et al. (2022). Region 2 (-15-20◦E & 48-64◦N) is a similar box but

slightly extended to southern Scandinavia, which is also skilful in windstorm predictions.

Regions 3 (-40-20◦E & 48-64◦N) and 4 (50-10◦W & 40-60◦N) are selected with the reason of

the Atlantic storm tracks and represent areas of more storms. Regions 3 and 4 have been

investigated but do not show as clear and significant results as the separation with storms

from regions 1 and 2, hence, only these two regions are shown in the following chapter.

The ratio of predictable components (RPC) is used to identify the signal-to-noise paradox.

In this study, a similar equation (see eq. 7.1) as in Eade et al. (2014), Scaife and Smith

(2018), Smith et al. (2020), and Hardiman et al. (2022) is used.

RPC =
rmo

rmm

≃ rmo
σensmean

σtotal

(7.1)

All the different components will be presented in the results, rmo as the correlation between

observations and model ensemble mean, rmm as the averaged correlation of each ensemble

member to the ensemble mean, σensmean as the standard deviation of the ensemble means

time series and σtotal as the standard deviation over all members, hence the total model. The

used measures, Pearson’s correlation and standard deviation, are used as uncentred versions.

This means that while using sub-samples (stormy, quiet, NAO+ or NAO–), the statistical

measure is not centred on the sub-samples mean but on the mean of all data. This is done to

ensure a clear comparison of the sub-sample to the results of all data. Eq. 7.2 & 7.3 indicate

the used equations, commonly used standard deviation and Pearson’s correlation equations

with different means of the individual data sets.

sd =

√∑
(xi subsample − xall data)2

n− 1
(7.2)

cor =

∑
(xi subsample − xall data)(yi subsample − yall data)√
(xi subsample − xall data)2(yi subsample − yall data)

2
(7.3)
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Further investigations in this study investigate the EFP. The EFP is calculated as in Hardi-

man et al. (2022) and Scaife et al. (2019a). They used the horizontal Eliassen–Palm-flux

divergence (Eq. 7.4, with ρ is density, a the radius of the earth, ϕ is the latitude, (u, v) are

the zonal and meridional wind components with ′ being the difference to the respective zonal

mean) as a seasonal average and correlated it with the seasonal zonal mean zonal wind ū.

∇ · FH

ρacosϕ
=

−1

acos2ϕ

d(u′v′cos2ϕ)

dϕ
(7.4)

This parameter represents the connection between the zonal Eddy forcing and the general

zonal wind. As higher this parameter’s value, as stronger the energy exchange between the

Eddy Kinetic Energy and the zonal mean kinetic energy in the Lorenz energy cycle (Lorenz,

1955).

7.1.4 Influence of windstorms on NAO paradox

To understand the influence of severe winter windstorms on the signal-to-noise paradox,

Fig. 7.2 shows the RPC and all related components for the NAO in different sub-samples

in different seasonal forecast models. The results in Fig 7.2 used region 1 as the basis for

the sub-samples. Fig. 7.4 shows an example for region 2. The bottom row of Fig. 7.2a

(GloSea5) represents all components of the RPC in the total data set of 23 seasons within

the UKMO model, GloSea5. The RPC of 2.69 for the NAO forecast is similar to values that

have been found in previous studies for that model (e.g., Scaife & Smith, 2018).

To understand the influence of storms on the signal-to-noise paradox, the same RPC, incl.

all components, has been calculated for the two sub-samples, stormy and quiet seasons. This

means the 10 seasons with the most storms in the predefined region create the sub-sample of

stormy seasons. The sub-sample of quiet seasons, in this case, has 13 seasons because ERA5

storm counts are integers, and the ranks 8 to 13 have the same amount of storms (see Tab.

7.1). These two sub-samples show that the NAO-RPC for stormy seasons is significantly

higher than a random sampling (significance tested by bootstrapping with 10.000 random
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Figure 7.2 Ratio of Predictable component (RPC - green legend) and the individual
components (rmo & rmm - blue-to-orange legend, σtotal & σensmean - purple legend)
for NAO in the whole data set, in stormy, quiet, NAO+ and NAO– seasons. For
selected C3S data sets. Separation for region 1 (-15◦-10◦E & 48◦-60◦N). Significance
tested with correlation test for correlation columns, rest by 10.000 bootstrapping,
* is 90%, ** is 95% significant. (Dashed) Arrows mark when two values are more
than 2σ (1.7σ) apart. Grey arrows represent the test after removing 5% outliers in
bootstrap distribution.

resamplings). The RPC for quiet seasons is similar to the RPC with all data. Due to the

different components of RPC, it can be concluded that this change in RPC is resulting from

a drop of the rmm, which is related to the lower σensmean for stormy seasons compared to

quiet seasons. The arrow between stormy and quiet seasons shows that these values are 2

standard deviations from each other (dotted arrow means 1.7 standard deviations ∼ 90th

percentile, Pukelsheim, 1994). This aligns with the idea that stormy seasons have a higher
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Figure 7.3 As Fig. 7.2 for Multi-Model-Mean approaches in region 1 (-15◦-10◦E &
48◦-60◦N).

RPC, hence, a higher signal-to-noise paradox. It is known that stormy seasons tend to be

in NAO+ phases (Donat et al., 2010). Hence, a sub-sampling into NAO+ and NAO– has

additionally calculated (see separation in Tab. 7.1). 8 out of 10 seasons are in sub-sample

stormy seasons, and NAO+ and all NAO– years are within the sub-sample of quiet seasons.

Still, Fig. 7.2a shows that even the RPC for NAO+ seasons is slightly increasing but is only

significantly higher on a 90% level than random sampling. The difference in the RPC for

NAO+ and NAO– seasons has another reason than the increase for the stormy season RPC.

The NAO+ seasons show a higher forecast skill (rmo) than the NAO– seasons. This is due

to a higher (1.7σ) σtotal in the NAO– seasons.
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Figure 7.4 As Fig. 7.2 & Fig. 7.3 for region 2 (-15◦-20◦E & 48◦-64◦N).

Another approach to identifying if severe winter windstorms impact the NAO predictability

is to remove data points from the data set that include storms. This has been assessed with

multiple definitions of a storm data point, all storms over a specific region (North Atlantic,

UK) or the strongest 30/50 storms in a region or the longest 30/50 storms in a region. Only
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one set is presented in Fig. 7.2a as the results are all similar. The example set is calculated

by removing all time steps that include a storm that affects the British Isles. This new data

set without UK storms has been used to calculate the NAO index, and the top row of Fig.

7.2a shows the RPC results for this index (only for GloSea5). The RPC for the NAO without

UK storms is not significantly lower than usual, and the skill (rmo) is still significant for the

NAO. The RPC drops slightly due to a slight increase in the averaged member correlation

(rmm). This led to the result that the signal-to-noise paradox in the NAO forecast is hardly

influenced by the storms, as there is no difference in the RPC if no storms over the UK exist.

The GloSea5 results show that the strongest and most significant signal appears with a sub-

sampling of stormy and quiet seasons. Hence, this has been done for more available seasonal

forecast models in the C3S data collection. Fig. 7.2 includes the results for GloSea5, CMCC

and DWD, as these are the only three model suites with a forecast skill of NAO close to

90% significance. Hence, these three systems are used for a multi-model-mean (MMM)

approach (Fig. 7.3). The MMM has been performed with two different approaches, firstly

”unweighted”, means all ensemble members have been used, GloSea5 (63 members), DWD (30

members) and CMCC (40 members), and secondly ”weighted”, means that each model suite

was averaged to an individual model mean before used for the MMM. The same pattern of a

stronger RPC in stormy seasons appears in both individual model suites (CMCC and DWD,

Fig. 7.2b & c) and both MMM-approaches (Fig. 7.3a & b), but are all not significant on a

90% level. The stormy RPC values in the MMM (Fig. 7.3) are above the 70% percentile of a

random sampling distribution. The stormy and quiet RPCs of the MMM weighted approach

differ on a 90% level. DWD (Fig. 7.2c) shows that the sub-sampled RPCs for NAO+ and

NAO– prediction are 1.7 standard deviations from each other, means separated by roughly

90% of the data, but individually not significant on a 90% level.

Fig. 7.4 includes the individual model and MMM results for a second example region. Region

2 is an extended version of region 1. Hence, a similar result was expected. It is seen that

the RPC difference between stormy and quiet seasons in GloSea5 (Fig. 7.4a) is persistent
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Figure 7.5 Mean sea level pressure predictable component of the observations as
standard deviation of ERA5 multiplied with the forecast skill (left) and the pre-
dictable component of the model ensemble mean as standard deviation of the en-
semble mean (right) for stormy (top) and quiet (bottom) seasons in GloSea5 for
region 1 (-15◦-10◦E & 48◦-60◦N).

and even increases, the same for the weighted MMM (Fig. 7.4e).

7.1.5 Potential reasons

Eddies are one of the expected causes of the signal-to-noise paradox, with the argument that

the eddy feedback is underestimated in ensemble models (Hardiman et al., 2022). Synoptical,

near-surface representations of eddies are cyclones and storms. Hence, it is assumed that

stormy seasons have more eddies and might be more affected by a potential misrepresentation

(underestimation, Hardiman et al., 2022), which causes the signal-to-noise paradox. Fig. 7.5

and Tab. 7.2 represent calculations along this hypothesis for the storm separation by region

1. The MSLP predictable components (Fig. 7.5) are used as a spatial representative for the

NAO. It shows ERA5 has a clear difference between the stormy seasons and the quiet seasons,

while GloSea5 is not reproducing this variability as clearly. In stormy seasons GloSea5 (Fig.
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7.5b) cannot reproduce the signal of a strong pole downstream the British Isles as in ERA5

(Fig. 7.5a). In the quiet season, the pattern is similar, but the two poles are further east in

ERA5 (Fig. 7.5c) than in GloSea5 (Fig. 7.5d).

Table 7.2 Eddy feedback parameter (like
Hardiman et al., 2022) for all 23 sea-
sons and as sub-samples from stormy and
quiet seasons in ERA5 and GloSea5 en-
semble mean, incl. model member error as
2σmember/

√
nmember, for all tested regions.

ERA5 GloSea5 Error
All 0.323 0.253 0.014
-15◦-10◦E & 48◦-60◦N
Stormy 0.351 0.301 0.022
Quiet 0.309 0.261 0.020
-15◦-20◦E & 48◦-64◦N
Stormy 0.320 0.296 0.020
Quiet 0.349 0.262 0.021

The EFP (Tab. 7.2) is a parameter to repre-

sent the strength of the connection between

the eddy forcing and the general zonal wind.

This parameter describes one component in

the Lorenz energy cycle (Lorenz, 1955). A

lack of this process could explain the signal-

to-noise paradox (Hardiman et al., 2022).

The values for ERA5 and GloSea5 in dif-

ferent sub-samples are listed in Tab. 7.2.

The GloSea5 correlations are lower than the

ERA5 EFPs. More important, the EFPs in

the stormy seasons are higher in both data

sets, ERA5 and GloSea5. The EFP was expected to show a stronger error in stormy seasons

than in quiet seasons between ERA5 and GloSea5, which is not the case for these regions.

7.1.6 Discussion and Conclusion

This study aims to understand further the cause of the signal-to-noise paradox (e.g., Eade et

al., 2014), which is found in seasonal and decadal ensemble forecasts. Previous investigations

presented that the winter windstorm seasonal prediction includes the signal-to-noise paradox

in seasonally averaged storm amount and intensity measures (Degenhardt et al., 2022). An

especially high RPC was found for the latter parameter. Other studies investigated the cause

of the signal-to-noise paradox and found the EFP is linked to the paradox and might be a

potential reason (Hardiman et al., 2022). As windstorms are eddies from the mean zonal
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flow, this could mean that windstorms are part of the reason for the signal-to-noise paradox.

This study analysis if severe winter windstorms influence the strength of the paradox within

the NAO seasonal prediction.

This study investigates five seasonal forecast models (GloSea5, ECWMF, DWD, CMCC &

MF). However, only three (GloSea5, DWD & CMCC) have a general NAO forecast skill close

to 90% significance. Hence, they are chosen to be presented in this study. All models show

an RPC greater than one for the NAO forecast from 1993 to 2015. The UK model, GloSea5,

shows the highest RPC with 2.6866. CMCC and DWD show an NAO forecast skill close

to or over the 90% significance and also show an RPC greater one for 23 seasons. These

three seasonal models show combined high forecast skill in the multi-model-mean approach

but also result in a high RPC, 2.7489 (unweighted) and 3.0109 (weighted). This study

investigates if different atmospheric configurations influence the RPC based on respective

sub-samples of seasons. The stormy sub-sample, with the 10 most stormy seasons in reality,

shows a significantly higher RPC only for GloSea5. Originally the 10.000-bootstrap did

not show a significant difference between the stormy and quiet RPC for GloSea5. Still,

analysis of the bootstrap distribution with whisker-box plots shows a high rate of outliers

(Aguinis et al., 2013). Removing the 5% highest and lowest outliers for the distribution

of bootstrapped RPC reduces the standard deviation and shows that the stormy & quiet

RPCs are significantly different. In the MMM approaches, this pattern is reproduced but

with a lower and less significantly higher RPC for stormy seasons. This could be justified

by the fact that only GloSea5 is so far known to be skilful in storm frequency forecasts and

has a high signal-to-noise paradox in windstorm forecasts (Degenhardt et al., 2022). The

highest total NAO-RPC from the here presented individual models exists in the GloSea5

model. The reduced RPC for DWD or CMCC could be due to the definition of regions

separating into stormy and quiet seasons. This is based on the GloSea5 forecast skill and

not the individual model regions with skilful storm forecasts. However, the weighted MMM

show a significant difference between the stormy RPC and quiet RPC on a 90% level (1.7σ
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difference, Pukelsheim, 1994) in both regions.

The separation into stormy and quiet seasons is based on four different regions as references,

chosen for different reasons. The regions presented in this section are the two that show the

clearest increase for the stormy sub-sample in NAO-RPC but are simultaneously the regions

based on the found forecast skill in windstorm characteristics. This means the influence

of windstorms on the NAO signal-to-noise paradox is the strongest in regions that show a

significant forecast skill in windstorm predictions and the highest signal-to-noise paradox in

windstorm forecasts.

This study shows a significant increase in RPC for stormy seasons in the GloSea5 seasonal

model. It is robust in similar regions but insignificant in other seasonal models or a multi-

model approach. The higher RPC in stormy seasons results from a lower standard deviation

of the ensemble mean, which reduces the forecast skill slightly but mainly reduces the average

of member correlations to the ensemble mean (significant with 1.7σ difference). This might

be in relation to the difference in the seasonal MSLP pattern over the North Atlantic. The

predictable component of MSLP is higher in ERA5 than the standard deviation of the

GloSea5 ensemble means. Besides the strength of the pattern, the general structure of the

MSLP is not well represented in GloSea5. The strong pole at the end of the Atlantic storm

track in ERA5 for stormy seasons is not reproduced in GloSea5.

The eddy feedback has been assessed as a potential cause for the increased RPC in stormy

seasons. Hardiman et al. (2022) investigated the eddy feedback in relation to the RPC in

multiple seasonal models. They found an underestimation of the EFP in the different models

and that a potential improvement could reduce the signal-to-noise paradox (Hardiman et

al., 2022). The same EFP was used in this study, resulting in similar values for ERA5

and GloSea5 for all data as in Hardiman et al. (2022). However, the EFPs for stormy and

quiet seasons do not confirm the assumption that the eddy feedback might be even stronger

underestimated for stormy than for quiet seasons and hence, causing the higher signal-to-

noise paradox. However, GloSea5 underestimates the EFP compared to ERA5, in general.
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The initial objective of this study was to investigate the influence of windstorm activity on

the signal-to-noise paradox. Therefore, the NAO forecast has been used and investigated for

stormy and quiet sub-samples. This study concludes that storms might influence the signal-

to-noise paradox but are not the full explanation, given that removing storm time steps has

not decreased the RPC and the signal is not coherent between different models. However,

the strongly increased RPC in stormy seasons in GloSea5 is robust within slightly different

regions. Hence, the windstorm activity has a potential influence, although only significant

in GloSea5.
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7.2 Additional Outcome: The Signal-to-noise Paradox

in Seasonal Predictions of Storm-related Dynamical

Factors

The RPC has been investigated for different storm characteristics (see chapter 5.1) and for

the NAO and different sub-samples of the NAO (see chapter 7.1). However, the established

dynamical forcing factors (see chapter 6.1) can show signs of the signal-to-noise problem

within their forecast, which would make it more difficult to reach the actually possible pre-

dictability. As these factors influence storm predictions, a potential signal-to-noise paradox

within the factors could be a reason for a reduced skill in storm predictions. This additional

chapter investigates the signal-to-noise problem in the dynamical factors analysed in chapter

6.1, with the focus on the two secondary factors, MSLP gradient and SST, and the two pri-

mary factors, Θe and EGR (400hPa). The RPC maps for all other factors are in Appendix

D, Fig. D.1. More details and further explanations about the signal-to-noise paradox can be

found in the Literature overview (chapter 2.5) and more about the RPC-calculation in the

Methods (chapter 4.3).

The major studies published so far on the signal-to-noise paradox and the RPC are inves-

tigating mainly the NAO forecast (e.g., Eade et al., 2014; Scaife & Smith, 2018). Chapter

5.1 shows the first time the RPC for storm characteristics (see Fig. 5.8). An RPC greater

than 1 indicates the signal-to-noise paradox to exist in the individual forecast. For storm

frequencies, the RPC is >1 downstream of the North Atlantic storm track, over the British

Isles, the North Sea and Scandinavia (chapter 5.1, Fig. 5.8a). The storm intensity measures

show strong RPC-values over the British Isles with values higher than three close to Ireland

(chapter 5.1, Fig. 5.8b-c).

The second part of this thesis connects primary and secondary dynamical factors to wind-

storms and the windstorm seasonal forecast skill. The four main factors investigated, MSLP
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gradient, SST, Θe and EGR, show an increase in windstorm forecast skill when specific re-

gions (skilful predicted regions) are well predicted (see Fig. 6.6 and respective discussion in

chapter 6.1). The areas for the MSLP gradient, which are regions with significant MSLP

gradient forecast skill, are a combination of a box over the British Isles and the North Sea,

the southern North Atlantic and close to America’s east coast. SST is well predicted over

the whole North Atlantic, and in seasons where this region is well predicted, the storm

forecast skill is improving over Europe. Θe showed a substantial increase in European sea-

sonal windstorm forecast skill when a region over the UK, south of Greenland, and south of

Newfoundland is well predicted in Θe. The EGR for the upper troposphere (400hPa) was

only skilful predicted in a small region over the North Atlantic between 50◦ and 60◦N. How-

ever, correct EGR forecasts in this region have a small but positive effect on the windstorm

forecast skill over Europe.

Fig. 7.6 shows the RPC per grid cell for the four most important factors for seasonal storm

predictions (MSLP gradient, SST, Θe & EGR). An RPC higher than one implies the existence

of a signal-to-noise paradox.

Fig. 7.6a shows the RPC for the MSLP gradient. The signal-to-noise paradox (RPC>1)

exists as a coherent region over the northern North Atlantic and the British Isles, even with

values higher than three around Scotland. SST predictions (Fig. 7.6b) have very low RPC

values, with only a few values above one around the British Isles, which means that the

found forecast skill for SST is robust and can be assumed as being the real skill (Fig. 6.5b).

The primary dynamical factor, Θe, shows a similar region of high RPC values like MSLP

gradient (Fig. 7.6c). The RPC values show a signal-to-noise paradox for an extensive part of

the northern North Atlantic, including the British Isles. GloSea5 predictions of EGR 400hPa

have a high RPC mainly over the northern parts of the North Atlantic, with scattered grid

cells of an RPC over three.

The information gained from chapter 5.1 - Fig. 5.8 and from chapter 6.1 - Fig. 6.6 are nicely

connected due to the results from this additional result chapter and Fig. 7.6. The areas of
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MSLP Gradient SST

Eady 400hPaTheta-e 850hPa

a) b)

c) d)

Figure 7.6 Ratio of Predictable component (PRC) for the four main influencing
dynamical factors, only values higher than one are coloured.

high RPC in MSLP gradient, Θe and EGR 400hPa are similar to the areas of high RPC in

storms, which agrees to the idea that these factors are mainly influencing winter windstorms

and also have a high impact on the forecast skill of seasonal windstorm characteristics. But

these regions are also the same as found in chapter 6.1, Fig. 6.6, influencing the forecast skill

of winter windstorms. The same regions have a high RPC/the signal-to-noise paradox and

are essential to improve the windstorm forecast skill. This means the factor-own forecast

skill has the potential to be higher which could enhance the storm forecast skill, as shown

in chapter 6.1.
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8.1 Overall Summary

This thesis investigates seasonal forecasts of severe winter windstorms over Europe. The

three main result chapters present new investigations and gained knowledge about forecast

skill (chapter 5), the physical dynamics leading to the skill (chapter 6) and constraints of

the seasonal ensemble forecast model (chapter 7).
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The first investigation (chapter 5.1) analyses the seasonal forecast model of the UKMO in

regards to seasonal predictability of severe winter windstorm frequency and intensity. This

part aims to understand the link between storm characteristics and large-scale patterns over

Europe. A persisting seasonal forecast skill over the British Isles and southern Scandinavia

has been found for winter windstorm frequencies in the model’s updated version, like Befort

et al. (2019). But also, for the first time, a skilful prediction of similar regions for seasonally

averaged storm intensities has been discovered. These results show that the seasonal model

can predict objectively tracked windstorms as a seasonal average. These include the 2%

strongest storm events over Europe as the threshold for tracking is to exceed the local 98th

percentile per grid cell. A known connection between windstorms and the large-scale pattern

NAO has been found for not only frequency but also intensities. Further investigations

show a positive connection between windstorm characteristics and additional patterns, SCA

and EA. These have been used as predictors to build a statistical model predicting storm

characteristics (frequency and intensity measures) per season. These multi-linear regressions

can explain up to 80% of the variance for the storm frequency and up to 60% of storm

intensities. However, the indirect-regression approach is not as skilful as the direct model

approach, using the dynamical simulations of windstorms in the numerical model. However,

adding SCA and EA in the multi-linear regression has improved the statistical forecast

approach. Both patterns explain storm variance over the North Atlantic region, where

previous studies found gaps using only NAO (Befort et al., 2019). Further investigations

regarding the large-scale patterns influencing the storm’s forecast skill (chapter 5.2) showed

that the seasonal skill in all storm characteristics mainly developed from the neutral seasons

of the large-scale patterns.

The knowledge gained about skilful storm characteristics (frequency and intensity measures)

on a seasonal average leads to the question of which physical mechanisms are well represented

in the model, hence, support the storm forecast skill or might need to be improved to improve

the existing storm skill. Ten dynamical atmospheric factors have been assessed in a newly
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developed 3-step approach to investigate whether the ensemble model is skilful on a seasonal

scale due to the correct physical reasons (see chapter 6). The developed approach for this

study investigates firstly if the link between storm frequency and the dynamical factor exists

in the model in the same way as known in the reanalysis. The second step investigates

if the dynamical factors which show a well-represented connection are well-predicted on a

seasonal scale. And the third step analysis which regions with higher factor forecast skill

are a necessary criterion to improve the seasonal forecast of windstorms. The four main

focus factors (two primary factors - MSLP gradient & SST - and two secondary factors -

Θe & EGR - see chapter 6.1) represent the physical link between factor and storm known

from observations in the model (step 1). Additional perspectives on the connection between

storms and factors have been evaluated and conclude a coherent result for the main primary

and secondary factors, upper tropospheric EGR and MSLP gradient. Primary and secondary

factors showed in the second step storm-related regions of positive and significant seasonal

forecast skill. In the third step, some of these regions were identified as fundamental for

improving the forecast skill of severe winter windstorms over large parts of Central Europe

and southern Scandinavia/North Sea.

The third part of this study investigates the signal-to-noise paradox for extreme windstorms

over Europe and the North Atlantic. This paradox has been found in multiple model suites,

from seasonal to decadal scales (see chapter 2.5 for more details). This study shows that

the paradox exists for the seasonal winter windstorm predictions for both storm frequency

and intensity (see chapter 5.1). A stronger paradox exists in the model for storm intensities

(RPC > 3) than for frequency (RPC > 1) over the British Isles. This study looks into the

main influencing factors for storm predictions. Hence, these factors were also assessed for

the existence of the signal-to-noise paradox. The primary factors, Θe and EGR 400hPa,

and the secondary factor, MSLP gradient, show a high RPC in the same regions as the

storm frequency. Hence, this could also be an additional limitation in forecasting severe

winter windstorms over Europe, as the dynamical factors responsible for the seasonal storm
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forecast skill are limited in their predictability due to the signal-to-noise paradox. Chapter 7.1

summarises if storms could be influencing or causing the signal-to-noise paradox in models.

Previous studies have connected the eddy feedback, which describes the energy transport

between small-scale eddies and the zonal mean flow, to the paradox. The hypothesis is that

the underrepresented eddy feedback causes the signal-to-noise paradox (Hardiman et al.,

2022). The third part investigates how the RPC of the NAO index changes with different

data sub-samples dependent on the season’s storm activity. Seasons with many storms have

a significantly high RPC, as the signal in the model decreases while the noise and the skill

in the NAO persist the same. This agrees with the idea that the eddy feedback influences

the signal-to-noise paradox (Hardiman et al., 2022), as the EFP is higher in stormy than in

quiet seasons.

8.2 Discussion

This study presents three investigations regarding seasonal forecasts of severe winter wind-

storms over Europe. Firstly, the general skill of these seasonal forecasts has been investi-

gated. Significant skill, as Kendall correlation, has been found over the British Isles and

Southern Scandinavia for windstorm frequencies in the UKMO model, GloSea5. This aligns

with previous investigations, finding similar regions of significant skill in GloSea5 for storm

frequency (Befort et al., 2019). The same study also investigated two ECMWF seasonal

models, which show less strong forecast skill. Renggli et al. (2011) found forecast skill for

storm frequencies in other data sets with similar skill measures as tested in this study, ROC

and RPSS. This study did not find a clear signal with the RPSS skill measure, but the same

results as Renggli et al. (2011) in the ROC analysis, that the extreme terciles (low and high)

are better predicted. All these studies, including this thesis, used an objective tracking al-

gorithm (Leckebusch et al., 2008b), which tracks the 2% most extreme storm events. These

individually tracked storms are investigated on a seasonal average, either as storm frequency
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or intensity. The latter is a newly investigated measure in this study, as previous studies

mostly focused on the frequency/counts (Befort et al., 2019; Walz et al., 2018a). Other

studies use a different definition of storms or storminess, like Scaife et al. (2014) uses the

10th percentile of MSLP minima, but find high and coherent forecast skill for this stormi-

ness measure. The wind speed, in general, is underconfident in the seasonal forecast (Clark

et al., 2017). A previously mentioned study that used the impact-based tracking algorithm

analysed the connection of windstorm frequency to the NAO (Befort et al., 2019). They

found a clear positive link between storms and NAO north of 45◦N and a negative link south

of 42◦N. The assumption for this study was that NAO explains most of the storm variance

but not all, so maybe other dominant large-scale patterns describe the remaining variance.

The ”map of drivers” from Walz et al. (2018a) identifies the SCA and EA patterns as the

most dominant and important patterns over Central Europe and the North Atlantic after

the NAO. A multi-linear regression approach in this study agreed with the assumption and

showed that SCA and EA increase the total explained variance for storm frequency to up to

80%. This also leads to a potential explanation for why the seasonal forecast of windstorms

over the Central North Atlantic is not skilful. SCA and EA mostly explain it but might not

be as well represented in the model as the NAO. The extra-tropical northern hemispheric

winter (DJF) is, in general, a more complex challenge for the seasonal forecast suites than

the tropics (cf. Kirtman et al., 2013; Scaife et al., 2017b). First attempts to predict the

atmospheric conditions of the extra-tropics by predicting baroclinic waves show that these

are not well predicted yet in seasonal forecast suites (Zhang et al., 2021a). They found the

essential SST-forcing relation exists, which makes a skilful prediction on a seasonal scale

possible, but also, the predictable component in the models needs improvements. Most of

the general seasonal predictability originates from the tropics, with large-scale patterns like

ENSO, QBO or MJO (UK Met Office, 2023c). The UKMO Hadley Centre publishes studies

on the predictability of different variables for European winter seasons (season 2015/16 -

Scaife et al. (2017a); 2016/17 - Dunstone et al. (2018a); 2017/18 & 2018/19 - Knight et al.
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(2021); 2019/20 - Hardiman et al. (2020) and 2020/21 - Lockwood et al. (2022)). These

studies analyse each winter season individually and their forecast performance explicitly,

focusing on general patterns, like the NAO, MSLP, and potential reasons for the individual

forecast performance in the particular season. Seasons like 2015/16 were well predicted com-

pared to observations because of a strong El Niño and westerly QBO which influence the

North Atlantic pressure patterns (Scaife et al., 2017a). The hot and wet winter in 2019/20

in the UK (Hardiman et al., 2020) was caused by a strong NAO and was well predicted,

even on a monthly scale, because of a strong IOD which caused Rossby wave trains from

the tropics into the extra-tropical North Atlantic. Other seasons, like the most recent of

that list, 2020/21, show more uncertainty in the seasonal prediction, as the right NAO sign

was just represented in the model’s ensemble mean after the MJO and the SSW as overall

important teleconnections captured the proper signal (Lockwood et al., 2022).

The second part of the thesis aims to understand the dynamical reasons of seasonal forecast

skill of windstorm frequency. Ten dynamical factors with the knowledge of influencing cy-

clones or windstorms have been investigated in a newly developed 3-step approach. The main

factors are, first, well represented in their connection between dynamical factors and storm in

reanalysis and model. Second, show skilful regions which are influential for windstorms, and

third, skilful and storm-relevant regions have a potential to improve seasonal storm forecasts

over wider parts of Europe, incl. British Isles, North Sea and southern Scandinavia. These

factors are, for example, the Eady Growth Rate in the upper troposphere (400hPa) and

equivalent potential temperature in 850hPa. The same factors have been investigated and

linked to storms by Pinto et al. (2008). Other well-represented but more general large-scale

factors are, for example, the MSLP gradient or SST (Shaw et al., 2016). Both show coherent

results in the approach, including improved storm forecast skill. Other factors analysed have

not shown a clear and coherent result, as some might be linked on different spatial or tempo-

ral scales. This study utilised all factors as seasonal averages, but dynamical factors like PV

might influence windstorms or cyclones on smaller time scales. Hoskins and Hodges (2019)
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linked cyclone track density to vorticity maxima or a 2-6-day bandpass-filtered vorticity in

250hPa. This study used PV in 350K as used in Hoskins (2015) and found moderate results

in the physical link between storms and PV but hardly any forecast skill. A bandpass-filtered

PV (2-8 days) was too scattered in the grid-cell-based approach. Similar scattered results

have been produced for the dynamical factor, Rossby Wave Source. This has been included

in this study to include the theory of Scaife et al. (2017b), that tropical precipitation triggers

Rossby Wave trains towards the extra-tropics and increases predictability over Europe. RWS

has been used in previous studies to show this teleconnection (e.g., Beverley et al., 2019).

They used the RWS to link Indian summer monsoons to European summer forecasts and

found a too weak representation of the RWS in their seasonal model. In this study, the RWS

did not show a clear connection to seasonal storm frequency. An assumption might be that

RWS connects on other temporal scales, not on a seasonal average, as Beverley et al. (2019)

used monthly values.

The third investigation concerns the signal-to-noise paradox, described by Eade et al. (2014)

and Scaife and Smith (2018). This study showed, for the first time, that the signal-to-

noise paradox not only exists in the NAO forecast in multiple seasonal forecast models

(Scaife & Smith, 2018; Smith et al., 2020) but also in the windstorm forecast. The RPC, the

measurement for the signal-to-noise paradox, indicates the paradox if the value is greater than

1. This is the case in the storm frequency forecasts and even higher (RPC>3) for intensity

over the British Isles. Previous studies suggested that eddies could cause the paradox within

the model as seasonal models underestimate the positive eddy feedback (Hardiman et al.,

2022). This was only seen in GloSea5 in this study, as only GloSea5 showed a significantly

higher NAO-RPC for stormy seasons.

This study is mainly investigated with correlations as a statistical measure. They are fre-

quently used in previous studies to present skill (Dunstone et al., 2016; Höschel et al., 2019;

Nie et al., 2019b; Weisheimer et al., 2017). Here especially, the Kendall-τb correlation is used,

as the data (storm frequency or intensity) cannot be assumed to be normally distributed. A
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wrongly used Pearson’s correlation can result in an overprediction (Armstrong, 2019), hence,

a ranked measure without assuming the normal distribution is an adequate choice. Kendall

correlation is also used in the study of Befort et al. (2019), which makes these two studies

easier comparable. Other common predictability measures have been assessed, like ROC

curves and RPSS (e.g. used in Renggli et al., 2011; Hansen et al., 2019; Weisheimer et al.,

2017). The latter measure did not show a clear signal of predictability in this study, similar

to Renggli et al. (2011). They used this measure and could not find skill for storm intensities.

Besides the skill measures, correlation is also used to investigate connections between storms

and dynamic factors. Therefore, different perspectives on connecting these two parameters

have been investigated, but only one has been published (chapter 6.1). The rest is presented

in an additional chapter (chapter 6.2). All the different perspectives agree on the connections

between windstorms and individual dynamical factors, which makes this a robust result. The

third part of this study uses the RPC as a measure for the signal-to-noise paradox. This

measure has been used in multiple previous studies investigating this paradox (Eade et al.,

2014; Scaife & Smith, 2018; Smith et al., 2020; Hardiman et al., 2022). A known issue with

the RPC measure is the dependence on the ensemble size (Scaife & Smith, 2018; Baker et al.,

2018). This study uses 63 members of the seasonal model, which should reduce this issue.

All statistics have been tested on significance either with an individual test, like the Kendall

test (Kendall, 1945), a standard Students-T-test for differences or bootstrapping with more

than 10.000 iterations. These tests are used to understand which results are robust.

8.3 Conclusion & Outlook

This study concludes and summarises the skill, dynamics and constraints of the UK Met

Office seasonal forecast model, GloSea5, regarding its winter windstorm forecasts. It has

been shown for the first time that the average intensity of tracked storm events can be

predicted on a seasonal scale. For the first time, it has been presented that SCA and EA
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are strongly linked to windstorm characteristics and are important for a statistical model

of seasonal storm characteristics. Combining the three most dominant large-scale patterns

over Europe reaches almost the same predictability as the direct model forecast. The model

forecasts windstorm characteristics from the right physical connections between storms and

dynamic atmospheric factors. But the signal-to-noise paradox is also existing in the storm

predictions. Hence, there is still a limitation on the forecast performance.

The results presented here for the GloSea5 model lead to higher confidence in the seasonal

windstorm predictions. It could lead to more general use of this information, e.g. for

end users like insurance or the general public to inform about the upcoming winter season

and what to expect. Besides peer-reviewed scientific studies (e.g., Lockwood et al., 2022;

Dunstone et al., 2018a), UKMO also releases a 3-month seasonal outlook for the public

each month. The focus was on temperature and precipitation for many years as these are

in great demand by the government and the public. Since the winter season of 2022, wind

has been included in these monthly summaries (UK Met Office, 2022). These summaries

show the potential outcome of the next three months by categorising them into higher, lower

or near average. Additionally, an overview over the last ten years for the same forecast

is presented, and a comparison of the predicted distribution to an average distribution.

Regarding the new additional parameter wind, a quick and simple check can be done by

comparing the number of windstorms in each season to the predicted wind forecast issued

in November. UKMO only names a storm when it has a severe impact on the UK (UK

Met Office, 2023d). This happened only once in the last winter season, December 2022

to February 2023, with Storm ”Otto” on the 16th of February. The 3-month outlook said

this season would be near-average regarding wind (UK Met Office, 2022). The number of

named storms and the average wind over the season is officially not directly linked, but

Lockwood et al. (2023) found a strong correlation between average wind and storminess of

the seasons, which can be seen as similar. This indicator can be used for previous seasons

to see that the 3-month outlook predicted a windy season 2019/2020, which had at the end
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five named storms affecting the UK. The UKMO seasonal outlook has not yet a windstorm

prediction included, but having the general wind predicted on a confident level and presented

to the public every month is a significant improvement. This study would help to build the

confidence to include windstorm frequencies or intensities. This next step could look similar

to released hurricane predictions from NOAA (National Weather Service Climate Prediction

Center, 2023). The NOAA hurricane prediction is separated into the three affected basins

(Atlantic, East Pacific and Central Pacific). The seasonal outlook gives a percentage of how

likely the upcoming season is above, near or below normal and a range of expected storm

counts in different categories (named storms, hurricanes or major hurricanes). This public

outlook is possible because the tropical cyclone (TC) forecasts are very advanced already.

The forecast error has dropped from 300 nautical miles in 1990 to only 100 nautical miles in

2016 (Cangialosi & Franklin, 2017) and might have even reached the theoretically possible

maximum of predictability (Landsea & Cangialosi, 2018). To investigate if this is the case

for ETCs and mid-latitude windstorms would be a research question of another study. This

study showed forecast skill in windstorms over Europe, but the skill has some limitations

(signal-to-noise paradox) that must be understood. This study leads to more confidence

in the seasonal windstorm forecast of the UKMO which could now be used to extend the

3-month outlook of the UKMO with windstorm predictions. This would make the public

aware of the expected upcoming season and could help the government and companies with

potential preparations.

Each result chapter could be extended with further investigations. In general, the whole

approach of this thesis could be tested in other available forecast suites. Previous studies

showed lower skill in windstorm frequency in other models (Befort et al., 2019). Reasons for

this could be of interest, but also, the physical link in each model can be different, and the

signal-to-noise paradox has a different influence on the forecast skill. The latter, in general,

can be investigated in more depth, as the assumption remains that the disturbance of storms

is a cause for the paradox.
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Appendix A

For Chapter 4

This Appendix includes a summary table for used skill score measures in literature and is

reference in chapter 4.
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Appendix B

For Chapter 5

This is the Appendix for paper No. 1 from chapter 5 and already published.

The Appendix includes additional material for this paper. Starting with a more detailed

explanation of the storm parameter calculation, the description of the two different regression

methods, the used skill measures and the signal-to-noise paradox. This will be followed by

further additional figures that help understanding some minor processes of the study.

Storm Parameters and large-scale patterns (for Chapter 5.1.3)

The tracking output includes 3 different views of the storm for either the whole storm or each

individual time step of the storm (Leckebusch et al. 2008b). Firstly, the storm’s footprint,

a map that includes each grid cell the storm effects. Secondly, a storm track which is the

storm location (longitude/latitude) per time step as the mass-weighted average of the cluster.

Thirdly, the Storm Severity Index (SSI, as introduced for gridded data by Leckebusch et al.

(2008b), an objective measure of storm intensity which is calculated either for each time step

separately or as event-integrated storm severity.

The large-scale patterns are calculated using the principal component analysis (PCA). This

extracts time series of indices from the EOF patterns which will be used for further calcu-

lations. This is done by projecting the anomalies of ERA5 or GloSea5 onto the eigenvector

values of the EOF analysis of ERA5.
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B. For Chapter 5

Regression Methods (for Chapter 5.1.3)

The ERA5-based regression leads to a study that analyses the influence of NAO, SCA and EA

respectively on the individual windstorm parameters for realistic conditions. The following

step of including model large-scale patterns into the calculated regression equation would

show how well this real-life connection can be represented with modelled large-scale mode

indices. Hence, the forecast skill of windstorms would solely be based on the modelled

large-scale patterns forecast skill.

A second way regressions can be calculated is to use the model climate only. A comparison to

the results from the ERA5-based regression can reveal how the real-world link is represented

in the forecast model. A statistical calculation of windstorms using this regression equation

would suggest that the GloSea5 NAO, SCA and EA is very close to reality. The resulting

windstorm forecast skill would be a result of the large-scale mode performance of the model

and the models climatological link to windstorm parameters.

The validation is done with the determination coefficient to validate the reliability of the

total regression and the individual percentage of explained variance per predictor (NAO,

SCA and EA) is used to understand the role of the three different large-scale patterns and

their main area of influence. Both validations can be calculated from an ANOVA (analysis

of variance) testing (Von Storch and Zwiers 2001).

Skill Measures (for Chapter 5.1.3)

Like in previous studies e.g., Befort et al. (2019), Kendall-τb-ranked correlation coefficient

is used as a skill measure. It has no assumption of normally distributed data as for the

Pearson’s correlation and hence, can be used for a wider range of data (Wilks 2011). The

significance is tested by a two-sided T-test asking for the dependence of the two-time series.

The Kendall correlation is a skill measure that compares the directionality of both data sets.

It is neither explaining variabilities in the amplitude of increase or decrease nor analysing

A10



the correct prediction of different classifications in the data sets.

The ROC curve is used for probabilistic and discrete forecasts and is based on validations

of the contingency table (Wilks 2011). The ROC curves show the Hit (right forecast of an

occurred event) and False Alarm (wrong forecast that the event occurs) Rate of a forecast. In

the context of the seasonal windstorm predictions, the windstorm parameters are categories

into 3 groups: lowest, middle and highest tercile of frequency or intensity measure. The area

under this curve is defined as the ROC skill score (ROCSS: Wilks 2011) and is used in similar

studies e.g., in Renggli et al. (2011). The results of ROCSS and individual ROC curves will

reveal the forecast skill of the individual categories; lowest, middle and high storm frequency

or intensity.

Additional Figures

Fig. B.1 shows the EOF patterns from ERA5 and GloSea5, which are patterns-wise very

similar and the PCA could be calculated by just using the ERA5 pattern to make the indices

more comparable. (Relates to chapter 5.1.3)

Fig. B.2 & B.3 are the additional regression verification figures for the GloSea5-based re-

gression analysis. These figures show the regression slopes and variance per grid cell per

large-scale pattern. (Relates to chapter 5.1.4)

Fig. B.4 shows the test run of using the leave-one-out method for the regressions and show

no significant differences to the method used in the main paper. (Relates to chapter 5.1.4)
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Figure B.1 EOF pattern of ERA5 and GloSea5 for EOF 1 to 3, correspond to
NAO, SCA and EA for North Atlantic, DJF, 1993-2015.
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Figure B.2 Regression slopes as in Fig. 5.5 but based on GloSea5.
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Figure B.3 Regression model variance as in Fig. 5.6 but with GloSea5 regression.
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(a) Frequency

(b) ESSIa

(c) ESSIs
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Figure B.4 Kendall Correlation Difference of direct and indirect approach for
ERA5-based regression with the leave-one-out method.
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Appendix C

For Chapter 6

This is the Appendix for paper No. 2 from chapter 6 and already published.

This part of the Appendix include additional information about the method and calculation

for the dynamical factors, hence for chapter 6.1.3.

MSLP and SST represent more general information about environmental conditions. Their

respective gradients are calculated using the NCL (NCAR Command Language) imple-

mented function (grad_latlon_cfd) and computed the absolute value of the gradient vectors.

The Climate Data Operator (CDO; Schulzweida et al., 2019) has an implemented function

(uv2dv) to calculate the respective wind divergence from both wind components (u & v).

For calculating the Rossby Wave Source (RWS), the python package windspharm (Dawson,

2016) was used as an example script from GitHub. This script is based on the RWS equation

used, e.g., by Beverley et al. (2019) and Dunstone et al. (2018b). Studies like Parker et al.

(2019) investigated the jet stream on its seasonal predictability and connection to the NAO.

This study follows their calculation of jet location and speed but for 200hPa rather than

850hPa. The jet is defined over a 9-day running mean of the zonal average of the wind; both

only the u-component and the total wind were tested. The jet location is defined here as

the latitude at which the maximum wind (respectively u or total wind) is found, and as jet

speed, the respective wind is used. An investigation from Wild et al. (2015) analysed how

temperature anomalies over North America and the North Atlantic can influence the winter

windstorm season over Europe. They created a Temperature-Dipole index which uses surface

temperature at two regions, one over North America (105◦ - 80◦W, 38◦ - 55◦N) and one over
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C. For Chapter 6

the western North Atlantic (85◦ - 50◦W, 15◦ - 35◦N). The difference in the respective anoma-

lies creates the so-called temperature index. The PV (Hoskins, 2015; Hoskins et al., 1985)

is calculated using two implemented NCL-functions (pot_vort_isobaric & int2p_n_Wrap).

Therefore first, the pressure level data are used to calculate PV on pressure levels, and sec-

ond, these values are interpolated onto Theta levels. The 350K level is later used in this

study. The PV Advection is calculated from the pressure-level data and then advected by

both (u & v) wind components. Θe as an individual factor on 850hPa (Chang et al., 1984),

is calculated with the NCL-function, pot_temp_equiv. The Eady Growth Rate (EGR) is

calculated with an implemented NCL function (eady_growth_rate) which uses the 2-layer

approach. This means whenever it is referred to EGR at 400hPa, it is calculated using data

from 300hPa and 500hPa, and for EGR at ∼700hPa, it is 500 & 850hPa. PV and EGR

are additionally analysed in this study after post-processing with a bandpass filter. This

bandpass filter was run with an R-implemented function using the Butterworth filter (But-

terworth, 1930), with filter characteristics of 2 to 8 days for PV and 2 to 4 days for EGR.

The filter was performed for each GloSea5 member individually. Because of data storage

and computational times, the filtering was only executed for a region -100◦ to 40◦E and 30◦

to 75◦N. The total precipitation is used as in Scaife et al. (2017b) to investigate the link

between tropical precipitation and the predictability of European climate conditions, like

geopotential height. To be not restricted to the four used tropical regions used in Scaife et

al. (2017b) and for a better comparison to the other used factors, the seasonal precipitation

mean is investigated on the grid-cell level.

This part of the Appendix includes the results for the remaining tested dynamical factors.

Therefore, it belongs to the Result chapter 6.1.4.
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Figure C.1 ERA5 UK storm counts as dots and GloSea5 ensemble mean counts as
bars. Bad predicted seasons (green), well predicted seasons (purple), weak ERA5
seasons (triangles) and strong ERA5 seasons (squares).
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Figure C.2 As Fig. 6.3 for remaining primary and secondary factors.
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PV 350K

DivergencePrecipitation

MSLP meridional GradientEady 700hPa
a) b)

c) d)

e)

Figure C.3 As Fig. 6.4 for remaining primary and secondary factors.
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MSLP meridional GradientEady 700hPa

DivergencePrecipitation

PV 350K

a) b)

c)

e)

d)

Figure C.4 As Fig. 6.5 for remaining primary and secondary factors.
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Process-Based ViewFactor-Skill View
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Figure C.5 As Fig. 6.6 for remaining primary and secondary factors.
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C. For Chapter 6

Table C.1 Tested skilful regions of factor forecast skill.

Factor Box 1 Box 2 Box 3 Boxmean
Mean Sea-Level Pres-
sure Gradient

-15◦ -
10◦E 52◦

- 65◦N

-55◦ - -
30◦E 30◦ -
40◦N

-85◦ - -
62◦E 27◦ -
37◦N

Box 1-3

Sea-Surface Tempera-
ture

-35◦ - -
5◦E 40◦ -
64◦N

-80◦ - -
45◦E 20◦ -
35◦N

-80◦ - 0◦E
10◦ - 60◦N

Box
1&2

Equivalent Potential
Temperature Θe

-10◦ - 5◦E
48◦ - 58◦N

-60◦ - -
45◦E 37◦ -
43◦N

-55◦ - -
20◦E 55◦ -
62◦N

Box 1-3

Eady Growth Rate
400hPa

-45◦ - -
10◦E 52◦ -
60◦N

Eady Growth Rate
700hPa

-25◦ - 0◦E
50◦ - 60◦N

Mean Sea-Level Pres-
sure Meridional Gra-
dient

-60◦ - 5◦E
50◦ - 60◦N

-80◦ - -
50◦E 10◦ -
30◦N

Box
1&2

Total Precipitation -85◦ - -
15◦E 5◦ -
20◦N

-90◦ - -
55◦E 20◦ -
45◦N

Box
1&2

Divergence -90◦ - -
65◦E 20◦ -
30◦N

Potential Vorticity
350K

-30◦ - -
5◦E 52◦ -
59◦N

-10◦ - 5◦E
42◦ - 48◦N

-30◦ - -
10◦E 12◦ -
24◦N

Box 1-3
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Table C.2 Tested relevant regions of ERA5 & GloSea5 composite anomalies.

Factor Box 1 Box 2 Box 3 Box 4 Boxmean
Mean Sea-Level Pres-
sure Gradient

-40◦ - 0◦E
30◦ - 40◦N

-30◦ -
10◦E 45◦

- 62◦N

-40◦ - 0◦E
15◦ - 30◦N

Box 1-3

Sea-Surface Tempera-
ture

-80◦ - -
50◦E 27◦ -
40◦N

-50◦ - -
7◦E 50◦ -
65◦N

0◦ - 8◦E
51◦ - 57◦N

-20◦ - -
10◦E 21◦ -
27◦N

Box 1-4

Equivalent Potential
Temperature Θe

-70◦ - -
40◦E 30◦ -
42◦N

-32◦ - 0◦E
25◦ - 30◦N

-10◦ -
30◦E 47◦

- 60◦N

-75◦ - -
15◦E 50◦ -
60◦N

Box 1-4

Eady Growth Rate
400hPa

-50◦ - -
20◦E 30◦ -
40◦N

-20◦ - 5◦E
50◦ - 60◦N

Box
1&2

Eady Growth Rate
700hPa

-70◦ -
10◦E 25◦

- 35◦N

-30◦ - 0◦E
50◦ - 60◦N

Box
1&2

Mean Sea-Level Pres-
sure Meridional Gra-
dient

-70◦ - -
30◦E 30◦ -
40◦N

-30◦ -
10◦E 45◦

- 57◦N

-40◦ - 0◦E
15◦ - 30◦N

Box 1-3

Total Precipitation -37◦ - 0◦E
30◦ - 40◦N

-25◦ -
10◦E 50◦

- 62◦N

Box
1&2

Divergence -40◦ - -
7◦E 42◦ -
27◦N

-15◦ - 7◦E
45◦ - 63◦N

Box
1&2

Potential Vorticity
350K

-5◦ - 20◦E
45◦ - 60◦N

-80◦ - -
52◦E 15◦ -
23◦N

Box
1&2
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Appendix D

For Chapter 7

These are additional dynamical forcing factors tested in the additional investigation (chapter

7.2) on the signal-to-noise paradox.
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D. For Chapter 7

MSLP meridional GradientEady 700hPa

DivergencePrecipitation

PV 350K

a) b)

c)

e)

d)

Figure D.1 Ratio of Predictable component (PRC) for the remaining primary and
secondary dynamical factors.
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