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Resumen
Los fenómenos hidrometeorológicos extremos (p. ej., lluvias intensas, inundaciones, vientos
huracanados, granizo o tornados) figuran entre los desastres naturales más devastadores en
términos de mortalidad que afectan a la cuenca Mediterránea. Durante el periodo 2000-2015 se
registraron 256 víctimas directamente relacionadas con fenómenos meteorológicos extremos en
Europa Occidental. Además, en España las pérdidas económicas superan los 600 M € por dé-
cada. La baja resiliencia social a las falsas alarmas, crea una fuerte presión sobre los predictores
para mejorar las predicciones y avisos a la población. Actualmente, la comunidad científica in-
ternacional afronta el ambicioso reto de generar predicciones útiles, fiables y anticipadas, de
fenómenos severos (tornados, medicanes, lluvias intensas, vientos huracanados, ...). Las defi-
ciencias en la predicción de la localización (espacial y temporal), intensidad y fenomenología
de extremos se originan en los errores en el estado inicial, en carencias en los procesos físicos
modelados y, principalmente, en la inherente naturaleza caótica de los modelos físicos actuales
de la atmósfera. En este contexto, el problema requiere de un tratamiento mixto dinámico-
probabilista, situando el problema en la frontera del conocimiento.

El proyecto de tesis propuesto tiene como objetivo mejorar las predicciones de tiempo de
alto impacto social en el Mediterráneo Occidental, implementando un sistema de asimilación de
datos por conjuntos basado en Ensemble Kalman Filter. Estos sistemas hacen un uso óptimo
de las diferentes fuentes de información disponibles, minimizando los errores pero tratándolos
explícitamente en la predicción. Estos sistemas son especialmente prometedores sobre regiones
con lagunas importantes de observaciones in-situ, como es el Mar Mediterráneo y su cuenca
Occidental en particular.

Para llevar a cabo este objetivo hemos realizado varios estudios donde se han evaluado los
efectos de la asimilación de varias fuentes de observaciones sobre la predicción de fenómenos
de alto impacto que se han iniciado principalmente sobre el mar Mediterráneo y que después
han afectado áreas costeras pobladas. Además, se han realizado varios experimentos utilizando
múltiples paradigmas físicos y numéricos para determinar las configuraciones que simulan los
sistemas físicos responsables de los episodios meteorológicos severos en la región Mediterránea
Occidental.

En primer lugar, se analizó el impacto de asimilar datos convencionales/estándar in-situ en
el Mediterráneo Occidental con la intención de mejorar la predicción de una línea de conver-
gencia (Squall line) que se inició sobre el mar de Alboran y que evolucionó hacia el noreste
afectando gravemente las Islas Baleares, sobre todo Mallorca. Los resultados mostraron que
la predicción numérica de este fenómeno meteorológico utilizando las observaciones conven-
cionales era capaz de representar con mayor precisión la formación y evolución de la línea de
convergencia, que en el caso de no tener en cuenta dichas observaciones adicionales.

En segundo lugar, se aplicó la asimilación de datos convencionales junto con dos sistemas
diferentes de predicciones por conjuntos en un estudio hidrometeorológico sobre la cuenca del
Serpis (Valencia) para evaluar qué sistema producía una mejor estimación de la cantidad de
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precipitación recogida por la cuenca. El sistema de predicción formado por el EnKF tenía en
cuenta incertidumbres asociadas a las condiciones iniciales y a las parametrizaciones físicas,
mientras que los otros dos sistemas por conjuntos tenían en cuenta únicamente incertidumbres
en las parametrizaciones físicas o en las condiciones iniciales. Aunque se asimilaron datos con-
vencionales y se tuvieron en cuenta las dos fuentes de incertidumbre principales, el sistema de
predicción por conjuntos generado por el EnKF no fue capaz de superar el sistema de predic-
ción por conjuntos que usaba microfísicas diferentes. En este caso, el error cometido por la
predicción de los sistemas convectivos que produjeron estas precipitaciones intensas era muy
sensible al esquema de microfísica usado. El sistema de predicción por conjuntos en que se
basaba el EnKF usaba únicamente un tipo de microfísica, limitando su diversidad; en cambio,
el sistema de predicción que mostró unos mejores resultados usaba diferentes microfísicas.

En tercer lugar, se incorporó información con alta resolución temporal y espacial proce-
dentes de radares meteorológicos tipo Doppler, que típicamente resultan ser de gran utilidad
para observar sistemas convectivos profundos y en rotación. De esta clase de radar pudimos
extraer información de la velocidad radial y de la reflectividad medida en diferentes planos
de inclinación del radar. Utilizando estas observaciones, conjuntamente con la asimilación de
datos convencionales, se hizo un estudio para evaluar el impacto que tenían los datos de radar
para mejorar la predicción de un caso de lluvias intensas que afectó principalmente el norte y la
parte central de Italia. Los resultados demostraron el potencial de esta fuente de observaciones,
a pesar de que su efecto se veía amortiguado al cabo de aproximadamente 8 horas.

Finalmente, como último capítulo de la tesis, se abordó la asimilación de observaciones
procedentes de instrumentos meteorológicos instalados sobre satélites. Las observaciones ob-
tenidas a partir de los satélites nos proporcionan información a alta resolución tanto espacial
como temporal con una cobertura global. Este hecho nos permite tener más información del
estado de la atmósfera sobre áreas donde típicamente no tenemos prácticamente observaciones,
como por ejemplo encima de superficies marítimas. Entre la ingente cantidad de diferentes
observaciones disponible se optó por la asimilación de la velocidad y dirección del viento a
diferentes niveles de la atmósfera. Este tipo de observaciones se conocen como "Atmospheric
Motion Vectors". Utilizando estas observaciones, junto con los datos convencionales, se estudió
el impacto que tenía la asimilación de estos datos para poder mejorar la predicción de un ciclón
Mediterráneo con características tropicales (medicane). Los resultados mostraron que los ex-
perimentos en los que se asimilaban este tipo de observaciones mejoraban significativamente la
representación de la dinámica de las capas medias y altas de la atmósfera y por ende predecían
con más precisión la intensidad y la trayectoria de este medicane.

En resumen, los resultados presentados a lo largo de esta Tesis demuestran los beneficios de
incorporar, mediante una avanzada técnica de asimilación de datos por conjuntos, diferentes
fuentes de observaciones in-situ y observaciones remotas para mejorar la predecibilidad de
eventos meteorológicos de alto impacto que típicamente afectan regiones pobladas situadas en
las costas del Mediterráneo. Además, esta Tesis supone un primer paso hacia la implementación
operacional de un sistema de alertas en la cuenca Mediterránea que pudiera proporcionar con
suficiente tiempo de antelación alertas a los ciudadanos de las poblaciones que pudieran ser
afectadas por eventos meteorológicos extremos.
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Resum
Els fenòmens hidrometeorològics extrems (p. ex., pluges intenses, inundacions, vents hura-
canats, calabruix o tornados) figuren entre els desastres naturals més devastadors en termes de
mortalitat que afecten la conca Mediterrània. Durant el període 2000-2015 es registraren 256
víctimes directament relacionades amb fenòmens meteorològics extrems a Europa Occidental.
A més, a Espanya les pèrdues econòmiques superen els 600 Me per dècada. La baixa resiliència
social a les falses alarmes, crea una forta pressió sobre els predictors per a millorar les predic-
cions i avisos a la població. Actualment, la comunitat científica internacional afronta l’ambiciós
repte de generar prediccions útils, fiables i anticipades, de fenòmens severs (tornados, medi-
canes, pluges intenses, vents huracanats,...). Les deficiències en la predicció de la localització
(espacial i temporal), intensitat i fenomenologia d’extrems s’originen en els errors en l’estat
inicial, en mancances en els processos físics modelats i, principalment, en la inherent naturalesa
caòtica dels models físics actuals de l’atmosfera. En aquest context, el problema requereix d’un
tractament mixt dinàmic-probabilista, situant el problema a la frontera del coneixement.

Aquesta tesi té com a objectiu principal millorar les prediccions de temps d’alt impacte
social al Mediterrani Occidental, implementant un sistema d’assimilació de dades per conjunts
basat en Ensemble Kalman Filter. Aquests sistemes fan un ús òptim de les diferents fonts
d’informació disponibles, minimitzant els errors però tractant-los explícitament en la predic-
ció. Aquests sistemes són especialment prometedors sobre regions amb llacunes importants
d’observacions in-situ, com és la Mar Mediterrània i la seva conca Occidental en particular.

Per dur a terme aquest objectiu hem realitzat diversos estudis on s’han avaluat els efectes de
l’assimilació de diverses fonts d’observacions sobre la predicció de fenòmens d’alt impacte que
s’han iniciat principalment sobre la mar Mediterrània i que després han afectat àrees costeres
poblades. A més, s’han realitzat diversos experiments fent servir múltiples paradigmes físics i
numèrics per a determinar les configuracions que simulen els sistemes físics responsables dels
episodis meteorològics severs a la regió Mediterrània Occidental.

En primer lloc, es va analitzar l’impacte d’assimilar dades convencionals/estàndard in-situ
en la Mediterrània Occidental amb la intenció de millorar la predicció d’una línia de convergèn-
cia (squall line) que es va iniciar sobre la mar d’Alboran i que va evolucionar cap al nord-est
afectant greument les Illes Balears, sobretot Mallorca. Els resultats varen mostrar que la predic-
ció numèrica d’aquest fenomen meteorològic fent servir les observacions convencionals era capaç
de representar amb més precisió la formació i evolució de la línia de convergència, que en el cas
de no tenir en compte aquestes observacions addicionals.

En segon lloc, es va aplicar l’assimilació de dades convencionals juntament amb dos sis-
temes de prediccions per conjunts addicionals en un estudi hidro-meteorològic sobre la conca
del Serpis (Valencia) per avaluar quin sistema produïa una millor estimació de la quantitat de
precipitació recollida per la conca. El sistema de predicció format per l’EnKF tenia en compte
incerteses associades a les condicions inicials i a les parametritzacions físiques, mentre que els
altres dos sistemes per conjunts tenien en compte únicament incerteses en les parametritzacions
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físiques o en les condicions inicials. Malgrat assimilar dades convencionals i tenir en compte les
dues fonts de incerteses principals, el sistema de predicció per conjunts generat per l’EnKF no
va ser capaç de superar el sistema de predicció per conjunts que emprava microfísiques difer-
ents. En aquest cas, l’error comès per la predicció dels sistemes convectius que van produir
aquestes precipitacions intenses era molt sensible a l’esquema de microfísica emprat. El sistema
de predicció per conjunts en què es basava l’EnKF emprava únicament un tipus de microfísica,
limitant la seva diversitat; en canvi, el sistema de predicció que va mostrar uns millors resultats
emprava diferents microfísiques.

En tercer lloc, es van incorporar informació amb alta resolució temporal i espacial proce-
dents de radars meteorològics tipus Doppler, que típicament s’empren per observar sistemes
convectius intensos. D’aquests tipus de radar vàrem poder extreure informació de la velocitat
radial i de la reflectivitat mesurada a diferents plans d’inclinació del radar. Fent servir aquestes
observacions, conjuntament amb l’assimilació de dades convencionals, es va fer un estudi per
avaluar l’impacte que tenien les dades de radar per millorar la predicció d’un cas de pluges
intenses que va afectar principalment el nord i la part central de Itàlia. Els resultats van de-
mostrar el potencial d’aquesta font d’observacions, malgrat que el seu efecte es veia esmorteït
al cap de aproximadament 8 hores.

Finalment, com a darrer capítol de la tesi, es va abordar l’assimilació d’observacions proce-
dents de instruments meteorològics instal·lats sobre satèl·lits. Les observacions obtingudes a
partir dels satèl·lits ens proporcionen informació a alta resolució tan espacial com temporal
amb una cobertura global. Aquest fet ens permet tenir més informació de l’estat de l’atmosfera
sobre àrees on típicament no tenim pràcticament observacions, com per exemple damunt super-
fícies marítimes. Entre la ingent quantitat de diferents observacions disponible es va optar per
l’assimilació de la velocitat i direcció del vent a diferents nivells de l’atmosfera. Aquest tipus
d’observacions es coneixen com “Atmospheric Motion Vectors”. Fent servir aquestes observa-
cions, juntament amb les dades convencionals, es va estudiar l’impacte que tenia l’assimilació
d’aquestes dades per poder millorar la predicció d’un cicló Mediterrani amb característiques
tropicals (medicane). Els resultats varen mostrar que els experiments on s’assimilaven aquest
tipus d’observacions milloraven significativament la representació de la dinàmica de les capes
mitges i altes de l’atmosfera i per tant, podien predir amb més precisió la intensitat i la trajec-
tòria d’aquest medicane.

En resum, els resultats que es presenten en aquesta Tesi demostren els beneficis de incor-
porar, mitjançant una avançada tècnica d’assimilació de dades per conjunts, diferents fonts
d’observacions in-situ i observacions remotes per millorar la predecibilitat de fenòmens me-
teorològics d’alt impacte que típicament afecten regions poblades situades en les costes del
Mediterrani. A més, aquesta Tesi suposa un primer pas cap a la implementació operacional
d’un sistema d’alertes en la conca Mediterrània que pugui proporcionar amb suficient temps
d’antelació alertes als ciutadans de les poblacions que poguessin ser afectades per fenòmens
meteorològics extrems.
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Summary
Hydrometeorological extreme weather events (e.g., heavy precipitation, flash floods, strong
winds, hailstorms or tornadoes) are among the most devastating natural disasters in terms of
mortality affecting the Mediterranean basin. During the period 2000-2015, 256 victims were
registered directly related to extreme weather events in the Western Europe. In addition, the
economic losses exceed 600 M € per decade in Spain. The low social resilience to false alarms,
creates a strong pressure on the predictors to improve forecasts and warnings to the population.
Currently, the scientific community is facing the ambitious challenge to generate useful predic-
tions, reliable and anticipated, of severe weather phenomena (tornadoes, medicanes, heavy
rains, strong winds ...). Deficiencies in the accurate prediction of the location (spatial and
temporal), intensity and phenomenology of extreme weather events are originated in the initial
condition errors, shortcoming in the physical processes modeled, and mainly, on the inherent
chaotic nature of the existing numerical weather models. In this context, the problem requires
a dynamic mixed-probabilistic treatment, placing the issue at the frontier of knowledge.

The proposed thesis project aims to improve forecasts of social high-impact in the Western
Mediterranean, implementing a system of data assimilation based on the Ensemble Kalman
Filter. This system makes optimal use of different sources of information available, minimiz-
ing errors but treating them explicitly in the prediction stage. These systems are especially
promising on regions with significant lack of in-situ observations, such as the Mediterranean
basin.

To accomplish this goal we have conducted several studies which have evaluated the effects of
assimilating observations from different sources on the prediction of high impact weather events
which were started mainly on the Mediterranean Sea and then affected populated coastal areas.
In addition, several numerical experiments using multiple physical and numerical set-ups were
run to determine the configurations that represent the physical systems responsible of severe
weather events in the Western Mediterranean region.

First, we analyzed the impact of assimilating conventional in-situ observations in the West-
ern Mediterranean with the aim of improving the prediction of a squall line that initiated
offshore Murcia (i.e., over the Alboran Sea) and evolved northeastward seriously affecting the
Balearic Islands, in particular Mallorca. Results showed that the numerical forecast of this
weather event, assimilating conventional observations, was able to perform with enough accu-
racy the initiation and posterior evolution of the squall line.

Secondly, we assess the potential of the EnKF, using conventional observations, in provid-
ing useful information to a hydrometeorological system. In this study, the EnKF system is
compared against two additional ensemble prediction systems (EPS) to evaluate which sys-
tem produced the best estimation of the amount of precipitation collected on the Serpis basin
(Valencia, Spain). The EnKF-EPS takes into account uncertainties associated with the initial
conditions and the physical parameterizations, while the other two EPS were only accounted for
uncertainties in the physical parameterizations or the initial conditions. Despite conventional
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data assimilation accounts for both types of uncertainites, EnKF-EPS was not able to overcome
the EPS using different microphysics. In this case, the forecast accuracy of this flash flood was
very sensitive to the microphysics scheme choice. The EnKF-EPS only used one scheme of
microphysics, meanwhile the EPS showing better results used a combination of different mi-
crophysic schemes.

Thirdly, information was included with high temporal and spatial resolution from Doppler
radars, which are typically used to observe intense convective systems. From this kind of radar
instruments we extracted information from the radial velocity and reflectivity measured at dif-
ferent vertical levels. Using these observations, together with conventional data assimilation, a
study assessing the potential of such observations to improve the predictability of a heavy rain
episode that affected the north and central part of Italy was performed. Results showed the
potential of the radar observations, although its effect was damped after about 8 hours of free
forecast.

Finally, in the last chapter of this thesis is addressed the assimilation of observations ob-
tained from weather instruments deployed on board satellites. The observations obtained from
satellites provide us high spatial and temporal resolution information covering the entire globe.
This allows us to have more information about the state of the atmosphere in areas where
we have a lack of in-situ observations, such as over maritime bodies. Among the huge num-
ber of different observations available it was decided to assimilate speed and wind direction
observations at different levels trough the entire atmosphere. Such observations are known
as "Atmospheric Motion Vectors." Using these observations, along with conventional data, it
was studied the impact of these observations to improve the prediction of a Mediterranean
tropical-like cyclone (medicane). Results showed that experiments in which Atmospheric Mo-
tion Vectors were assimilated significantly improved the upper level dynamics of the atmosphere
and in consequence, they could predict with more accuracy the intensity and trajectory of this
medicane event.

Overall, results presented along this Thesis show the potential benefit of assimilating, using
an advance ensemble-based data assimilation technique, different sources of in-situ and remote
sensing observations to improve the predictability of high-impact weather events that typically
affect Mediterranean populated coast land areas. In addition, this Thesis supposes a first
attempt to move forward towards the implementation of a near future operational warning
system in the Mediterranean basin that could provide with sufficient lead time warnings to the
population that could be affected by hazardous weather events.
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Chapter 1

Introduction

This first chapter is specially designed with the main objective of providing an overview of
the morphological and climatological features associated to the geographical region where this
Thesis is focused on, which is the Mediterranean basin. This area is frequently affected by
high impact weather events such as tornadoes, damaging hail, heavy precipitation producing
flash floods, squall lines or strong winds that affect populated regions producing high social-
economical impact [Romero et al., 1998a, Llasat and Sempere-Torres, 2001, Llasat et al., 2010].
With the main purpose of reducing the damages associated to these threats, the future state
of the atmosphere is estimated using numerical weather prediction (NWP) models, which solve
the primitive equations, with enough time to warn the population, in case it was necessary.
These numerical models allow to study the physical mechanisms involved in the genesis and
evolution of such events and perform sensitivity analyses, which describe physical cause-effect
links in the atmospheric evolution. For this reason, the state of the art of the current numerical
weather prediction systems and the challenges on the predictability of such weather events
due to the chaotic nature of the primitive equations are introduced. Finally, this chapter is
concluded with the motivation and the description of the objectives of this Thesis.

1.1 Severe Weather Climatology in the Mediterranean
Basin

1.1.1 The Mediterranean Basin
The Mediterranean basin (Fig. 1.1) is referred to those land regions surrounding the Mediter-
ranean Sea, that are associated with Mediterranean climate, which is characterized to have
a temperate, rainy winters and hot, long and dry summers. The large spatial extension of
the basin reaches about 2.5 millions km2 covering the continental bodies, of Europe to the
north, Asia to the east and Africa to the south. The basin is also surrounded by complex
and high mountain ranges, such as the Alps, the Pyrenees or the Balkan mountains. These
geomorphological characteristics play a crucial role in modifying the atmospheric flow at vari-
ous scales and thus pre-conditioning the Mediterranean climatology. These features also have
been demonstrated to have a large influence on the complexity and diversity of atmospheric
phenomena present in the Mediterranean basin [Lionello et al., 2012]. The longitudinal extent
of the basin from Gibraltar to Levant is about 3800 km and its coastline length is about 46000
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km. From this point of view, the Mediterranean Sea can be visualized as a water body with
an approximate volume of 4.6 millions of km3 of water, almost completely enclosed by land.
There is a narrow geographical connection (wide length about 14 km and 300 m deep) to the
Atlantic Ocean through the Strait of Gibraltar, where dense water (saltier and deeper) from the
Mediterranean continuously flows out to the Atlantic Ocean, while a larger amount of surface
waters, with lower salinity and density, flows into the Mediterranean. The Mediterranean Sea
is also shallower than other open seas, with an average depth of 1500 m, but locally reaching
values greater than 5000 m in the Ionan Sea. A shallow submarine region (Strait of Sicily)
between Sicily and Tunisia splits the Mediterranean Sea in two main subregions: the Western
Mediterranean, with an area of about 850000 km2 and the Eastern Mediterranean, of
about 1.65 million km2.

 

 
 

Mediterranean Basin Relief (meters)

LONGITUDE

Figure 1.1: Mediterranean basin relief. The Strait of Sicily (Sic) splits the Mediterranean Sea
in the Western and Eastern basins, which are composed of the Alboran (Alb), Algerian (Alg),
Tyrrhenian (Tyr), North and South Adriatic (Adr), Ionian (Ion), North and South Aegean
(Aeg), Cretan (Cre), Levantine (Lev), Catalan (Cat), Provencal (Pro), Ligurian (Lig) sub-
basins. The Mediterranean Sea is connected to the Atlantic Ocean by the Strait of Gibraltar
(Gib), and to the Black Sea by the Bosphorus strait (Bos). Image courtesy of HyMeX.

The Mediterranean region is also characterized by an increase of the population and devel-
opment of mass tourism, specially in coastal areas of the countries, which are twice as densely
populated as the countries as a whole. The population growth has experienced a strong increase,
from 94 million in 1950 to 274 million in 2000. Due to mainly the mass tourism increment,
it was forced to build apartments, hotels and multiples facilities that, over time, have covered
40% of the coastline, resulting in a continuous degradation of the marine and coastal areas.
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1.1.2 Mediterranean Climate
The Mediterranean area is a well-known climate change hotspot sensitive to the global warming
[Giorgi, 2006]. The Mediterranean climate was defined by Köppen [1936] as a regional climate
in which winter rainfall amounts are more than three times the summer rainfall amounts. This
kind of climate is also associated with sudden torrential precipitation events and strong wind
episodes throughout the year.

The variability of Mediterranean climate is related with its geographical location. The basin
is located in a transition area which is influenced by different large-scale atmospheric patterns.
To the north, the atmospheric variability presented in the Mediterranean is mainly influenced
by the North Atlantic Oscillation (NAO) [Xoplaki et al., 2003, 2004, Krichak and Alpert, 2005a]
and other mid-latitude teleconnection patterns 1, such as the Scandinavian pattern, the East
Atlantic pattern or the East Atlantic/West Russian pattern [Krichak and Alpert, 2005b, Trigo
et al., 2008, Nissen et al., 2010]. The southern part of the region is highly influenced by the
descending branch of the Hadley cell that is reflected in the Azores High pressure system and
plays a key role keeping dry weather conditions. This region is also influenced by tropical
and subtropical systems [Alpert et al., 2006], such as tropical cyclones and also even from dis-
tant southern hemisphere patterns such as the El Niño Southern Oscillation (ENSO), which
is directly related with the variability of the precipitation in the Mediterranean [Rodwell and
Hoskins, 1996, Price et al., 1998, Mariotti et al., 2002, Alpert et al., 2006]. Finally, during the
summer, the Asian monsoon circulation is expanded westwards affecting the Eastern Mediter-
ranean low level circulation and the associated weather phenomena [Raicich et al., 2003, Tyrlis
et al., 2013].

The climate variability observed in the Mediterranean region is also due to the intrusion
of very different air masses: Intrusions of tropical air masses from the African continent are
not uncommon, characterized to transport small particles of matter from large desert regions
covering the north part of Africa [Michaelides et al., 1999]. During the cold season the Mediter-
ranean region is often affected by continental polar or sub-polar (cold and dry) air masses from
the northern and northeastern parts of Europe. At the same time, due to the proximity of the
Atlantic Ocean, intrusions of polar maritime air masses also affect the Mediterranean region.
All these different air masses intrusions and its interactions extend the variability of phenomena
affecting the Mediterranean.

Finally it is noteworthy that the Mediterranean area is also affected by two tropospheric
jet-streams2 that are associated with the seasonal north-south displacement of the meridional
large-scale circulations. The jet stream results from horizontal differences in temperature that
exist over a considerable vertical distance through the troposphere. These temperature differ-
ences produce a horizontal pressure gradient that drives geostrophic and gradient winds. The
greater the horizontal temperature gradient, the stronger the jet stream. The first jet-stream
is referred to as the subtropical jet-stream, a belt of strong upper-level winds lying above re-
gions of subtropical high pressure. They are typically located on the poleward side of the

1The American Meteorological Society defines a teleconnection pattern as a linkage between weather changes
occurring in widely separated regions of the globe.

2meandering narrow fast westerly air currents
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Hadley cell [Reiter, 1963]. The second jet-stream is typically known as the polar front jet-
stream, which is located just below the tropopause. Contrary to the subtropical jet-stream, the
polar jet-stream travels at higher latitudes and slightly lower elevations, due to the decrease
of tropopause height with latitude. The synergistic interaction between both jet-streams in
the Mediterranean is identified as a potential triggering mechanism for explosive cyclogenesis
[Conte et al., 1997].

1.1.3 High Impact Weather and Social Impact
The nearly closed and surrounded by complex high topography character fo the Mediterranean
Sea favours the occurrence of high impact weather. During the summer and fall seasons, the
Mediterranean Sea is relatively warm, thus becoming a latent and sensible heat source to the
atmosphere. This effect, combined with the triggering mechanism role that plays the complex
topography, lead to the initiation and development of high-impact weather systems such as
heavy precipitation (e.g., flash floods, snow storms or hail storms), cyclogenesis, heat waves
(i.e., droughts) or wind storms (e.g., squall lines, tornadic thunderstorms, or dust storms).
These hazardous phenomena have a high socio-economical impact on densely populated areas
in the Mediterranean, causing severe damage to property and human losses [Romero et al.,
1998b, Llasat and Sempere-Torres, 2001, Llasat et al., 2010]. In the last years numerous exam-
ples of severe weather events have been reported in scientific publications. Some of the most
devastating severe weather events registered are: the flash flood event that affected Catalonia
region (Spain) on 10 June 2000, causing looses to the property exceeding 65 million euros, more
tha 500 people evacuated and five mortal victims [Llasat et al., 2003, Martín et al., 2007]; and
the flood event that took place on 10 November 2001, causing 886 victims in Algiers and 4
casualties in the island of Mallorca (Spain) [Tripoli et al., 2005]. This event was associated
with strong wind gusts exceeding 140 km h−1 which uprooted more than 200000 trees, and
heavy rainfall accumulating more than 400 mm in 48 h [Romero and Ramis, 2002]. Some other
examples of extreme weather events affecting the Mediterranean basin are: 450 mm in 24 hours
in Catalunya (Spain) with more than 240 mm accumulated in 2.5 hours [Ramis et al., 1998];
800 mm registered in 24 hours in Valencia (Spain) during the November 1987 [Ramis et al.,
1994]; a flash-flood event affecting the Llobregat basin (Spain) during June 2000 producing 5
casualties [Amengual et al., 2007]; or even 6 tornadoes affecting the Balearic Islands during
event of 11-12 September 1996 [Homar et al., 2001].

1.1.3.1 Extreme Rainfall

The Mediterranean region is characterized by intense rainfall episodes representing different
space and time scales [Siccardi, 1996]. The distribution of heavy rain events in the western
Mediterranean, with a maximum in late summer and during autumn, suggests the sea surface
temperature as key ingredient to produce heavy rainfall events. High sea surface temperatures
allow larger water vapour storage in the lower troposphere. This fact combined with upper-level
cold air generates atmospheric instabilities propitious for the initiation of heavy rainfall events.
Given the wide range of geographical features present in the Mediterranean region [Lionello
et al., 2012] and the diversity of physical mechanisms leading to extreme precipitation events,
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it is difficult to analyze the Mediterranean region as a whole. Such topographical complexity
is affecting the spatial distribution of rainfall amounts, which presented significant differences
between distinct locations in the Mediterranean. For example, maximum rainfall occurs over
the mountainous regions surrounding the Mediterranean sea due to the orographic lifting of
moist air, exceeding 3000 mm year−1 [Isotta et al., 2014], while the minimum rainfall amounts
(180 mm year−1) are observed over North Africa [Mehta and Yang, 2008]. The rainy period
of the year expand from October to March, reaching its maximum rainfall during November-
December. During the winter the amount of precipitation was estimated to be 20% higher
in the western Mediterranean than in the eastern Mediterranean region. That could be asso-
ciated to the fact that most of the mesoscale systems producing rainfall are associated with
Mediterranean cyclonic disturbances, propagating from west to east, that are results from the
interactions between large-scale circulation, orography and land-sea temperature differences.
In addition, results from Flaounas et al. [2013] showed a clear distinction between the summer
and winter season in terms of the spatial distribution of high precipitation events: In winter,
the maximum amount of precipitation was observed over mountainous regions, due to mainly
the high topography acting as a triggering mechanism to lift advected moist and warm mar-
itime air. In contrast, during the summer, heavy rainfall takes place over land due to thermal
convection and along the slope of major mountain ridges (e.g., the Alps).

During the period 1971-2000 the annual mean precipitation reaches its maximum rainfall
amounts over the highest mountain regions, exceeding 1400 mm year−1 [Barrera-Escoda et al.,
2014]. In addition, coastal regions are also characterized with large precipitation amounts
(above 800 mm year−1). In the contrary, flat inland areas were characterized to have the low-
est amounts of precipitation (400 mm year−1). The summer season is the driest season of the
Mediterranean coast, with maximum amounts of precipitation below 350 mm on the Pyrenees.
The authors also showed that the trend of the annual precipitation amounts in the Mediter-
anean region was determined along the period 1901-2009, resulting in a general negative trend
with the exception of southern Italy, western Iberian Peninsula and northern Africa, where
slightly positive trends were present [Philandras et al., 2011]. In terms of number of rainy days,
a decrease of 20% for the Eastern Mediterranean was observed, while no significant trends were
present over the central and western parts of the Mediterranean. In this way, a clear tendency
towards dry conditions during the 20th century in most central and western Mediterranean
regions was observed [Sousa et al., 2011]. Recent studies concluded that the probability of
occurrence of having extreme drought conditions have doubled or even tripled during the last
30 years over central Italy [Vergni et al., 2016].

Regarding extremes, Flaounas et al. [2015] concluded that precipitation extremes are mainly
associated with cyclone activity, which renders > 50% of the annual rainfall over the Mediter-
ranean. In addition, Toreti et al. [2010] identified three significant anomaly patterns very useful
to understand the physical mechanisms underlying extreme precipitation events: two for the
western-central and one for the eastern parts of the Mediterranean basin. These patterns were
all related with the divergence region associated to the jet stream, favoring ascending motions
and leading to the development of severe precipitation events. For the case of the western
Mediterranean extreme rainfall events, the interaction of the subtropical and polar jet streams
enhances these features. For the eastern Mediterranean regions, the identified patterns suggest
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warm air advection connected with anomalous ascent motions and an increase of the low- to
mid-tropospheric moisture.

1.1.3.2 Extreme Hailfall

Hailstorms constitute one of the worst extreme weather phenomena in terms of economical
losses across the Mediterranean, specially affecting Spain where agricultural losses reached 12.5
million euro in 2007. A great variety of studies focused on various aspects of hailfall affecting
different areas of the Mediterranean: in Spain [Sánchez et al., 2003, Gascón et al., 2015b],
France [Dessens et al., 2007, Berthet et al., 2013, Hermida et al., 2015], Italy [Giaiotti et al.,
2003, Manzato, 2012, Baldi et al., 2014], the Balkan Peninsula [Mesinger and Mesinger, 1992,
Pocakal, 2011], Turkey [Kahraman et al., 1901], Greece [Sioutas et al., 2009, Sioutas, 2011] and
Cyprus [Michaelides et al., 2008].

Due to the small spatial and temporal scales in which hailfall occurs and the inherent diffi-
culty of obtaining time series of hail datasets, only a few climatology studies of hail events are
found in the literature. With the main objective of obtaining hail datasets, multiple diagnostics
have been developed using meteorological stations [Burcea et al., 2016, Ćurić and Janc, 2016],
damage information [Eccel et al., 2012], observations from radar instruments [Kaltenboeck and
Steinheimer, 2015] or even hailpad networks [Manzato, 2012, Sánchez et al., 2009]. Overall,
these methods do not provide enough continuous and extended information to extract clima-
tological information of this phenomena, such as the trends in intensity and frequency.

An alternative way of studying hailstorms is based on finding connections between atmo-
spheric patterns, at at different vertical levels at synoptic and mesoscale, and the hailfall events
registered [Sioutas and Flocas, 2003, Berthet et al., 2013, Merino et al., 2014, Gascón et al.,
2015a]. In this sense, the atmospheric patterns that describe the state of the atmosphere dur-
ing hail days provide meaningful information on physical mechanisms involved in the genesis
of hailstorms. Following this methodology, Michaelides et al. [2018] selected a set of hail days
pertaining to the Pyrenees and Mediterranean zones from the ANELFA (Association Nationale
d’Etude et de Lutte contre les Fléaux Atmosphériques) database for the period comprehended
between May to September. Once these hail days were obtained, they used reanalysis from the
National Center for Environmental Prediction (NCEP) to study the atmospheric conditions
associated to these events. The atmospheric conditions of the atmosphere were characterized
using the geopotential height at 500 hPa (G500), the sea level pressure (SLP) and the temper-
ature difference between 850 and 500 hPa.

Negative anomalies in G500 and SLP from NCEP reanalysis indicate the presence of cyclonic
circulation at low and middle levels, favouring atmospheric instabilities and thus, enhancing
ascending motions and contributing to the convection development. Merino et al. [2014] found
that during the end of the spring and beginning of autumn, dynamic instability predominate,
whereas during the hail season, thermal instabilities were predominant. They also found that
extreme hail events occurring in May were associated with the intrusion of baroclinic distur-
bances related with the ondulation of the jet-stream, and hail storms during the summer were
related with warm surface advection causing thermal instability. However, the most important
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triggering mechanism for the development of hailstorms is the increase of the low-level lapse
rate due to the presence of cut-off lows over the Atlantic that produces southwest low-level
warm flow over south France, together with cold advection over the Pyrenees at mid-levels
Berthet et al. [2011, 2013].

1.1.3.3 Flash Floods

The Mediterranean region is characterized to be a relatively nearly closed warm sea, provid-
ing heat and moisture, surrounded by high complex topography which acts as a triggering
mechanism to deep convection, generating heavy precipitation episodes. During these heavy
precipitation episodes, great amounts of rainfall were collected over mountain regions in short
periods of time. The main problem is the fact that in the Mediterranean basin only small
catchments are present, resulting in devastating floods [Garambois et al., 2014], affecting pop-
ulated coastal regions causing severe damage to the property and even casualties. A large
part of flash floods affecting the Mediterranean region are connected with heavy precipitation
produced by explosive cyclones [Homar et al., 2002, Genovés et al., 2006, Lagouvardos et al.,
1996, Kouroutzoglou et al., 2011b, Flaounas et al., 2016]. However, it is noteworthy that some
of the flash floods are sometimes related with less intense cyclones that are in mesoscale con-
vective systems that in some specific situations become quasi-stationary. In the Mediterranean
region one of the most common mechanism to force stationarity is the barrier effect from com-
plex topography [Buzzi et al., 1998, Kotroni et al., 1999, Romero et al., 2000b, Nuissier et al.,
2008, Davolio et al., 2009, Demirtaş, 2016]. Numerous flash floods episodes taking place in the
Mediterranean and causing damages on infrastructures and human losses have been registered
and studied during the last years. Some examples of the most destructive floods are the event
that affected Gandia location (Spain) on 3 November 1987 producing more than 800 mm in
24h [Llasat and Puigcerver, 1994]; the Biescas (Spain) flood event on 7 August 1996, where a
peak of accumulated precipitation greater than 500 mm h−1 was estimated and approximately
100 people died [Soula et al., 1998]; the Antalya (Turkey) flood event with 230 mm in 24 h
on 5 December 2002 [Kotroni et al., 2006] or the case event in Thessaloniki (Greece) between
15-16 July 2014 in which 98.5 mm in 15 h and 107.3 mm in 24 h were registered [Pakalidou
and Karacosta, 2018], among others.

With the main objective of improving the understanding and to better predict such catas-
trophic events in the Mediterranean, several international scientific collaborations emerged. The
MEDiterranean Experiment (MEDEX) program resulted between 2000-2010 and it was focused
on the improvement of the understanding and forecasting of cyclones leading to extreme weather
events in the Mediterranean [Jansa et al., 2014]. One of the main tasks of MEDEX was to pro-
duce a catalog of cyclones that produced high impact weather events, including floods, over the
Mediterranean. Over the years, this catalog was used in the FLOODHYMEX database [Llasat
et al., 2013] that was later produced in the frame of the Hydrological Cycle in Mediterranean
Experiment (HyMeX www.hymex.org). HYMEX (2010-2020) is also an international program
which aims at extending the knowledge of the water cycle variability in the Mediterranean.
This effort spans over a decade (2010-2020) and pays special attention to hydrometeorologi-
cal extremes affecting populated coastal regions [Drobinski et al., 2014]. Within the HyMeX
project, a large effort was dedicated to collect flood events from the whole regional databases
and they were included in the FLOODHYMEX database that has been recently updated to in-
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clude Greece and spans from 1981 to 2015. According to the FLOODHYMEX database, results
showed that the most flood-prone season in the Northwest Mediterranean region is autumn,
except in Calabria where it is winter. In addition, Papagiannaki et al. [2013] found that high
impact weather events are frequent in October and November, where the flood events accounts
for 50% of the fatalities registered. He also noted that flood events in the Mediterranean region
is the natural hazard with higher percentage of occurrence, reaching approximately 65%.

1.1.3.4 Mediterranean Cyclones: Explosive Cyclones and Medicanes

During the cold season the Mediterranean basin is characterized to have the highest density of
cyclones occurrence in the world [Petterssen, 1956]. Different studies using objective climatolo-
gies have shown that Genoa region is the region in the Mediterranean that shows the highest
density of cyclones (e.g. Alpert et al. [1990], Joly and Joly [2004]). A secondary maximum of
cyclone density can be found in the Aegean and Cyprus region and other relative maxima in
the Adriatic [Flocas and Karacostas, 1994], in the Palos-Algerian Sea and in the Catalonian-
Balearic Sea and Gulf of Lion [Jansà, 1986].

During the cold season, the Mediterranea region is occasionally affected by a type of syn-
optic or sub-synoptic scale lows [Conte et al., 1997] that are characterized to experiment a
large and rapid intensification in terms of pressure drop. These cyclones were referred to as
explosive cyclones or meteorological bombs by Sanders and Gyakum [1980]. In particular, they
defined this type of cyclones as extratropical cyclones in which the decrease-rate of the mean
sea level pressure at the center of the cyclone was equal or greater than 24 hPa in 24 h at
60ºN. For other latitudes, this threshold would be modified following the geostrophic relation
24 hPa x (sinφ/sin60º) in 24 h at latitude φ. This magnitude is also referred to as 1 Bergeron.
From all the explosive cyclones affecting the Mediterranean region, it was shown that more than
57.6% of them reached the explosive condition in the first 12 hours [Kouroutzoglou et al., 2011b].

Extreme weather events such as heavy precipitation and floods, strong winds (e.g., tor-
nadoes or squall lines), snowfall and blizzards, thunderstorm and lightning activity rendering
threat to life and property are typically associated to explosive cyclones (e.g., Sanders and
Gyakum [1980], Conte et al. [2000], Homar et al. [2002], Lagouvardos et al. [2007], Bech et al.
[2013]). However, heavy precipitation in the Mediterranean is not always linked to explosive
cyclogenesis. Sometimes they are related with moderate cyclones that provide the proper condi-
tions to initiate deep convection and develop such hazardous weather events [Jansa et al., 2014].

Kouroutzoglou et al. [2014] stated that explosive cyclogenesis in the Mediterranean is a rel-
atively rare event, occurring only in a 0.4% of all the cyclones observed in this region. Most of
these explosive cyclogenesis events occur every year between November and April, with a peak
in December [Buzzi and Tibaldi, 1978, Conte et al., 2000, Kouroutzoglou et al., 2014]. They
have also shown that in average, the duration of these events is about 5 days, and they reach
a maximum deepening rate of approximately 20.49 hPa in 24 h. In addition, they are charac-
terized to have an average size with a radius from 1.6 to 2.2 degrees of latitude. The largest
systems typically took place over the southern and eastern Mediterranean Sea [Kouroutzoglou
et al., 2011a].

30



Explosive cyclones exhibiting maximum deepening typically take place along the northern
Mediterranean coast (Gulf of Genoa, Ligurian Sea, Tyrrhenian Sea, Adriatic Sea, Gulf of Lions,
Balearic Sea, Aegean Sea) and over the Ionian Sea, the Levantine Sea and the lee of the Atlas
Mountains [Kouroutzoglou et al., 2011a, Maheras et al., 2001], near the strongest sea-surface
temperature gradients [Conte et al., 1997, Kouroutzoglou et al., 2011b]. In addition, some
studies highlighted the importance of having, in some situations, high topography barrier, such
as the Alps, to initiate small-scale cyclogenesis [Buzzi and Tibaldi, 1978, Conte et al., 2000].
It was also studied the evolution of such explosive cyclones as a function of the region they
originated in the Mediterranean. During the deepening phase of such cyclones, it was found a
clear westward tilt with height indicating the main role of baroclinic instability in their evolu-
tion [Kouroutzoglou et al., 2012]. Finally, a negative trend in the annual number of explosive
cyclones during the December-March period was found by Conte et al. [1997], Kouroutzoglou
et al. [2014].

Some of the most important deep explosive cyclones registered in the Mediterranean region
are: the one occuring in October 1973 over the southern Tyrrhenian Sea affecting Palermo
Harbor of Sicily, causing serious damages with economical losses evaluated in hundreds of Me
[Conte et al., 2000]. One of the deepest explosive cyclones registered in the last 40 years oc-
curred in the eastern Mediterranean during 21-22 January 2004, affecting seriously the power
infrastructure network in the Aegean Sea [Brikas et al., 2013, Lagouvardos et al., 2007].

It is noteworthy that the occurrence of cyclones play a critical role in the definition of the
climate and the extreme weather events of the Mediterranean region [Radinovic, 1987, Lionello
et al., 2006, Jansa et al., 2014]. Another type of cyclone that got the attention of the atmo-
spheric science community for its similarity with tropical cyclones is the so-called Mediterranean
Hurricane (medicane; Emanuel [2005]). Medicanes (Fig. 1.2) are small scale cyclones with a
warm and axisymmetry core that present a well defined cloud-free eye identifiable over satellite
imagery [Ernst and Matson, 1983]. These cyclones are typically associated to strong winds and
usually heavy precipitation [Rasmussen and Zick, 1987, Lagouvardos et al., 1999, Homar et al.,
2003, Fita et al., 2007], and were already classified as a subclass of polar lows by Businger and
Reed [1989]. A necessary condition (but not sufficient) for the genesis of medicane events is
the presence of a cold core low in the upper and mid troposphere [Tous and Romero, 2013,
Cavicchia et al., 2014]. For this reason the maxima peak of occurrence of medicanes is found
during the fall and early winter, when these synoptic patterns affect the Mediterranean region.

Romero and Emanuel [2017] used a novel statistical-deterministic method to generate thou-
sands of synthetic tracks of polar lows and medicanes to show that the future trend associated
to the number of medicanes is unclear (on average, the total frequency of occurrence of med-
icanes does not change with time). A recent study [González-Alemán et al., 2019] has found
a clear decrease of the number of medicanes in the western Mediterranean and an increase of
them over the Ionian Sean and south Italy’s eastern coasts. In addition, these two studies agree
with the fact that the probability of occurrence of medicanes during the summer will increase,
being the October the month with highest probability, while it may decrease during the late
fall and winter. Finally, they found that the number of future moderate and violent medicanes
(winds > 90 kt) is projected to increase at the expense of weak storms in all Mediterranean
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Figure 1.2: Visible Infrared Imaging Radiometer Suite (VIIRS) from a medicane (Numa) lo-
cated over the Ionian Sea at 12 UTC on 18 November 2017. Image obtained from EUMET-
SAT/Meteociel

regions.

1.1.3.5 Lightning

Another natural hazard that involves a threat on human life and property damages is light-
ning. In recent years, research on lighting have been developed studying the physical mecha-
nisms involved in the discharge processes with the main objective of developing effective tools
for monitoring and forecasting them. Nowadays the study of lightning is focused on the re-
lationships between electrical features of storms and precipitation, convection and extreme
phenomena. For its proper detection, different meteorological instruments have been designed,
from ground-based instruments to space-borne sensors, providing not only spatial information
where the lightning is coming from, but also providing information regarding its physical char-
acterization.

During the last years, many studies have shown that lightning occurs mainly over the
Mediterranean Sea during the cold season, while in the warmest months it occurs mainly over
land [Holt et al., 2001, Defer et al., 2005, Katsanos et al., 2007, Kotroni and Lagouvardos,
2014, Matsangouras et al., 2016]. The relevance of this data has been so widely recognized that
lightning information have been also included in climate studies [Williams, 2005].

A recent study from Kotroni and Lagouvardos [2016] that focuses on the spatial distribution
of lightning activity over the Mediterranean region, based on a 10-years (2005-2014) dataset,
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shows that yearly lightning density peaks up to 5 lightning strokes km2 y−1 over land (close
highest mountains) and up to 4-5 strokes km−2 y−1 over the sea (with higher density over the
Adriatic and Ionian Seas). The regions with lower density of lightning strokes were detected
over the Gulf of Lion, coastal areas near Egypt and Libya, and over the Black Sea.

Finally, lightning activity in the eastern Mediterranean basin, it basically observed during
fall and winter seasons, and rarely during summer [Altaratz et al., 2003, Ziv et al., 2009, Yair
et al., 2010, Ben A et al., 2015].

1.2 State of the Art on Numerical Weather Prediction
Due to mainly the small-scale physical processes involved in the genesis and evolution of the
above mentioned extreme weather events, the complex non-linear interactions associated with
large-scale atmospheric mechanisms and the synergisms between oceanic, hydrological and at-
mospheric processes, is still challenging the proper prediction of such high-impact weather
events and their consequences. In this sense, the accurate prediction of the future state of the
atmosphere has always been one of the major challenges in atmospheric sciences. The value of
such accurate prediction is clearly recognized by a wide range of sectors, with the emergency
management and mitigation of societal impacts being the main ones. At the beginning of the
20th century, Abbe and Bjerkness [Abbe, 1901, Bjerknes, 1904] stated that the atmospheric
circulation could be explained and thus predicted, using the laws of physics, leading to an
important conceptual breakthrough. They showed that the weather prediction problem could
be treated as an initial-value problem of mathematical physics, in which the future weather
state is completely determined by integrating the governing partial differential equations, from
the observed current weather. At that moment, this idea was ahead of its time, with little
understanding of the physical mechanisms involved in the atmospheric processes and without
significant atmospheric observations to depict the observed atmospheric state. In addition, no
computers were available to solve the differential equation system governing the state of the
atmosphere. However, at the present time (more than 100 years later), atmospheric prediction
uses more sophisticated numerical models with complex physical mechanisms involved in the
evolution of the atmosphere, the use of a myriad of observations from different types of meteo-
rological instruments (conventional in-situ, radars, satellites) and the leading edge technology
in terms of high performance computing. These equations are solved routinely in National Cen-
ters using more than half a billion points per time step between the initial time and weeks to
months ahead, accounting for thermodynamic, dynamic, radiative and even chemical processes
resolving spatial scales from hundreds of meters to thousands of kilometers.

Supercomputer facilities together with multiple observation types providing atmospheric
information with higher spatial and temporal resolution, such the ones obtained from Doppler
radars or meteorological sensors on board satellites, have played an important role in the
production of accurate weather forecasts. These technological advances together with an im-
provement of the scientific knowledge have contributed to increase weather forecast skill over
the last 40 years. In this way, the forecast skill measured using the 500 hPa height anomaly
correlation for different lead times ranging from 3 to 10 days ahead has been increasing by
about 1 day per decade (Fig. 1.3). The predictive skill in the southern hemisphere, in which
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the forecast skill was very low due to the lack of observations, have been increasing during the
years thanks to the effective use of global satellite data. Nowadays, the predictive skill in both
hemispheres is almost the same.

Figure 1.3: Evolution of the forecast skill using the 500 hPa height anomaly correlation for
different lead times for the extra-tropical northern and southern hemispheres. Values greater
than 60% indicate useful forecasts, while those greater than 80% represent high degree of
accuracy. From ECMWF. Adapted and extended from Simmons & Hollingsworth (2002).

It is important to note that the current predictive skill has achieved through the improve-
ment of different factors, such as the use of high-resolution models, the representation of un-
resolved or even unknown physical processes in numerical models, the introduction of sophis-
ticated data assimilation techniques to obtain accurate representation of the initial conditions
of the atmosphere and finally, the use of ensemble forecasting methods to account for forecast
uncertainties.

• Physical Parameterization: Taking into account that the governing set of equations
describing the evolution of the atmospheric state can not be solved analytically, they are
solved numerically. For that purpose, the governing equations are discretized both in time
and space using a variety of discretization schemes (e.g., finite differences, finite-volume
differences, or Galerkin/spectral schemes, among others). This discretization discrimi-
nates between resolved and unresolved scales of motion. Some relevant physical processes,
such as friction, diffusion, evaporation, condensation or radiative transfer of heat, oper-
ate in the molecular regime where the model can not implicitly resolve them (Fig. 1.4).
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For this reason, these processes need to be parametrized in terms of the resolved processes.

Figure 1.4: Schematic illustration of some of the most important physical processes involved
in the atmosphere that are parameterized because they are not resolved by current numerical
weather models. Image courtesy of ECMWF.

The complexity of the parameterizations varies significantly depending on physical pro-
cesses. For example, in the case of describing processes associated with radiation and
cloud microphysics, the parameterization scheme used is essentially the same for global
scale simulations than for high-resolutions scale simulations. However, for deep convec-
tion or some processes occurring in the planetary boundary layer, the parameterization
schemes require higher degree of complexity.

Due to the main role of parameterized processes in depicting key aspects of the evolution
of the weather patterns, and in particular on the ones linked to extreme weather events,
such precipitation and clouds, they are considered essential in the improvement of current
weather predictions.

• Ensemble Forecasting: At the beginning of the 20th century it was found that fore-
casts of nonlinear systems, such as the partial differential equation system governing the
atmosphere, could experience significant differences if small perturbations were applied to
the initial conditions [Poincaré, 1905]. It was not until the 1950s, when the evolution of
the initial error growth during the forecast stage was attempted [Thompson, 1957]. From
the study of how the initial errors evolved in time and how these errors could affect the
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predictability of weather forecasts, it was established the so-called chaos theory [Lorenz,
1963a].

Until that moment, weather predictions were obtained using deterministic forecasts in
which the output of the model is obtained from a single run, fully determined by the initial
conditions. This kind of forecasts did not account for crucial uncertainties originated from
the unexact representation of the initial conditions and errors due to imperfections in the
numerical model. Taking into account these uncertainties, a new method to cope with
forecast uncertainty through the use of stochastic forecasts [Epstein, 1969, Leith, 1974]
emerged. The only computationally plausible approach in order to perform such forecasts
was through ensemble forecasting in which several model runs are performed introducing
perturbations to the initial conditions or also to the models themselves (Fig. 1.5). Using
this approach, forecast uncertainty was explicitly modeled by means of ensemble spread,
providing very useful information to users. In 1992 this approach was first implemented at
both NCEP and ECMWF [Tracton and Kalnay, 1993, Toth and Kalnay, 1993, 1997]. At
NCEP, perturbations introduced into initial conditions were generated using the method
of breeding growing perturbations [Toth and Kalnay, 1993, 1997]. At ECMWF, initial
conditions were obtained using the singular vectors method Buizza and Palmer [1995],
generating 50 ensemble members. Nowadays, all major national weather centers still use
ensemble forecasting, combined with sophisticated data assimilation methods.

Initial Condition 
Uncertainty

Forecast Uncertainty

Truth

Deterministic
 Forecast

Time

Ensemble Member

Ensemble 
Mean

Best Guess

Figure 1.5: Schematic representation of an ensemble forecasting run and how the ensemble
uncertainty is sampled, assuming that the model is perfect.

• Initial Conditions: During the first part of the 19th century, initial conditions were
estimated using subjective analysis in which meteorological observations were represented
on charts or maps. The first attempts are attributed to LeVerrier and to Admiral Robert
Fitzroy. In particular, LeVerrier attempted to diagnose the severe storm occurred on
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14 November 18543 performing a temporal series of synoptic charts on a geographical
background using observations from around Europe. These synoptic charts provided use-
ful information about the movement of the storm and could help to predict its evolution.
Since that moment, synoptic charts became accepted and by 1860, Admiral Fitzroy (head
of the Board of Trade, precursor of the British Meteorological Department) used them in
real time as a basis for prognosis (Fig. 1.6). It is important to note that these first syn-
optic charts were prepared entirely by hand and thus, the diagnosis or analysis obtained
relied extensively on their judgments. For this reason, this approach is now known as
subjective analysis. Synoptic charts were found to be very useful to predict future states
of the atmosphere one or two days ahead. However, the advances were too slow and
the increase in the skill of these forecasts achieved in the period 1860-1920 was almost
negligible [Reed, 1977].

Figure 1.6: Synoptic chart taken by Loomis [1885] depicting isobars (solid lines) and wind
directions (arrows) from the storm of 5th February 1870.

Several years later, the conception of predicting the evolution of the atmosphere was
changed by Bjerknes, who considered weather prediction as an initial-value problem in
which future state of the atmosphere could be prognosed through the integration of the
physical governing equations. This idea was first attempted by Richardson [1922], who
discretized the governing equations using finite-differences and integrated forward in time
from an initial state. This initial state was still subjectively obtained using values of pres-
sure and momentum at regularly spatial gridpoints (where the governing equations were
solved) from irregularly spaced observations (Fig. 1.7). The problem of this technique
was the excessive time consuming, being much longer than the forecast lead time itself.

3This storm affected the Black Sea region, destroying the French fleet at Balaklava.
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From this moment, the need to develop an automatic procedure to estimate the initial
conditions from data available in a irregular observation network without the judgment
of human analysts emerged. Such technique was called objective analysis.

Figure 1.7: Graphical representation of the forecast grid and observation stations used over
Europe by Richardson [1922]. Regularly spaced points of pressure and wind velocities values
were marked using P and M, respectively. The observations were irregularly spaced over the
domain (circle cross) and labeled with the name of its locations.

The first attempt at objective analysis was performed by Panofsky [1949], who used a
polynomial expansion function to fit all the observation points in a small area of the
analysis domain, which included several analysis gridpoints. The coefficients of the ex-
pansion were obtained through a least square fit and at the same time the observations
were weighted according to their presumed accuracies. From this moment, a great vari-
ety of empirical methods to obtain accurate initial conditions were developed assuming
different conditions and improving the analysis performance. Some examples are the
Cressman algorithm [Cressman, 1959], the successive corrections method [Bergthörsson
and Döös, 1955] or the Newtonian relaxation (nudging) (Hoke and Anthes, 1976, Kistler,
1974). These methods were later replaced by more sophisticated data assimilation tech-
niques based on Bayesian inversion theory, which derivate the analysis (current state
of the atmosphere) using available observations, prior information of the atmosphere
from short-range forecasts and the uncertainties associated to the observations and the
prior fields. These methods are performed in four dimensions to generate analysis that
are physically consistent in time and space and they can also take into account a vast
amount of observations heterogeneously distributed in space and time (such observations
obtained from satellites). Due to the uncertainties associated with observations and nu-
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merical models, current objective analysis, also known as data assimilation schemes, are
also combined with ensemble methods. Regarding these new data assimilation methods,
the implementation of the four-dimensional data assimilation scheme (4D-Var; Courtier
et al. [1994]) (Fig. 1.8), marked a major milestone in operational global NWP beginning
with the ECMWF in 1997, followed by Météo-France in 2000, Met Office in 2004, the
Japan Meteorological Agency and Environment Canada in 2005 and the United Sates
Naval Research Laboratory in 2009. One of the main problems and source of errors re-
lated with these four-dimensional schemes is the use of climatological static background
and observational error covariances. To overcome these difficulties, new sophisticated
methods, such the Ensemble Kalman Filter (EnKF; Evensen [1994], Burgers et al. [1998],
Evensen [2003]) have been developed, using error covariances that evolve following the
atmospheric flow. More details on this method are provided in next chapter.

Figure 1.8: Schematic representation of the ensemble analysis and forecast cycle. The left part
of the scheme represents a 12 h assimilation window used by 4D-Var. During the assimilation
window it is modified the initial trajectories of the ensemble (blue lines) to account for the ob-
servations (black dots with error bars). Thus, the analysis trajectories (green lines) are confined
within a narrower ensemble (reduction of the ensemble spread) closer to the observations. The
right part of the scheme represents the new cycle of assimilation starting from a free forecast
initiated with the new analysis. Image courtesy of ECMWF.

Scientific advances and technological developments opened the door to multiple prediction
cycles per day at high resolutions (even sub-kilometric scales). These centers also provide global
seasonal forecasts using a grid spatial resolution of tens of kilometers. In fact, in recent years,
the use of numerical weather forecasts coupled with hydrological models have gained popularity
in the scientific community due to the potential benefits of feeding the hydrological model with
accurate estimates of fields such as precipitation [Cloke et al., 2013]. In addition, numerical
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weather forecasts are also widely used to determine de evolution of ambient pollutant concen-
trations that mainly affect population from highly urbanized regions [Zhang et al., 2012]. This
is due to the fact that chemical concentration tracks are highly dependent of meteorological
variables, such as wind speed, temperature or radiation.

Current data assimilation systems has increased significantly the number of observations
assimilated in the last years due to the use of a large amount of remote observations from
satellites. The daily assimilation of such observations together with in-situ conventional obser-
vations O(107) is used to obtain the best estimate of the current state of the atmosphere. It
is important also to note the importance of the development of forward observation operators
that were used to represent the model equivalent of the observations. In the case the observa-
tion to be assimilated can not be related directly with any of the variables of the model (e.g.,
radiance observations) it should be need to obtain a "model equivalent" of such observation.
The observation operator performs such transformation. For this reason its development is
crucial to assimilate new sources of observations. However, it is important to highlight that the
improvements in current numerical weather predictions are closely linked to the advances in
high performance supercomputing. Computing power has increased approximately one order
of magnitude every year since 1980s. As an example, ECMWF is currently performing more
than 650 million grid-point calculations in the assimilation step using the 4D-Var algorithm in
a 12-h assimilation window. At the same time, approximately 10 million radiance calculations
are also performed, with the main objective of comparing the model output to satellite obser-
vations from more than 60 sensors. Today, deterministic runs at ECMWF uses a grid-spatial
resolution of 9 km and performs calculations on two million grid columns over a 10-day period.
In addition, the ensemble forecast system uses 50 ensemble members and produces 15-30 day
forecasts at 18 km grid resolution. Taking into account this, more than 40 billion grid-point
calculations are performed twice per day in approximately less than 3 h real time. Such kind
of simulations can only be run in the largest supercomputing facilities available in the world.

1.3 Atmospheric Predictability and Chaos
Since it was stated that atmospheric circulations could be explained using a set of non-linear
differential equations modelling the laws of physics (i.e., using a deterministic dynamical sys-
tem) [Abbe, 1901, Bjerknes, 1904], it was thought that the estate of the atmosphere could be
predicted accurately in any future time while numerical models improved. However, several
years later, Charney [1951] suggested that even though numerical models kept improving with
time, the limit of predictability would be limited. This limitation was attributed to model
deficiencies and errors associated to the atmospheric representation at the initial time. It was
not until 1963, when Lorenz discovered that any dynamical system with instabilities, such as
the atmosphere, has associated a limit of predictability, even using a perfect model and almost
perfect initial conditions [Lorenz, 1963a,b]. The limit in the predictability of the atmosphere
was estimated in about two weeks. This result was obtained by Lorenz accidentally when
looking for nonperiodic solutions using a numerical nonlinear dynamical model, in contrast to
periodic solutions that would be perfectly predictable from past statistics. During this process,
Lorenz decided to rerun part of the numerical simulation starting from the output of the former

40



simulation rounding their variables using three significant digits. When he came back from a
coffee break, he found that the new simulation was completely different from the previous one.
He noted that after a few days of simulation, the new result became to differ in the last digit
of the variables from the former simulation. As time advances, the other digits also started to
differ, achieving after about two months a completely different state. Lorenz stated that these
observed differences were originated due to the initial round-off errors, which were growing in
time during the simulation until they dominate the solutions. This unexpected result obtained
from this meteorologist played a key role in introducing the chaos theory to the community,
establishing the fundamental theorem of predictability Lorenz [1963a,b]. This theorem states
that unstable systems, as the ones governing the evolution of the atmosphere, have a finite
limit of predictability, in contrast to the stable systems which are infinitely predictable due to
its periodicity (Fig. 1.9).

(a)

Ensemble 
Mean

(b)

Ensemble 
Mean

Figure 1.9: Schematic representation of the evolution of unstable (a) and stable (b) dynamical
systems. Slight differences in the initial conditions of unstable dynamical systems result in two
completely different solutions. In contrast, in stable dynamical systems, which are characterized
to have periodic solutions, two different initial conditions converge and stay close to each other,
becoming infinitely predictable.

Thus, Lorenz demonstrated the strong sensitivity of numerical weather models to the initial
conditions and the great relevance of error growth, on accurately predicting the future state of
the atmosphere. This idea was disseminated in one of his talks "Predictability: does the flap
of a butterfly’s wings in Brazil set off a tornado in Texas?" in which he used the metaphor
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butterfly effect, referring to the essential idea that the slender effect of a butterfly flap (gener-
ation of small perturbations) eventually influences the evolution of the atmosphere circulation
depicting a completely different future state. In this case, the butterfly effect could in theory
cause the unfold of a tornado.

Overall, the predictability of the atmosphere is limited due to mainly two factors: errors
in the initial conditions and errors in the numerical models. The initial condition error source
refers to the incapacity of exactly determine the "true" state of the atmosphere, that is un-
known. Using sophisticated data assimilation methods we can reduce significantly the errors
associated to the initial state and obtain an accurate estimation of the current state of the at-
mosphere. The other source of error is referred to the use of imperfect numerical models. Some
physical processes has only a certain degree of accuracy and the most complex processes also
need high spatial and temporal resolutions. These two sources of forecast errors cause weather
forecasts to deteriorate with forecast time. However, even if the numerical models would be
perfect in the near future, the estimation of the initial conditions will always be associated
to small uncertainties, that together with the chaotic behavior of the equations governing the
atmosphere will provide significant different outputs (see Fig. 1 in Buizza [1996]).

Since the moment Lorenz [1963a] showed his results and introduced the new science of
chaos4, a limit in the predictability of weather was rigorously proven. Some studies have an-
alyzed the error growth of the 10-day forecast of the ECMWF from 1980 to 1995 [Simmons
et al., 1995]. These results showed that there was a substantial skill improvement during the
first 5 days of the forecasts, but only a slightly insignificant improvement in the late forecast
range. It was not until the 20th century, when it was realized that to improve forecasts of
chaotic system the deterministic forecasts should by replaced by ensembles of forecasts using
slightly different initial conditions and different parameterizations in the numerical model to
account for uncertainties due to the initial conditions and the model. From this moment, dif-
ferent ensemble forecasting system were integrated at both ECMWF and NCEP operational
centers in December 1992.

At the same time studies focused on investigating the intrinsic predictability of the atmo-
sphere [Lorenz, 1969, Thompson, 1985], some parallel efforts started to study the evolution of
the forecast uncertainty that emerges from the two main sources of uncertainty above men-
tioned [Ehrendorfer, 1997, 1999, Palmer, 2000]. To accurately predict the time evolution of the
uncertainties, Joseph Liouville proposed to treat such uncertainties from a probabilistic point
of view through an ensemble of solutions of a numerical model started from different initial con-
ditions. In this context, the prediction of the uncertainties can be seen as the time evolution
of this probability density function (PDF) obtained from the initial condition uncertainty in
the phase space ρ(X, t), where X is treated as a random variable that denotes a specific model
variable and t refers to the time. Using this probability density function it is computed the

4It is noteworthy that at the end of the 19th century, the mathematician and physicist Henri Poincaré
had already discovered the chaos behavior of dynamical systems when he studied the stability of the solar
system through the three− body problem [Poincaré, 1890]. He found that the trajectory of the third body was
highly sensitive to the initial conditions. However, he was not aware of the importance that these results would
constitute.
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probability that the true values of the initial state of the atmosphere (X) lies within a certain
small volume of the phase space dV at a certain time using the following expression:

∫
V
ρ(X, t0)dV (1.1)

The evolution of ρ can be formulated exactly through the density continuity equation [Ehren-
dorfer, 1994], which models the time evolution of ρ(X, t), given an initial value ρ(X, t0):

∂ρ(X, t)
∂t

+
N∑
k=1

∂

∂Xk

[ρ(X, t)Ẋk(X, t)] = 0 (1.2)

where Ẋ represents the flow of the dynamical system in the phase space. This equation,
also known as Liouville equation, physically states that the local change of ρ is exactly bal-
anced by the net flux of realizations across the faces of a small volume surrounding the point
under consideration [Thompson, 1983], which is equivalent to the condition that realizations
are neither created nor destroyed. It is important to note that the Liouville equation does
not take into account model uncertainties. In fact, the Liouville equation is a special case of
the Fokker-Planck equation that is a generalization of the density continuity equation but tak-
ing into account model uncertainties, such model parameterizations, through stochastic terms
[Penland, 2003, Ehrendorfer, 1994]. These random processes added to the governing equation
of the atmosphere is added to the Liouville equation as a diffusion term.

Although the evolution of the probability density function can theoretically be exactly
solved through the Liouville equation, its application in realistic atmospheric problems is still
nowadays computationally intractable due to the enormous dimensionality of the system. An
approximate solution of the Liouville equation is obtained using ensembles. Using this approach,
it is solved the three-dimensional Lorenz system [Lorenz, 1963b, 1965], that is a prototypical
example of chaos theory, and which is described by:

ẋ = σ(y − x) (1.3)
ẏ = x(r − z)− y (1.4)
ż = xy − bz (1.5)

where the parameters σ, b and r are kept constant during the integration of the system, and
their values, according to [Lorenz, 1963a] are chosen to be σ = 10, b = 8/3 and r = 20. These
parameter values guarantees chaotic solutions (i.e., solutions that are strongly influenced by
uncertainties in the initial conditions) and illustrates the dispersion of finite time integrations
from an ensemble of initial conditions (Fig. 1.10). The probability density function ρ(X, t)
can be visualized as the area enclosed by every ellipsoid in the attractor5, and the successive

5An attractor typically describes a state to which a dynamical system evolves after a long time. Systems
that never reach an equilibrium, such as Lorenz’s butterfly wings, are known as strange attractors.
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ellipsoids can be visualized as the forecast of these points. The two wing attractors can be
considered as two different weather regimes, for example one warm and wet and the other cold
and sunny. The future state and the degree of predictability of this system varies significantly
depending on the initial conditions. In the case the spread of ρ(X, t) does not diverge, the
system will be highly predictable (Fig. 1.10a). Another probable situation would be to have
a less predictable system in which the points remains together only for a brief period of time,
and then start diverging (Fig. 1.10b), with approximately half of the points ending in one on
the wings of the attractor and the other half ending on the other wing of the attractor. For this
case, it is not possible to predict where the system will end after a long period of time. Finally,
it is possible to have a worse situation, in which the points will diverge after just starting the
forecast and ending in very distant parts of the system attractor (Fig. 1.10c). In this case,
the predictability of the system would be very low and the spread of the points would indicate
that there is a great uncertainty associated to the attractor in which the system will end up.
Thus, small spreads indicate that the future scenario is highly predictable. In contrast, if large
spreads are obtained, it means that the atmospheric evolution has low predictability.

1.4 General Future Perspective and Challenges
Predictability of the atmospheric flow, across multiple scales, is expected to undergo a substan-
tial improvement in the next decade due to advances mainly in:

• The generation of more accurate parameterization schemes through the better under-
standing of the physical processes involved in very complex and small-scale weather sys-
tems.

• The development of more accurate observational instruments using higher spatial and
temporal resolution, such as meteorological sensors installed on board satellites providing
radiances measurements over the entire globe and over the total vertical extension of the
atmosphere.

• Technology developments applied to produce more powerful high performance computing
facilities, which plays a crucial role in continuing with the progress in numerical weather
predictions.

These advances would allow to provide in the one hand, high resolution (≈ 1 km) for the
entire globe using convection-permitting simulations, and in the other hand, running complex
coupled atmosphere-land-ocean-ice models. It is expected that in a near-future, ensemble pre-
diction systems using these improvements will predict with accuracy probabilities of dynamics,
physics or even chemistry into the multi-seasonal range for weather, and into multi-decadal
range for climate projections. Another relevant area that requires special effort is the addition
of more physical and chemical processes involved in the coupling of the atmosphere with the
ocean, the land surface and the sea-ice through the numerical models. The major challenge in
the coupling process is found in the interfaces between the different systems where fluxes from
the different environments do not match. These abrupt differences can generate instabilities in
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a regime transition is given. The ensemble of points can be used to generate probabilistic forecasts of regime tran-
sitions. In this case, since all points end in the other wing of the attractor, there is a 100% probability of regime
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Figure  3. Lorenz attractor with superimposed finite-time ensemble integration.

By contrast, when the system is in a less predictable state (Fig. 3 (b)), the points stay close together only for a short
time period, and then start diverging. While it is still possible to predict with a good degree of accuracy the future
forecast state of the system for a short time period, it is difficult to predict whether the system will go through a
regime transition in the long forecast range. Fig. 3 (c) shows an even worse scenario, with points diverging even
after a short time period, and ending in very distant part of the system attractor. In probabilistic terms, one could
have only predicted that there is a 50% chance of the system undergoing a regime transition. Moreover, the ensem-
ble of points indicates that there is a greater uncertainty in predicting the region of the system attractor where the
system will be at final time in the third case (Fig. 3 (c)).

The comparison of the points’ divergence during the three cases indicates how ensemble prediction systems can be
used to “forecast the forecast skill”. In the case of the Lorenz system, a small divergence is associated to a predict-
able case, and confidence can be attached to any of the single deterministic forecasts given by the single points. By
contrast, a large diverge indicate low predictability.
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By contrast, when the system is in a less predictable state (Fig. 3 (b)), the points stay close together only for a short
time period, and then start diverging. While it is still possible to predict with a good degree of accuracy the future
forecast state of the system for a short time period, it is difficult to predict whether the system will go through a
regime transition in the long forecast range. Fig. 3 (c) shows an even worse scenario, with points diverging even
after a short time period, and ending in very distant part of the system attractor. In probabilistic terms, one could
have only predicted that there is a 50% chance of the system undergoing a regime transition. Moreover, the ensem-
ble of points indicates that there is a greater uncertainty in predicting the region of the system attractor where the
system will be at final time in the third case (Fig. 3 (c)).

The comparison of the points’ divergence during the three cases indicates how ensemble prediction systems can be
used to “forecast the forecast skill”. In the case of the Lorenz system, a small divergence is associated to a predict-
able case, and confidence can be attached to any of the single deterministic forecasts given by the single points. By
contrast, a large diverge indicate low predictability.

Figure 1.10: Schematic non-linear evolution of ensembles of initial points on the Lorenz "but-
terfly" attractor (phase space) depicting three different atmospheric regimes. (a) represents a
predictable state, small initial errors will not affect significantly the the forecast of the prob-
ability density function ρ(X, t). (b) depicts a less predictable situation where points in the
phase space stay together only for a limited time before diverging. Finally, (c) represents an
unpredictable situation in which small initial uncertainties have a large impact on the future
estimation event even for very short period ahead. Image obtained from [Buizza, 1996].

the model that will be reflected in poor quality forecasts.

Regarding physical parameterizations, it is important to note that as the spatial resolu-
tion will increase in time, the requirement of using parameterization schemes will be reduced
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drastically for almost all the physical processes. However, for convection this situation is more
complex, due to the fact that even using 1 km grid spacing, there will be significant convective
structures, such as small-scale convective plumes embedded in larger convective clouds, that
could not be resolved by the model and will still require of the parameterization. Thus, a
significant effort will still be required to deal with small-scale convection and convection pa-
rameterizations will remain crucial for global and climate weather modeling. However, it is
noteworthy that the physical parameterizations have associated certain uncertainties. These
uncertainties can be related to the incomplete knowledge of the physical processes involved in
weather processes developing on the unresolved scales. To deal with this uncertainties a method
that is gaining popularity is the use of stochastic parameterizations [Berner et al., 2017].

Related to the above-mentioned necessity of adding more physical and chemical processes
to numerical models, it is the necessity of obtaining more accurate initial conditions from the
assimilation of a greater amount of observations. Current numerical weather forecasts only uses
between 5-10% of the total satellite observations, and some additional techniques or new mete-
orological instruments are needed to improve the quality of such observations to be included in
the data assimilation process. This is an important challenge in the near future improvement
of NWP. In addition, more sophisticated observations will be also required to be assimilated to
improve the representation of the initial conditions.

Finally, it is also important to note that, mainly due to computational resources, current
operational data assimilation systems rely on strong approaches, such as linearity, Gaussianity
error assumptions or the obtention of error covariances from limited small ensembles. With
the main objective of obtaining more accurate solutions resembling real weather conditions we
need to avoid the usage of these approaches and develop more sophisticated data assimila-
tion methods. Some modern data assimilation schemes, such as the promising Particle Filter
[Van L, 2009], which deals with non-Gaussian distributions, are gaining popularity in the data
assimilation community.

1.5 Motivation and Objectives
The Western Mediterranean region is a geographical region where the frequency of high impact
weather phenomena ((e.g., flash floods, large hail, severe winds, storm surges or intense light-
ning) is one of the highest in the world [Petterssen, 1956], producing huge economic, injury and
human losses [Font, 1983, Romero et al., 1998b, Llasat and Sempere-Torres, 2001, Llasat et al.,
2010]. The proper prediction of such extreme weather events in the Western Mediterranean
is still a challenge even taking into account the huge advances that numerical weather models
have achieved in the last years, improving the representation of the physical processes and the
dynamics, and benefiting from the availability of faster high performance supercomputers. In-
deed, any current operational weather service is able to predict these kind of extreme weather
events in the Mediterranean with enough time to warn population and avoid fatalities. The
main reason is the insufficient representation of the initial state uncertainties. It is important to
bear in mind that almost all the extreme weather events affecting the Western Mediterranean
basin are initiated over the sea, where a lack of in-situ observations is obvious. This data-void
area impacts negatively on the accurate representation of the initial state of the atmosphere,
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which together with the chaotic behavior of numerical weather equations are the main reasons
of the poor skill in properly predicting these extreme weather events. Thus, it is crucial to
obtain an accurate representation of the initial state of the atmosphere to be able to obtain a
realistic and useful numerical forecast.

The main objective of the present Thesis is to improve short-range numerical forecasts of
severe weather phenomena affecting coastal areas of the Western Mediterranean basin. To cope
with this challenge, this Thesis aims at developing the first implementation, over the Western
Mediterranean region, of a high-resolution prediction system based on an advanced ensem-
ble data assimilation technique called Ensemble Kalman Filter (EnKF; Evensen [1994]).This
method accounts for both model and observational uncertainties, providing a more realistic
estimation of the probabilistic atmospheric state. Background uncertainties are represented by
the so-called background error covariance matrix which is directly computed from the ensemble
itself and the main advantage of this system is that this covariance is evolved in time following
the atmospheric flow. Observational uncertainties are also accounted for by means of the so-
called observational error covariance matrix. A detailed description of the EnKF is presented
in the following chapter.

Along this Thesis different extreme weather regimes that has been studied using the EnKF
are presented. In the first case studies, only in-situ conventional observations (buoys, Meteo-
rological Aerodrome Reports (METARs), radiosondes, or Aircraft communications addressing
and reporting system (ACARs)) were assimilated using the EnKF. In the following studies we
included an additional source of information: the reflectivity information from Doppler radars.
The main advantage of radar observations is their high spatial and temporal resolution, pro-
viding volumetric detailed information of convective systems. However, these observations only
provide information over land or, in the case the radars are located in coastal regions, over a
small portion of the sea. With the objective of improving significantly the representation of
the atmosphere over the sea, a new type of observations had to be considered. To this purpose,
meteorological information from satellites was chosen. Satellite observations also provide high
temporal and spatial resolution and they cover both land and sea domains indistinctly. Thus,
the final chapter of this Thesis is dedicated to the assimilation of satellite information using
the EnKF.
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Chapter 2

Methodology

The following chapter describes the main numerical tools and algorithms used along this the-
sis to improve the predictability of high-impact weather events forming over large maritime
bodies, such as the Western Mediterranean region. The uncertainties in these areas, due to
the lack of in-situ observations, are among the main error sources that critically limit our
ability to forecast such events. Over the last years, several data assimilation algorithms have
been developed to improve the representation of the atmosphere from different sources of in-
formation, such as conventional in-situ (e.g., buoys, METARs, aircrafts or soundings among
others) or from remote sensing observations (e.g., radial velocities and reflectivity from Doppler
radars or manifold products from satellite instruments). The present research aims to improve
short-rage forecast of extreme weather events in the Mediterranean Sea by means of assimi-
lating different sources of observations through the Ensemble Kalman Filter (EnKF) algorithm.

To this purpose, the Weather Research and Forecasting (WRF) model in combination with
the Data Assimilation Research Testbed (DART) system are used to perform the entire set
of numerical experiments in the present work. This coupled system (WRF-DART) allows to
assimilate a myriad of different types of observations (in-situ and remote sensing) using the
Ensemble Kalman Filter (EnKF) algorithm. A detailed overview of the WRF model and the
data assimilation system, in addition to the procedure used to generated our Ensemble Pre-
diction System (EPS) and the computational resources required to run such simulations, are
described below.

2.1 Numerical Model (WRF-ARW)
The Weather Research and Forecasting (WRF) model is a numerical weather prediction (NWP)
system that can be configured for both research and operational applications and was released
in the latter 1990s as a result of a collaborative project among the National Center for At-
mospheric Research (NCAR), the National Oceanic and Atmospheric Administration (NOAA),
the Air Force Weather Agency (AFWA), the Naval Research Laboratory (NRL), the University
of Oklahoma (OU), and the Federal Aviation Administration (FAA).

The WRF system is composed by different components such as dynamics solvers, physics
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packages, a module that contains variational data assimilation algorithms (WRF-Var), and a
module used to investigate interactions between trace gases and aerosols between clouds and
chemistry (WRF-Chem). As part of the dynamics solvers, WRF provides two different dynam-
ical cores for the computation of the atmospheric governing equations. On the one hand, the
Advanced Research WRF (ARW) solver which is an Eulerian mass solver developed at NCAR,
and on the other hand the NMM solver developed at NCEP, both of them are nonhydrostatic
mesoscale model. To address the present work the main features of the ARW dynamical core
are described below.

Chapter 2

Governing Equations

The ARW dynamics solver integrates the compressible, nonhydrostatic Euler equations. The
equations are cast in flux form using variables that have conservation properties, following the
philosophy of Ooyama (1990). The equations are formulated using a terrain-following mass
vertical coordinate (Laprise, 1992). In this chapter we define the vertical coordinate and present
the flux form equations in Cartesian space, we extend the equations to include the e↵ects of
moisture in the atmosphere, and we further augment the equations to include projections to the
sphere.

2.1 Vertical Coordinate and Variables
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Figure 2.1: ARW ⌘ coordinate.

The ARW equations are formulated using a
terrain-following hydrostatic-pressure vertical co-
ordinate denoted by ⌘ and defined as

⌘ = (ph�pht)/µ where µ = phs�pht. (2.1)

ph is the hydrostatic component of the pressure,
and phs and pht refer to values along the surface
and top boundaries, respectively. The coordinate
definition (2.1), proposed by Laprise (1992), is
the traditional � coordinate used in many hydro-
static atmospheric models. ⌘ varies from a value
of 1 at the surface to 0 at the upper boundary of
the model domain (Fig. 2.1). This vertical coor-
dinate is also called a mass vertical coordinate.

Since µ(x, y) represents the mass per unit area
within the column in the model domain at (x, y),
the appropriate flux form variables are

V = µv = (U, V,W ), ⌦ = µ⌘̇, ⇥ = µ✓. (2.2)

v = (u, v, w) are the covariant velocities in the
two horizontal and vertical directions, respec-
tively, while ! = ⌘̇ is the contravariant ‘vertical’

7

Figure 2.1: Schematic view of the vertical WRF-ARW η coordinate. Phs and pht represent
hydrostatic pressure at surface and top boundaries, respectively. Figure obtained from the
WRF-User guide.

ARW core solves a fully compressible set of primitive atmospheric equations which are
treated from an Eulerian non-hydrostatic point of view. These prognostic equations, which takes
into consideration the Earth’s rotation by including the Coriolis terms, are used to obtain the
velocity components u and v in Cartesian coordinates, the vertical velocity w, the perturbation
geopotential, perturbation potential temperature and perturbation surface pressure of dry air.
In addition, some other interesting fields such as the turbulent kinetic energy, water vapor
mixing ratio, rain mixing ratio, cloud water mixing ratio, chemical species and tracers, can
be obtained. To be able to solve these equations, ARW discretizes the equations on a grid
and compute numerical solutions. In the vertical, a traditional terrain-following hydrostatic-
pressure vertical coordinate (η) is used. That was proposed by [Laprise, 1992] with higher
density of levels in the lower than in the upper part of the atmosphere, and it is defined as:

η = (ph − pht)/µ (2.1)
where µ = phs − pht represents the mass per unit area within the column in the model

domain. In this equation, ph, phs and pht refers to the hydrostatic, the surface and the top
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pressure, respectively. η values varies from 0 at the upper boundary to 1 at the surface (Fig.
2.1). In the horizontal and in the vertical, ARW uses the Arakawa C-grid staggering scheme to
improve the precision of the numerical solutions (Fig. 2.2). Following this spatial discretization,
scalar variables (such as the thermodynamical) are located at the center of the grid cell (mass
point), while wind components are located at the middle of each grid cell.
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Figure 3.2: Horizontal and vertical grids of the ARW

where the discrete operator ax denotes a linear interpolation operator. The grid lengths �x and
�y are constant, hence in this case the operator reduces to ax = (ai+1/2 + ai�1/2)/2.

Using these definitions, we can write the spatially discrete acoustic step equations
(3.7) – (3.12) as
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where the discrete operator
�xa = �x�1(ai+1/2 � ai�1/2) (3.27)

with the operators �y and �⌘ similarily defined. Additionally, the operator a⌘ is a vertical
interpolation operator. Using the notation given for the vertically stretched grid depicted in
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Figure 2.2: Schematic view of the horizontal and vertical Arakawa-C staggered grids used to
discretize prognostic equations in the WRF-ARW. Figure obtained from the WRF-User guide.

ARW-WRF core also support the usage of four different map projections for real-data sim-
ulations. Such map projections are the polar stereographic, Lambert conformal, Mercator and
the latitude-longitude (allowing rotated pole). ARW also supports different nesting methods
that allow to run the model at higher resolution over specific areas without the cost of large do-
mains required to minimize the excessive impact from boundary conditions. ARW-WRF allows
to perform such kind of spatial refinement only in the horizontal plane, keeping the same grid
resolution along the vertical coordinates. These nested runs can be embedded simultaneously
within a coarser-resolution simulation, or can be run independently as a separate model simula-
tion. ARW allows the use of two nesting strategies relying on how the nested grids interact with
the parent domain. These two methods are known as 1-way and 2-way nestings (Fig. 2.3). The
1-way nesting consists in a purely transference of information from the parent domain to the
nested domain obtaining the boundary conditions of the inner domain through interpolation.
Then, the nested domain is able to solve the primitive equations for all the inner grid points.
The 2-way nesting method works initially as the 1-way nesting, providing boundary conditions
from the parent domain information. Then, the inner domain solve the governing equations
for all the inner grids. Finally, the inner grid values are sent back to the parent domain to
overwrite values that lie inside the inner domain. This bi-directional behavior (coarse-to-fine
for lateral boundary conditions in the inner domain and fine-to-coarse during the feedback at
each coarse grid point) is the reason this method is called 2-way nesting. As an additional
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capability of ARW, it is also possible to perform the above-mentioned nesting techniques with
the high-resolution domain moving following a certain weather pattern (e.g., hurricane).

Parent Domain

Nested Domain     1-Way nesting:

Information flows 
only from the 
parent domain to 
the nested domain

2-Way nesting:

Information flows 
from both 
directions 
between grids

Figure 2.3: Schematic representation of the one-way (blue arrows) and the two-way (magenta
arrows) nesting information flow used in the WRF-ARW.

2.1.1 Model Equations
WRF is based on the primitive atmospheric equations, which are a variant of the Navier-
Stokes equations that describes the motion of the fluids taking into account the principle of
conservation of mass, energy and momentum. Prognostic variables are column mass of dry air,
velocities u, v and w, potential temperature and geopotential. The ARW-WRF core integrates
the compressible, nonhydrostatic Euler equations in flux-form using variables with conservations
properties following [Ooyama, 1990]. Using the η vertical coordinate and the fact that the
velocity flux can be written as V = µv = (U, V,W ) , the set of model equations in flux-form
can be derived from the basic conservation principles of the atmosphere. The Newton’s second
law of motion, which states that the acceleration of an object is directly proportional to the net
force acting upon the object and inversely proportional to the mass of this object, provides the
conservation of momentum. From this conservation law, the momentum equation from which
prognostic equations for wind components are obtained, is derived:

∂tU + (∇ · V u)− ∂x(pφη) + ∂η(pφx) = FU (2.2)
∂tV + (∇ · V v)− ∂y(pφη) + ∂η(pφy) = FV (2.3)

∂tW + (∇ · V w)− g(∂ηp− µ) = FW (2.4)
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where φ and F∗ represent the geopotential and forcing terms (e.g., effect of friction, earth’s
rotation, ...) respectively. The subscripts t, x, y and η denote differentiation.

The second conservation law that WRF model uses is the conservation of the mass, which
states that the mass can neither be created nor destroyed, meaning that the inflows, outflows
and change in storage of mass in a system must be in balance. This principle is the main basis
of the continuity equation, which states that the change in density is due to convergence or
divergence of the atmospheric flow, and can be written as:

∂tµ+ (∇ · V ) = 0 (2.5)

Another conservation principle used by the model is the conservation of heat, obtained from
the first principle of thermodynamics, which states that heat exchange of a particle modifies its
pressure and temperature. This principle yields the energy equation used in the set of equations
of the model and can be written as follows:

∂tΘ + (∇ · V θ) = FΘ (2.6)

where Fθ represents forcing terms arising from model physics and turbulent mixing.

In addition to the above-mentioned equations, obtained from conservative principles, the
Euler equations provide an additional equation which is the material derivative of the geopo-
tential, that it is not written in flux-form due to the geopotential is not a conserved quantity
and no benefit is achieved from using the conservation form. For instance, the geopotential
tendency is written as:

∂tφ+ µ−1[(V ·∇φ)− gW ] = 0 (2.7)

Finally, model equations are supported by the diagnostic relation for the inverse density
and the equation of state:

∂ηφ = −αµ (2.8)
p = p0(Rdθ/p0α)γ (2.9)

where γ is the ratio of the heat capacities for dry air (cp/cv = 1.4), Rd is the gas constant
for dry air, p represents the pressure, p0 the reference pressure, and φ the geopotential.

The above-mentioned set of Euler equations refers to the case of considering a dry atmo-
sphere. For the most general case, where moisture is present, the model equations are modified
taking into account the conservation of water. In order to obtain the moist equations the
vertical coordinate with respect to the dry air was defined as follows:

η = (pdh − pdht)/µd (2.10)
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where µd represents the mass of dry air in the column and pdh and pdht represent the hy-
drostatic pressure of the dry atmosphere and the hydrostatic pressure at the top of the dry
atmosphere.

Taking into account this fact, the moist Euler equations can be written as:

∂tU + (∇ · V u) + µdα∂xp+ (α/αd)∂ηp∂xφ = FU (2.11)
∂tV + (∇ · V v) + µdα∂yp+ (α/αd)∂ηp∂yφ = FV (2.12)

∂tW + (∇ · V w)− g[(α/αd)∂ηp− µd] = FW (2.13)
∂tΘ + (∇ · V θ) = FΘ (2.14)
∂tµd + (∇ · V ) = 0 (2.15)

∂tφ+ µ−1
d [(V ·∇φ)− gW ] = 0 (2.16)
∂tQm + (∇ · V qm) = FQm (2.17)

In this case, the diagnostic equation for dry inverse density and the full pressure yields:

∂ηφ = −αdµd (2.18)
p = p0(Rdθm/p0αd)γ (2.19)

where αd is the inverse of the dry air density and α is the inverse of the full parcel density
α = αd(1 + qv + qc + qr + qi + ...)−1. These q∗ variables represent the mixing ratios for water
vapor, cloud, rain, ice, etc. Additionally, θm and Qm are defined as follows:

θm = θ(1 + (Rv/Rd)qv) ≈ θ(1 + 1.61qv) (2.20)
Qm = µd/qm ; where qm = qv, qc, qi (2.21)

The ARW dynamics solver integrates this set of equations at each grid-point in the numeri-
cal domain to predict the spatial fields of dynamic and thermodynamic variables that describe
the state of the atmosphere.

2.1.2 Map Projections
To facilitate the interpretation, analysis and display of features such as, geography, soil type or
weather data, located over the three dimensional Earth’s surface is typically used mathemat-
ical transformations that translate information from the globe, which is treated as an sphere
or spheroid, into a two dimensional surface (i.e., map). This transformation is referred as map
projection and has the advantage that lengths, angles and areas are constant across the two
dimensions. For any map projection, is desirable to satisfy several features that should be
the same in the sphere than in the flat surface, such as: preservation of angles, shapes, areas,
preservation of directions and the fact that shortest distance between two points should be a
great circle. However, it is important to note that a map projection is a merely approxima-
tion to the Earth surface, since representing a spherical surface in two dimensions produces
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distortion in the shape, angle and even area of the data. For this reason, no individual map
projection can satisfy all the above-mentioned considerations. The most important feature
desired in atmospheric sciences is the preservation of angles. The map projection that allows
such preservation is referred as a conformal map projection. The most widely used types of
conformal map projections are the Lambert conic, Mercator and polar stereographic.

WRF-ARW core integrates the primitive equations over a rectangular grid obtained from
the map projection of the real earth. ARW provides the usage of 4 different map projections
that are used for different purposes: Lambert conformal, polar stereographic, Mercator and
the latitude-longitude projections. Each of these map projections present small distortion over
limited ranges of latitudes. The Lambert map projection is well-suited for mid-latitudes re-
gions and it is obtained by fitting a cone with its tip located directly above a pole secant to
the Earth (Fig. 2.4a). Typically, the secant points are taken to be 30º and 60º latitude. The
Mercator map projection is widely used for low-latitudes and it is obtained by fitting a cylinder
tangent to the Earth at the Equator (Fig. 2.4b). This projection has the main inconvenient
that distorts the size of objects as the latitude increases from the Equator to the poles. For
high-latitude domains, specially for those that include a pole, the most appropriate map pro-
jection is the polar stereographic. This projection is obtained by fitting a plane tangent to
the Earth at the North or South pole (Fig. 2.4c). Finally, the latitude-longitude also called
cylindrical equidistant map projection, which maps meridians to vertical straight lines of con-
stant space and latitudes to horizontal straight lines of constant space (Fig. 2.4d). This map
projection is typically used for global domains, although it can also be used for regional regions.

Lambert, Mercator and stereographic map projections are isotropic transformations, which
involve to satisfy the following condition everywhere on the grid:

(∆x/∆y)|earth = constant (2.22)

In addition, from the ARW V3 release, it also supports anisotropic map projections such as
the latitude-longitude transformation, used generally for global simulations. This means, that
different distortions are present for both x and y components of the map projection. To include
the different effects of map projections into the governing equation, map scale factors (mx and
my) which are defined as the ratio of the distances in computational space to the corresponding
distance on the Earth’s surface are used:

(mx/my) = (∆x,∆y)|map
(∆x,∆y)|Earth

(2.23)

To include the map-scale factor in the governing equations, the ARW redefines the momen-
tum variables as:

U = µdu/my, V = µdv/mx, W = µdw/my, Ω = µdη̇/my (2.24)

Using these redefined variables, the primitive equations including map factors and rotational
terms can be now written as:
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∂tU +mx[∂x(Uu) + ∂y(V u)] + ∂η(Ωu)
+(mx/my)[µdα∂xp+ (α/αd)∂ηp∂xφ] = FU

(2.25)

∂tV +my[∂x(Uv) + ∂y(V v)] + (my/mx)∂η(Ωv)
+(my/mx)[µdα∂yp+ (α/αd)∂ηp∂yφ] = FV

(2.26)

∂tW + (mxmy/my)[∂x(Uw) + ∂y(V w)]
+∂η(Ωw)−m−1

y g[(α/αd)∂ηp− µd] = FW
(2.27)

∂tΘ + (mxmy)[∂x(Uθ) + ∂y(V θ)] +my∂η(Ωθ) = FΘ (2.28)
∂tµd +mxmy[Ux + Vy] +my∂η(Ω) = 0 (2.29)

∂tφ+ µ−1
d [mxmy(U∂xφ+ V ∂yφ) +myΩ∂ηφ−mygW ] = 0 (2.30)

∂tQm +mxmy[∂x(Uqm) + ∂y(V qm)] +my∂η(Ωqm) = FQm (2.31)

For the isotropic projections (Lambert conformal, Mercator and polar stereographic), where
mx = my = m, the Coriolis and curvature terms are written as follows:

FUcor = +(f + u
∂m
∂y
− v∂m

∂x
)V − eW cosαr −

uW

re
(2.32)

FVcor = −(f + u
∂m
∂y
− v∂m

∂x
)U − eW sinαr −

vW

re
(2.33)

FWcor = +e(U cosαr − V sinαr) + uU + vV

re
(2.34)

where αr is the local rotation angle between the y-axis and the meridians, f = 2Ωe sinψ,
e = 2Ωe cosψ, Ωe, is the Earth’s angular rotation rate and re is the radius of the earth. The
terms with m correspond to the horizontal curvature terms, those containing re are related to
the vertical curvature, and those with e and f are associated with the Coriolis force.

For anisotropic projections (latitude-longitude), the above-mentioned forcing terms can be
cast as:

FUcor = mx

my

[fV + uV

re
tanψ]− uW

re
− eW cosαr (2.35)

FVcor = my

mx

[−fU + uU

re
tanψ − vW

re
+ eW cosαr] (2.36)

FWcor = +e(U cosαr − (mx/my)V sinαr) + uU + (mx/my)vV
re

(2.37)
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(a)

The Basic WRF Users’ Tutorial 
27 – 31 January 2014, Boulder, CO 

ARW Projections: Lambert Conformal 

!  Well-suited for mid-latitudes 
!  Domain cannot contain either pole 
!  Domain cannot be periodic in west-

east direction 
!  Either one or two true latitudes may 

be specified 
�  If two are given, the order 

doesn’t matter 

7 

(b)

The Basic WRF Users’ Tutorial 
27 – 31 January 2014, Boulder, CO 

ARW Projections: Mercator 

!  Well-suited for low-latitudes 
!  May be used for “channel” 

domain (periodic domain in 
west-east direction) 

!  A single true latitude is 
specified 
�  Cylinder intersects the 

earth’s surface at +/- 
truelat 

8 (c)

The Basic WRF Users’ Tutorial 
27 – 31 January 2014, Boulder, CO 

ARW Projections: Polar Stereographic 

!  Good for high-latitude 
domains, especially if domain 
must contain a pole 

!  A single true latitude is 
specified 

9 

(d)

The Basic WRF Users’ Tutorial 
27 – 31 January 2014, Boulder, CO 

ARW Projections: Cylindrical Equidistant 

!  Required for global 
domains 

!  May be used for regional 
domains 

!  Can be used in its normal 
or rotated aspect 

10 Figure 2.4: Graphical depiction of the four available map projections WRF-ARW supports:
a) Lambert conformal, b) Mercator, c) polar stereographic and d) latitude-longitude. Figure
obtained from the WRF-User guide.
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2.1.3 Model Equations (Perturbation Form)
With the main aim of reducing truncation errors associated to the calculation of horizontal
pressure gradient terms using the discrete form of the above-mentioned primitive equations and
also to minimize the roundoff error linked with the calculation of vertical pressure gradients,
the governing equations are rewritten in terms of perturbation variables. For this reason, a set
of specific variables are decomposed in a reference state that is in hydrostatic balance (i.e., it
is only a function of height) and a perturbation term. Thus, these variables are written as:

p = p̄(z̄) + p′ (2.38)
φ = φ̄(z̄) + φ′ (2.39)
αd = ᾱd(z̄) + α′d (2.40)
µd = µ̄d(z̄) + µ′d (2.41)

(2.42)

Using these variables, the primitive equations can be written in their final form as follows:

∂tU +mx[∂x(Uu) + ∂y(V u)] + ∂η(Ωu)
+(my/mx)[µd(∂xφ′ + αd∂xp

′ + α′d∂xp̄) + ∂xφ(∂ηp′ − µ′d)] = FU
(2.43)

∂tV +my[∂x(Uv) + ∂y(V v)] + (my/mx)∂η(Ωv)
+(my/mx)[µd(∂yφ′ + αd∂yp

′ + α′d∂yp̄) + ∂yφ(∂ηp′ − µ′d)] = FV
(2.44)

∂tW + (mxmy/my)[∂x(Uw) + ∂y(V w)]
+∂η(Ωw)−m−1

y g(α/αd)[∂ηp′ − µ̄d(qv + qc + qr)] +m−1
y µ′dg = FW

(2.45)

∂tΘ + (mxmy)[∂x(Uθ) + ∂y(V θ)] +my∂η(Ωθ) = FΘ (2.46)
∂tµ
′
d +mxmy[∂xU + ∂yV ] +my∂η(Ω) = 0 (2.47)

∂tφ
′ + µ−1

d [mxmy(U∂xφ+ V ∂yφ) +myΩ∂ηφ−mygW ] = 0 (2.48)
∂tQm +mxmy[∂x(Uqm) + ∂y(V qm)] +my∂η(Ωqm) = FQm (2.49)

In addition, these perturbation variables also transform the Eq. 2.19 to:

∂ηφ
′ = −µ̄dα′d − αdµ′d (2.50)

(2.51)

The discretized form of the primitive equations (Eq.2.43)-(Eq.2.49) together with the equa-
tion of state (Eq.2.19), which can not be recast in perturbation form due to the exponent in
its expression, represent the equation system solved by the ARW core.

2.1.4 Temporal discretization
The above-mentioned flux-form governing equations take into account both low- (e.g., synoptic
motions such as North Atlantic Oscillation or the Antarctic Oscillation) and high-frequency
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(e.g., acoustic or gravity waves) atmospheric modes. To accurately treat these different at-
mospheric modes, ARW solver integrates the governing equations using a time-split scheme
that consists in integrating the slow modes using a third-order Runge-Kutta (RK3) scheme
while the fast modes are integrated over smaller time steps to maintain numerical stability.
This time-split scheme is analyzed in [Klemp et al., 2007] and it is an extended version of the
scheme described in [Wicker and Skamarock, 2002] in which a RK3 scheme is used instead of a
leapfrog scheme. The RK3 scheme used in [Wicker and Skamarock, 2002] integrates a set of dif-
ferential equations using a predictor-corrector formulation consisting in a 3 steps methodology
to advance a solution Φ(t) to Φ(t+ ∆t) as follows:

Φ∗ = Φt + ∆t
3 R(Φt) (2.52)

Φ∗∗ = Φt + ∆t
2 R(Φ∗) (2.53)

Φt+∆t = Φt + ∆tR(Φ∗∗) (2.54)

where superscripts denote time levels, Φ = (U, V,W,Θ, φ′, µ′, Qm), R(Φ) are the terms that
do not contain time derivatives in equations (Eq.2.43)-(Eq.2.49), and ∆t is the time step for
the slow modes.

As it was noted before, the RK3 time step ∆t in (Eq.2.52)-(Eq.2.54) will be strongly limited
by the fast modes. To improve the accuracy of the splitting, a perturbation form of the
governing equations, using smaller acoustic time steps, is integrated within the RK3 large-
time-step sequence. In essence, the time-split RK3 scheme consists in two loops: an outer loop
for the slow modes using a time step ∆t in the Runge-Kutta integration, and an inner loop for
the fast mode integration using an acoustic time step ∆τ < ∆t. The main advantage of using
the RK3 time-split comes from the fact that the RK3 time step for low-frequency modes is much
larger than the acoustic time step, which means that the operations using more computational
resources (RK3 for slow modes) are performed in the less-frequent loop.

2.1.5 Physical Parameterizations
The accuracy of the discretization form of the governing equations, mentioned in the above
sections, is limited to the horizontal and vertical grid model resolution, which is the smallest
resolvable scale. In order to account for a wider spectra of physical processes, we need to
increase the grid model resolution and grid size. However, for a given grid model resolution
there are many key physical processes and scales of motion in the atmosphere that are not
resolved. Such small-scale phenomena in the atmosphere include turbulent mixing, specially in
the planetary boundary layer, shallow convective processes or even molecular scale processes
like condensation, evaporation or radiation.

Numerical models have consistently improved the ability of resolving such small scale fea-
tures, and in turn, the explicitly resolved large scale circulations was also improved due to
the upscale growth [Thompson, 1957]. For instance, the better these small-scale features are
resolved the more accurate the resulting forecast. However, although numerical grid model
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resolution is constantly increasing, there will always be small-scale physical processes, crucial
to obtain an accurate weather forecast, that can not be resolved. To deal with this problem,
these important subgrid physical processes are parameterized in terms of the resolved fields.
Once parameterizations were included in the numerical model, the entire set of atmospheric
processes represented by the model were classified in two groups: ’dynamics’ and ’physics’. The
’dynamics’ referred to the explicitly resolved processes and the ’physics’ referred to the pro-
cesses that must be parameterized. It is important to note, that in general, parameterizations
only affect the vertical column associated to each model grid cell, and rarely effect the cells
in the neighbourhood. This is because many of the physical processes naturally redistribute
energy in this direction.

WRF model provides several physics parameterizations, each containing several options.
The most important physics are classified in the following categories: microphysics, cumulus
parameterization, planetary boundary layer, land-surface model and radiation. A brief descrip-
tion of the main characteristics of each parameterization scheme and some examples for each
option are presented below.

2.1.5.1 Microphysics

Microphysics determines the set of physical processes involved in the formation, growth and
decay (precipitation phase) of different microphysical species, such as cloud droplets, cloud
ice, rain, snow, graupel or hail. Microphysics allows to determine latent heating associated
to phase changes of water species through warming (i.e.., condensation or freezing) and cool-
ing (i.e., evaporation or melting), which is instrumental in the formation of cold pools or
mid-tropospheric mesoscale vortices. Microphysics also generates estimate, of the fallout of
precipitation. In addition, microphysical processes affect the local energy budget directly in-
fluenced by radiative transfer through cloud cover and absorption or emission from clouds.

According on how the microphysical parameterizations represent the size distribution of the
particles (concentration of particles per unit volume and diameter), they are classified between
bin and bulk parameterizations. For bin microphysics the particle diameter is discretized into
a large number of bins. For each bin, there is a set of predictive equations associated to every
microphysical species. If many bins are used, the bin microphysics scheme becomes computa-
tionally expensive due to the large number of equations that need to solve.

In the other hand, bulk parameterizations use an analytic function for the size distribution
of each microphysical species. This approximated methodology require less computational re-
sources and for instance, it is also more widely used. The two most popular analytic function
used are the inverse exponential and gamma distributions, in which the exponential is a special
case of the latter. For gamma distributions there are three free parameters: mass, concentration
number of particles and reflectivity. Depending on the number of parameters used, bulk micro-
physical parameterizations can be classified as single-, double- and triple-moment. Typically,
single-moment parameterizations predict mass, and double-moment parameterizations predict
mass and particles concentration.
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WRF-ARW provides a wide variety of microphysical parameterization flavours using dif-
ferent moments. Numerical simulations performed along the present Thesis have used the
following WRF versions: WRFv3.4 and WRFv3.7. A summary of the most used microphysics
options available for WRFv3.7 are listed below together with a brief description of their main
features:

a) Kessler scheme: A warm-cloud scheme based on [Kessler, 1969] that includes water vapor,
cloud water and rain and it is typically used in idealized simulations.

b) Lin scheme: This is a relatively sophisticated scheme based on [Lin et al., 1983], that
takes into account 6 different hydrometeor species (water vapor, cloud water, rain, cloud ice,
snow and graupel) and it is used in real high-resolution research simulations.

c) WRF Single-Moment 3-class scheme: An efficient scheme with ice and snow processes
suitable for mesoscale phenomena. This scheme [Hong et al., 2004] predicts three categories
of hydrometeors: vapor, cloud water/ice and rain/snow. It assumes cloud water and rain for
temperatures above freezing and cloud ice and snow below freezing. The main limitation of
this scheme is that is not able to allow supercooled water and gradual melting rates.

d) WRF Single-Moment 5-class scheme: This is a more complex version of the WRF Single-
Moment 3-class that takes into account mixed-phase processes and super-cooled water. This
scheme treats each of the previous version hydrometeor categories as separate, obtaining in this
way 5 distinct hydrometeors (vapor, cloud water, ice, rain and snow) instead of 3 (vapor, cloud
water/ice and rain/snow).

e) WRF Single-Moment 6-class scheme: In this scheme the WRF Single-Moment 5-class
scheme is extended including graupel and its associated processes. The behaviour of these
three WRF single-moment schemes are similar for coarser grid resolutions, but they act dif-
ferently in cloud-resolving grids. Between these three schemes, the 6-class scheme is the most
suitable for high-resolution numerical simulations.

f) Eta scheme: It is an efficient scheme that evaluates mixed-phase processes and it is used
in the operational version of NCEP model.

g) Goddard scheme: This scheme takes into account ice, snow and graupel processes and it
is used in real high-resolution simulations.

h) Morrison Double-Moment scheme: This scheme [Morrison et al., 2009], it includes six
different hydrometeor species: vapor, cloud droplets, cloud ice, rain, snow and graupel/hail.
Prognostic variables include number concentrations and mixing ratios of cloud ice, rain, snow,
graupel/hail and mixing ratios of cloud droplets and water vapor. The prediction of two-
moments allows a more accurate evaluation of the particle size distributions, which play a key
role in order to calculate the microphysical process rates and cloud/precipitation evolution.

i) NSSL Double-Moment scheme: This scheme was designed for cloud-resolving simulations
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with dx<2km in research applications and it considers cloud droplets, rain drops, ice crystals,
snow, graupel and hail. It can also predict the cloud condensation nuclei concentration.

The bulk of the numerical studies presented in this Thesis have been performed using the
Thompson microphysical parameterization, which incorporates a large number of improvements
related with physical processes and computer coding. This scheme assumes a dependence of
the snow size distribution with the ice water content and temperature that can be represented
as a sum of exponential and gamma distributions. In addition, Thompson scheme does not
assume an spherical shape of the snow, as other microphysical parameterizations do. Instead,
it assumes a non-spherical shape with a bulk density that varies inversely proportional to its
diameter, such is found in the real atmosphere.

2.1.5.2 Cumulus Scheme

Cumulus clouds can be fairly classified in two groups: shallow and deep. Deep cumulus clouds
typically produce rainfall, whereas shallow cumulus in general do not produce significative rain-
fall. Cumulus parameterizations have the main role of incorporating the effects of subgrid scale
convection in terms of the resolved-scale variables. Shallow cumulus are associated with turbu-
lent vertical mixing that destabilizes the lower troposphere by cooling and moistening over the
top the cloud while warming and drying below the cloud. Deep cumulus (e.g., thunderstorms)
warm and moist the middle to upper troposphere and cool the lower troposphere, contributing
to the environment stabilization. The precipitation associated to deep cumulus is explicitly
labeled as convective.

In addition to the amount of precipitation and its role in the hydrological cycle, the la-
tent heat release associated to deep cumulus is also a key process in cyclogenesis, modify the
synoptic-scale flow through a vertical redistribution of potential vorticity, the major circula-
tions in the tropics such as the Hadley or Walker cells, and the monsoons. Also, cumulus
clouds impact the local radiation budget, blocking incoming shortwave and trapping outgoing
longwave radiation.

Typically, the horizontal scale of deep cumulus structures is approximately 10 km. There-
fore, numerical models using horizontal grid spacing of 4 km or less can barely resolve it
explicitly. This models are referred as convection-allowing. Models that can correctly resolve
the statistical properties of deep cumulus clouds are called convection-resolving models. In
contrast, those models using horizontal grid spacing of 4-5 km or greater, need to parameterize
the deep cumulus and thus they are referred as convection-parameterizing models. Relying
on the assumptions made and the parameterized impacts on model fields, WRF-ARW offers
different cumulus parameterization options. Some of the most used cumulus parameterizations
are listed below together with a brief description:

a) Kain-Fritsch scheme: It uses a simple cloud model with moist updrafts and downdrafts,
including the effects of detrainment, entrainment and relatively simple microphysics. This cu-
mulus scheme [Kain, 2004] modifies the modeled temperature, water vapor mixing ratio and
cloud water mixing ratio fields in response to both deep and shallow cumulus. The Kain-Fritsch
was the cumulus scheme used by default along the presented Thesis.
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b) Betts-Miller-Janjic scheme: This scheme [Janjić, 1994, 2000] uses reference profiles of
temperature and humidity to relax the model profiles in convective unstable conditions. The
temperature and humidity reference profiles are based on observational studies of convective
equilibrium in the tropics. This scheme takes into consideration both deep and shallow convec-
tion regimes. The Betts-Miller-Janjic scheme is used in the North American Mesoscale model.

c) Grell 3D scheme: It is based on an ensemble mean approach and allows subsidence effects
to be spread to neighbouring grid columns, making the method more suitable to grid sizes less
than 10 km, while it can also be used at larger scales where subsidence occurs within the same
grid column as the updraft.

d) Simplified Arakawa-Schubert scheme: This scheme parameterizes the effect of deep con-
vection using a cloud model to determine the change in model state variables due to cloud
entraining/detraining.

2.1.5.3 Planetary Boundary Layer

The planetary boundary layer (PBL) is the lowest layer of the atmosphere, strongly influenced
by the Earth surface. The vertical extension of this layer can reach several kilometers during the
day but can be confined within the first 100 m or less of the surface at night. During the day,
this layer is a turbulent mixed layer characterized by sub-grid turbulent eddies, originated by
buoyancy or vertical wind shear, that transfers heat, moisture and momentum vertically. Such
turbulent eddies scales span from tens of meters to a kilometer or more. Primitive equations in
numerical models are able to perform such turbulent fluxes as long as effective land-surface and
radiation parameterizations are included within the model, providing accurate information of
local buoyancy, surface heat fluxes and even surface drag. However, explicitly resolving these
turbulent fluxes covering the wide spectrum of eddy scales is usually not affordable in terms of
computational resources. For this reason, PBL parameterizations are used to account for the
resolved-scale impacts of sub-grid-scale turbulence within numerical simulations.

The system of equations that resolve turbulent flows is obtained using the Reynolds decom-
position, which is a mathematical technique based on the separation of a certain variable in its
expected value (e.g., mean value) and a perturbation. Using this decomposition, the prognostic
equations are transformed in a system where new terms, such as correlations of fluctuations of
velocity and pressure appear. In result, a system of equations with more unknown variables,
than equations is obtained. To solve this system these unknown turbulent terms need to be
parameterized in terms of resolved variables. This is known as the closure problem. Closure
can be classified as local and non-local. For local closure, an unknown quantity at any point
in space is parameterized by values and/or gradients of known quantities at the same point.
For non-local closure, an unknown quantity is parameterized in terms of values or gradients of
known quantities at many points in space.

PBL schemes are designed to represent the flux profiles within the well-mixed boundary
layer providing atmospheric tendencies of temperature, moisture and horizontal momentum in
the entire atmospheric column. These schemes are one-dimensional, and assume that there
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is a clear scale separation between sub-grid eddies and resolved eddies. This assumption will
become less clear at grid sizes below a few hundred meters, where boundary layer eddies may
start to be resolved, and in these situations the scheme should be replaced by a fully three-
dimensional local sub-grid turbulence scheme.

A brief description of the basic features associated to the main PBL schemes available in
the WRF-ARW model are presented below:

a) Yonsei University scheme: This is a first-order (i.e., retains the prognostic equations for
the mean variables and parameterizes the second moment terms) nonlocal scheme [Hong et al.,
2006] which uses an explicit treatment of entrainment layer at the PBL top and also uses a
parabolic K profile in unstable mixed layer. It was modified by increasing the critical bulk
Richardson number form zero to 0.25 over land, enhancing in this way the mixing in the stable
boudary layer.

b) Mellor-Yamada-Janjic (MYJ) scheme: This scheme [Janjic, 1990, Janjić, 1996, 2002]
incorporates a one-dimensional equation for prognosis of the turbulent kinetic energy (TKE)
with local vertical mixing. The diffusion of the TKE outside the mixing layer allows a better
performance of the entrainment compared with other local schemes.

c) ACM2 scheme: This is an asymmetric convective model [Pleim, 2007] with non-local
upward mixing and local downward mixing. In convective conditions this scheme can simulate
rapid upward transport in buoyant plumes and local shear induced turbulent diffusion. The
ACM2 is particularly well suited for consistent PBL transport of any atmospheric quantity
including both meteorological and chemical species.

2.1.5.4 Land-Surface model

Interactions of the sub-surface with the surface, as well as interactions of the surface with the
atmosphere need to be properly represented because these processes can significantly influence
the lowest part of the atmosphere. Land-surface models allows to accurately represent these
interactions in terms of heat and moisture fluxes within the sub-surface as well as between
the surface and the atmosphere. For this purpose, land-surface models requires atmospheric
inputs, such as temperature, wind, precipitation and radiative forcing. Consequently, land-
surface models are coupled to atmospheric models. Land-surface models have various sophisti-
cated methods to resolve thermal and moisture fluxes in multiple soil layers and also treating
vegetation, root and canopy effects, as well as snow-cover prediction. Land-surface model up-
dates ground skin temperature, soil temperature profiles, soil moisture profiles, snow cover and
canopy properties. This model is considered as a one-dimensional column model, and thus no
horizontal interaction between neighbouring points exists.

Some of the most know land-surface models provided by WRF-ARW are outlined below:

a) 5-layer thermal diffusion: It is a scheme that provides soil temperature information using
5-layers with thickness of 1, 2, 4, 8 and 16 cm respectively. Below these layers,in the sub-surface,
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the temperature is fixed at a deep-layer average. The energy budget includes radiation, sensible
and latent heat flux. This scheme also considers snow cover, but this term is fixed in time.
Vegetation effects are not taken into account within this model.

b) Noah: This scheme [Chen and Dudhia, 2001] is a 4-layer soil temperature and moisture
model with canopy moisture and snow cover prediction. The layer thickness are 10, 30, 60
and 100 cm. It includes root zone, evapotranspiration, soil drainage, and runoff, taking into
account vegetation categories, monthly vegetation fraction, and soil texture. This scheme pro-
vides sensible and latent heat fluxes to the boundary-layer scheme. Additionally, the Noah
model predicts soil ice, and fractional snow cover effects.

c) Pleim-Xiu: It is base on a set of five partial differential equations for soil temperature and
soil moisture in 2-layers and canopy moisture [Pleim and Xiu, 1995, Xiu and Pleim, 2001]. The
top layer is taken to be 1 cm thick, and the lower layer is 99 cm. This scheme takes into account
moisture fluxes in three different ways: evapotranspiration, soil evaporation and evaporation
from wet canopies. Ground surface temperature is computed from the surface energy balance
using a force-restore algorithm for heat exchange within the soil.

2.1.5.5 Radiation Scheme

The interactions of the short wavelength radiation with land, including surface land use char-
acteristics; water bodies; clouds and other atmospheric sources of water molecules across its
various forms are important processes to be accounted for in the numerical model. These
interactions can result in absorption, reflection, and scattering as longwave radiation. The at-
mospheric radiation within the atmosphere responds to model-predicted cloud and water vapor
distributions, as well as specified carbon dioxide, ozone and trace gas concentrations.

Below is described the main features of some of the radiation schemes used in WRF:

a) Rapid Radiative Transfer Model Longwave: This scheme is a spectral-band scheme using
the correlated-k method [Mlawer et al., 1997]. It uses pre-set tables to accurately represent
longwave processes due to water vapor, ozone, CO2, and trace gases, as well as accounting for
cloud optical depth.

b) Goddard Shortwave: This scheme is based on [Chou and Suarez, 1994] and has a total of
11 spectral bands. It considers diffuse and direct solar radiation components in a two-stream
approach that accounts for scattered and reflected components. Ozone is considered with sev-
eral climatological profiles available.

c) Dudhia Shortwave: This scheme has a simple downward integration of solar flux, account-
ing for clear-air scattering, water vapor absorption and cloud albedo and absorption [Dudhia,
1989].

d) CAM Shortwave: It is a spectral-band scheme that has the ability to handle optical prop-
erties of several aerosol types and trace gases. It uses cloud fractions and overlap assumptions
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in unsaturated regions, and has a monthly zonal ozone climatology.

2.2 EPS Generation Strategies

The main objective of this Thesis is to improve the predictability of extreme weather events
that are initiated over the sea, where the atmospheric state is poorly known, and subsequently
develop until reaching their mature stage affecting populated coastal areas. However, the pre-
dictability in numerical models is linked to the underlying uncertainties of the forecast, that can
be typically classified in two classes. The first class, referred to as the first kind predictability
is related to the errors associated to the initial conditions. The second class, named second
kind of predictability, is related to the inherent model errors. The fact that numerical models
have inadequacies and are very sensitive to initial conditions errors, leads to error growth, im-
posing a physical limit in predictability. This limit were drastically reduced to 3-6 hours when
convective scales were considered.

To deal with the above-mentioned forecast uncertainties, ensemble forecasting was adopted.
The main goal of ensemble forecasting is to determine quantitatively the probability density
of the state of the atmosphere in the near future. The estimation of this future probability
density can provide useful information about forecast uncertainty to many users, in contrast to
the limited information provided by a deterministic forecast. This section presents an overview
of the principal strategies to generate ensemble prediction systems. These strategies presented
here are classified within the two different kind of predictability above-mentioned (i.e., first and
second kind). It is important to note that these two kind of uncertainties are strongly related:
the estimate of the initial conditions in cycling data assimilation methods involves a forecast
model and so their uncertainties are affected by model errors.

2.2.1 Predictability of First Kind

2.2.1.1 Monte Carlo

It was one of the first methods proposed to generate ensemble prediction systems taking into
account the uncertainties involved in the initial conditions as probability distributions [Leith,
1974, Hollingsworth, 1980, Mullen and Baumhefner, 1989]. Monte Carlo technique is based on
the generation of a sample of N initial states that is obtained from a random draw of initial
states. This sample, usually referred to as ensemble, is evolved in time using numerical models,
rendering a discrete sample representing the probability density function of the future atmo-
sphere state (Fig. 2.5). Finally, probabilistic information can be achieved from this evolved
sample using statistical analysis.

The Monte Carlo strategy is a clear example of a suboptimal sampling of the forecast pdf
as it randomly samples the initial pdf with no dynamical correction among them.

66



Forecast 
Uncertainty

Initial Conditions 
Uncertainty

Time

Best estimate 
True state

Figure 2.5: Schematic time evolution of an ensemble forecast system in the phase space.

2.2.1.2 Time-Lagged Average Forecasting

This method is principally based on the generation of an ensemble prediction system using
forecasts (typically deterministic) initiated at different lagged consecutive times [Hoffman and
Kalnay, 1983]. Basically, each ensemble member is obtained by starting a forecast simulation
using time lagging analysis by different amounts (t = 0, -τ , -2τ , ...). Then, an averaged of these
forecasts is performed at a common specific forecast time. This method becomes extremely
cheap when forecast cycles are kept operational and thus provide ensemble members at virtu-
ally no cost (Fig. 2.6).

Taking into account that recent analysis provides more accurate forecasts than older anal-
ysis, it should be used a weighting function in order to improve the forecast. This modified
method is known as scaled lagged average forecast.

Time

Y

0-𝛕-3𝛕 -2𝛕-5𝛕 -4𝛕 tf

Figure 2.6: Schematic time evolution of lagged average forecasts.
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2.2.1.3 Singular Vectors

Singular Vectors Buizza and Palmer [1995] is an alternative technique used to generate EPSs
based on finding the fastest growing perturbation directions in a finite interval of time (t0,t1).
Bearing in mind the initial conditions of the atmosphere and its temporal evolution, singular
vectors provides the regions of the atmosphere where a major energy growth can be observed,
associated to atmospheric instabilities, such as low pressure systems or frontal systems. This
concept was first introduced by Lorenz [1965] in his analysis of forecast error growth in dynam-
ical systems. The solution can be obtained through the singular value decomposition theory
[Golub and Van Loan, 1996], which incorporates the tangent linear model and its adjoint. The
tangent linear model evolves small perturbations linearly forward in time, meanwhile the ad-
joint model evolves these perturbations backwards in time. Applying the linear tangent and
adjoint model repeatedly over the same interval (t0, t1), the leading initial singular vector is
obtained. To obtain additional leading singular vectors the Lanczos algorithm [Golub and
Van Loan, 1983] is used.

It is noteworthy that singular vectors are defined with respect to a given norm. Different
norms can be used to define the characteristic or aspect of the perturbations to be maximized
at the initial and final time of the interval considered. Such dependence of the singular vectors
with the norm is one of the main problems when this technique is applied. This problem has
been reported in several studies [Palmer et al., 1998, Thompson, 1998, Errico, 2000b, Goodman
and Marshall, 2002, Kim and Morgan, 2002].

Singular vectors was the first technique used in the development of an ensemble forecasting
system in the ECMWF in December 1992. This ensemble was performed using initial per-
turbations that were a linear combination of the singular vectors of the 36-h tangent linear
model [Molteni and Palmer, 1993, Molteni et al., 1996, Buizza et al., 1997, Buizza, 1997]. More
recently, these perturbation are calculated over a 48-h period [Buizza and Palmer, 1995].

2.2.1.4 Bred Vectors

This is an alternative method to design EPS through the generation of initial perturbations
based on the forecast error growth associated with instabilities of the background flow, which
tends to be dominated by the large ’errors of the day’. Toth and Kalnay [Toth and Kalnay,
1997] designed this special method to obtain these fast growing errors within the evolving at-
mospheric flow through breeding cycles. A breeding cycle consists in introducing a random
initial perturbation with a given size, defined using any norm. This perturbation is only intro-
duced once, at the beginning of the breeding. Then, the nonlinear model is advanced forward
from the new initial condition (perturbed) and from the initial condition without perturbing
(control). Since then, the control forecast is periodically subtracted from the perturbed run at
fixed time intervals (e.g., every 6 or 12 hours). This difference is then scaled to a fixed norm
with the objective to obtain a perturbation with the same amplitude as the initial are. Finally,
this difference (bred vectors) is added to the new analysis corresponding at the same time (Fig.
2.7). The growth observed after introducing the random perturbation at the initial condition
is generally very small, lasting several cycles to isolate a pure bred mode. This growth rate was
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found to be faster than the one obtained by other ensemble forecasting methods, such as the
Monte Carlo and the scaled lagged averaged forecasting. Toth and Kalnay [1997] also found
that the structure and shape of the bred vectors perturbations did not depend on the norm
used in the rescaled process of the perturbations. They also argued that breeding method is
similar to the analysis cycle of a data assimilation scheme, where errors are evolved in time
with the model and then they are partially corrected using the observations. For this reason,
Toth and Kalnay [1997] stated that the analysis errors should project tightly on bred vectors.

Figure 2: Schematic of the construction of bred vectors, which are the difference between a 

perturbed and a “control” (unperturbed) solution. Every few (in this case 8) steps, the difference, 

rescaled to the original size and added to the control forecast, becomes the initial condition for the 

perturbed forecast. The ratio between the initial and the final size is the amplification of the bred 

vector during that interval. 

Rescaling interval (8 steps) 

Bred Vectors 
are rescaled 
and added to 
control forecast

Perturbed forecasts 

Forecast 
evolution 

Unperturbed control forecast 

Bred Vectors 
(difference between two 
nonlinear forecasts) 

Initial random 
perturbation 

time 

 13

Figure 2.7: Schematic representation of a breeding cycle. In this procedure it is started a per-
turbed forecast from a perturbed initial condition. This perturbed initial condition is obtained
adding an small random perturbation to the control initial condition. The difference of the
perturbed (dashed line) and control (full line) forecasts (i.e., Bred Vectors) is scaled back peri-
odically to the initial amplitude. The rescaling is done by dividing all the forecast differences
by the same observed growth. Figure obtained from [Kalnay, 2003].

Bred Vectors perturbations can also be obtained directly and exclusively from ensemble
forecasts without any additional cost. This methodology is based on the calculation of bred
vectors from the difference between two pair of ensemble forecasts obtained from a positive and
negative perturbation respectively and then dividing this difference by two. This value is then
scaled down and added and subtracted to the new analysis valid at the same time the differ-
ences are taken (Fig. 2.8). This method is know as self-breeding and differs from using separate
breeding cycles only in the random choice of the initial perturbations, which are defined once.
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Chapter 3. Ensemble prediction systems

Lyapunov vectors (LVs) of a dynamical system are closely related to Bred vectors
(Kalnay et al., 2002). In fact, the bred vectors would be identical to the leading LVs
if an infinite breeding time and infinitesimal amplitudes were used, even though
in a practical context, bred vectors are local in space and time and not globally
orthogonalized, and they are not infinitesimal vectors.

An alternative method is self-breeding that uses pairs of ensemble forecasts to
generate the perturbation at the next time (Toth and Kalnay, 1997). In this pro-
cedure, the difference is scaled down as before and then added and subtracted to
the valid analysis. This technique, illustrated in Fig. 3.4, maintains the linearity
of the perturbation to second order instead of the first order of linearity obtained
with the one-side generation. It is also worth to note that the sef-breeding tech-
nique is cost-free in an ensemble forecasting context since the pair of ensemble
forecasts is already built.

Figure 3.4. Schematic of a self-contained breeding pair of ensemble forecasts. (From Toth
and Kalnay 1997.)

35

Figure 2.8: Schematic view of a self-breeding pair of ensemble forecasts. Figure obtained from
[Kalnay, 2003].

The self-breeding technique was introduced operationally in December 1992 at NCEP, us-
ing two pairs of bred vectors (i.e., two positive and two negative perturbations) [Tracton and
Kalnay, 1993]. In 1994, these two pairs of self-breeding were replaced by seven pairs and a
local rescaling was introduced allowing larger perturbation amplitudes over ocean than over
land associated with the analysis increments.

2.2.1.5 Multiple Data Assimilation Ensembles

Ensembles based on multiple data assimilation schemes to obtain a set of initial conditions,
using perturbed observations, is another method used to generate EPS. This method can be
generally related to breeding. It was developed by Houtekamer et al. [1996] and it was imple-
mented in the Canadian Weather Service. Houtekamer et al. [1996] introduced uncertainty in
the model through the use of perturbations in the physical parameterizations with the main
aim of improving the forecast results [Miller et al., 1994].

Hamill et al. [2000] shown that using a quasi-geostrophic model, the multiple data assimi-
lation ensemble system performs better than bred vectors and singular values approaches. In
terms of computational cost, the multiple data assimilation ensemble system and the singular
vectors methodology are of the same order of magnitude, whereas the breeding method is es-
sentially cost-free because it obtains the perturbations directly from the ensemble forecast.
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2.2.2 Predictability of Second Kind

2.2.2.1 Multisystem Ensemble Approach

This approach is used to generate EPS by sampling model uncertainties through the use of dif-
ferent numerical models. This is performed essentially combining different global or mesoscale
deterministic forecasts from different operational centers, each of them using different competi-
tive approaches to data assimilation and forecasting systems. This result is not surprising if we
take into consideration that this approach takes the best initial conditions and the best model
performed at different operational centers which run accurate analysis and forecasts.

This technique was initially used for global forecasts, but then it was also demonstrated
that multisystems were useful for regional models [Hou et al., 2001]. It was also shown that
if the systematic errors presented in the ensemble were corrected using linear regression, the
quality of the ensemble system would improve significantly [Krishnamurti et al., 2000]. This
new approach was called superensemble.

2.2.2.2 Multiparametrizations or Multiphysics Approach

The multiphysics approach assumes that the main source for forecast error is related to the
parametrization schemes. Therefore, this method is based on using a variety of different phys-
ical parametrization schemes in each ensemble member to account for the uncertainties. These
schemes are simply approximations to the true physical processes, but an ensemble of schemes
could be interpreted as a sample of uncertainty of a specific physical process. Differences be-
tween forecasts initiated using different parametrization schemes could contribute to sample
the uncertainty of the atmospheric flow evolution for short-range forecasts. However, the dif-
ferences obtained from a long-term forecast should depict the same statistical skill. This was
verified by Wang and Seaman [1997] in which the authors compare forecasts obtained over
United States from an ensemble designed using different cumulus parametrizations.

2.2.2.3 Perturbed Physical Parametrizations

According to Fritsch and Carbone [2004], one of the main sources of errors is the representation
of microphysical processes, such as the turbulence in the boundary layer. Perturbed physi-
cal parametrizations method allows the inclusion of uncertainties in the model formulation is
the multiparametrization approach that introduces changes in the physical parametrizations.
Buizza et al. [1999] designed a method based on introducing stochastic perturbations on the
physical parametrizations by multiplying the time derivative of the physics by a random num-
ber normally distributed with mean 1 and standard deviation 0.2. Results from the EPS
performance generated with this method clearly shown improvements.

2.2.2.4 Hybrid Approach and the Downscaling Method

This is an alternative approximation that is currently widely used to create EPS taking into
account uncertainties from both initial conditions and numerical models, using different com-
binations of the above-mentioned approaches. The most used strategy to create hybrid EPS
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is perturbing the initial state using a data assimilation system and additionally accounting on
the uncertainties in the numerical model using different physical parametrizations [Stensrud
et al., 2000, Meng and Zhang, 2007, Clark et al., 2008, Yussouf et al., 2013a, Wheatley et al.,
2014, Romine et al., 2013]. EPS generated using hybrid approaches are currently widely used
in the most important operational weather centers, such as the Canadian Meteorological Cen-
ter (CMC), the European Centre for Medium-Range Weather Forecast (ECMWF), the Japan
Meteorological Agency (JMA), Météo France or the Spanish Meteorological Service (AEMET).
In the case of AEMET, they developed a multimodel short range ensemble prediction system
(SREPS) that was generated using five different limited area models that were initialized us-
ing the initial and boundary conditions obtained from five different global deterministic models.

Along this thesis, EPSs were performed using the hybrid approach, based on the singular
vectors technique and the multiparametrizations approach. In a first instance, it is obtained
the global EPS generated by the ECMWF which consists of 51 ensemble members. In order
to apply the K-mean clustering technique, a Principal Component Analysis (PCA) is used
to reduce the dimensions of the classifying fields. The clustering technique is applied on the
geopotential height, temperature and relative humidity at 700, 850 and 500 hPa levels. The
PCA technique is first applied to these fields and then the K-mean clustering is performed
over the outputs obtained from the PCA. Further details of such methods can be found in
the section below. In this way, the ensemble size of the ECMWF-EPS from 50 members was
reduced to 24 or 36 members, depending on the case study. The combination of the ensemble
from the EPS-ECMWF obtained using the singular vectors and the clustering technique it is
referred along the different thesis chapters as downscaling technique. To account for model
uncertainties different parametrization schemes have assigned to the ensemble members of the
EPS. Details on how the EPS used along this thesis have been designed are presented in the
following chapters.

2.2.3 A Brief Overview of the Principal Component Analysis (PCA)
and the K-means Clustering Technique

One the one hand, principal component analysis (PCA) is a statistical procedure based on
reducing high-dimensional data set containing correlated variables, to a smaller set of linearly
uncorrelated variables (principal components) that still contain most of the variability present
in the original variables [Pearson, 1901, Hotelling, 1933]. Thus, the principal components is
mathematically defined as an orthogonal linear transformation, weighted by their contribution
to explaining the total variance, that transforms the original data set to a new orthogonal co-
ordinate system. Taking into account this, the first principal component accounts for as much
of the variability in the data as possible, and each succeeding component accounts for as much
of the remaining variability as possible. Further details on the mathematical details underlying
PCA, can be found in Jolliffe [2002].

On the other hand, K-means clustering is a method that aims to partition a data set into
K clusters. The term ’K-means’ was first used by MacQueen et al. [1967], but the standard al-
gorithm was first proposed by Lloyd [1982] as a technique for pulse-code modulation. K-means
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is an iterative method that is basically composed following 3 simple steps. On the first step,
K-means randomly select K data points from the data set as initial centroids (i.e., the center of
a cluster). This is a random selection because initially the algorithm ignores where is located
the center of each cluster. The second step consist in creating the K clusters defined as the data
points that are located nearest to each random centroid selected in the previous step. Finally,
in the third step, new centroids are recomputed from the mean of all the data points belonging
to each cluster. Step 2 and 3 will be repeated until the centroids stop moving, which would
mean that K-means algorithm has converged.

2.3 The Data Assimilation Algorithm
The ultimate goal in numerical weather prediction is to satisfy the people’s desire of predicting
with enough accuracy the future atmospheric state [Bjerknes, 1911]. Due to inherent errors in
the observations and in the numerical models, it is not possible to generate a perfect forecast of
a future weather event. For this reason, high-impact weather events affecting life and property
are frequently not well forecasted and the weather services can not properly warn the popu-
lation. One of the most famous weather events poorly forecasted by the operational weather
model was the snowstorm that took place over U.S. mid-Atlantic states during 18-19 February
1979. This storm registered more than 0.5 meters of total snowfall amounts and Airports and
roads were closed from Atlanta to New York City. As a consequence, the state of emergency
was declared in many states.

Bjerknes proposed an approximation method to obtain accurate predictions based on two
principal conditions: the most accurate representation of the present state of the atmosphere,
and the intrinsic physical laws that govern the atmosphere circulation. These two conditions
establish the difficulty of obtaining accurate weather predictions as an initial-value problem.
This kind of systems, where future states of the atmosphere are completely determined from
the initial state, are also called deterministic. Bjerknes split the initial-value problem in three
partial components classified as: Atmospheric observations available, analysis procedure and
the prognostic stage.

• Observations: For this first component it is required an observation network that could
monitor the atmosphere as accurately as possible. The spatial and temporal characteris-
tics of the observational network depend on the phenomena of interest to be resolved. For
example, to properly resolve convective weather events, an observational network with
kilometric spatial and 5-10 min temporal resolution would be required. Bjerknes also
suggested that all the observations should be collected at the same time (simultaneity
principle). However, this principle appeared to be unaffordable in practice. To collect
the largest number of atmospheric observations, various meteorological instruments are
employed. It is important to note that these instruments are typically classified into
three categories: In the first category it is found instruments that measure atmospheric
variables in-situ. This means that the instrument is located directly at the point of in-
terest and in direct contact with the phenomena of interest. It includes conventional
observations such as radiosondes, METARs, buoys or ACARs, among others. The second
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category embraces instruments that provide information about the atmospheric state by
remotely taking advantage of the different wavelengths of the electromagnetic spectrum.
These instruments can be active or passive. Active instruments emit an electromagnetic
signal through the atmosphere and they process the reflected signal, providing an esti-
mation of some atmospheric property. An example of this kind of instruments is the
atmospheric radar that estimates the precipitation and winds via Doppler shift. On the
other side, passive instruments obtain atmospheric information from the radiation emit-
ted, scattered and/or reflected in the visible, microwave or infrared wavelenghts. These
instruments measure with some degree of error. The errors associated to the instrument
is a function of its design and are also related with the ambient conditions. On the other
hand, representativeness errors are a measure of the error originated by the misrepre-
sentation of some scales. If we are using an observational network very sparse using a
grid spatial resolution of approximately 100 km and a tornado event (<10 km) is taking
place over the same domain, we will not be able to represent it and will likely produce
representativeness errors in our dataset. To accurately represent this tornado event we
should need a very dense observational network.

• Analysis: In this stage, the main purpose is to produce an estimation of the state of the
atmosphere on a regular two- or three-dimensional grid using the observational network
available, which is typically irregularly spaced. These analyses can be classified as sub-
jective or objective. As it can be inferred by its name, subjective analysis are performed
relying on the knowledge and experience of the analysts. However, investigators realized
that this process were extremely time consuming, lasting even more than the forecast
process. For this reason, an alternative analysis method working without human inter-
vention and without consuming such amount of time was developed. This procedure was
called objective analysis. The first objective analysis was performed by Panofsky [1949],
in which he used a polynomial expansion to fit all the observations points in a region of
the numerical domain where several analysis grid points were located. The coefficient of
this polynomial function were determined by a least square fit and the observations were
weighted according to the accuracies assumed. Later on, Gilchrist and Cressman [1954]
introduced two important suggestions. One of them was related to the quality check of the
observations, which was suggested to be performed automatically rather than manually.
The other important suggestion was the introduction of a preliminary estimate of the
analysis of the atmosphere obtained from a previous numerical forecast to significantly
improve the analysis. This previous analysis was called the background field, first guess
or prior estimate [Bergthörsson and Döös, 1955].

• Prognostic: In this component, the governing equations of the atmosphere are evolved in
time using a numerical model to predict the future state of the atmosphere from the best
estimation of the current state obtained using the analysis above-mentioned.

Objective analysis using numerical forecast models to create background fields gained popu-
larity throughout the years and statistical interpolation methods became a powerful technique
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to fit the observations with the model to produce accurate analysis estimates [Eliassen, 1954,
Gandin, 1963]. Currently, most of the operational NWP centers produce initial conditions
by means of a statistical combination of the entire set of observations available from different
kind of instruments and the background fields. This statistical approach is referred to as data
assimilation, and its objective was defined by Talagrand [1997] as "using all the available in-
formation, to determine as accurately as possible the state of the atmospheric (or oceanic) flow".

Among the diverse collection of data assimilation schemes available (e.g., 3DVar, 4DVar,
Cressman, Optimal Interpolation or Nudging, among others), the Ensemble Kalman Filter
(EnKF) algorithm shows interesting and promising features aligned with the objectives of this
thesis. An overview of the EnKF and where it comes from (i.e., from the Kalman Filter) is
presented in the following sections.

2.3.1 The Kalman Filter (KF)
In the atmospheric data assimilation framework, the Kalman filter [Kalman, 1960, Kalman
and Bucy, 1961] algorithm provides an optimal estimation, in a least square error sense, of the
atmosphere state combining two main sources of information: the first-guess obtained by a nu-
merical model and the measurements available. These elements are combined using a weighted
average, where the weights account for their uncertainties. These weights, computed from the
error covariance matrix, provide information about the reliability of each source of information.
Thus, if the errors associated to the numerical model are larger than the corresponding to the
observations, the algorithm assigns more weight to the observations than to the model, and
the resulting analysis will lie closer to the observations. In contrast, if observational errors are
larger than the model ones, the resulting field will resemble the model first guess. It is notewor-
thy, that KF is designed under the assumptions of linearity of error growth and normality of
error distribution. This process is repeated at every time step new measurements are available,
thus KF is considered as a recursive filter. The overall period which includes various KF cycles
is referred to as assimilation window.

In addition to the assumption of Gaussianity and linearity, the Kalman Filter algorithm
commonly assumes unbiased numerical forecast and observations errors. This can be expressed
in terms of expectation values as follows:

E[εM ] = 0 (2.55)
E[εO] = 0 (2.56)

where εM and εO are model and observational errors respectively. The Kalman filter can
accurately estimate the current state of the atmosphere, even if non-Gaussian errors are pre-
sented in the model and observations, as long as a linearized version of the numerical model
M and the interpolation operator H is used [Gelb, 1974, Ghil et al., 1981, Cohn, 1982, Cohn
and Parrish, 1991, Ghil and Malanotte-Rizzoli, 1991]. This method is usually conceptualized in
two distinct phases: the prediction phase, where the numerical model evolves the system state
in time, producing the so-called prior state xf (t), and its corresponding error. In the update
phase, the prior state is corrected using the information from the observations yo available.
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This updated state is known as the posterior estate xa(t). The KF equations can be written
as follows:

Timetk tk+1 tk+2 tk+3 tk+4

True

Background forecast

Analysis

Observations

Figure 2.9: Schematic illustration of the estimation of the analysis at tk using the KF over
a specific assimilation window, from the combination of the forecast started at tk−1 obtained
from a numerical model and the observations available at tk. Figure obtained from Carrassi
et al. [2018].

• For the prediction step a linear prediction model M is used to evolve the mean state from
t−1 until the time where new observations are present t. In addition, the covariancesP are
also evolved in time, taking into account the assumed Gaussian model error, ε ≈ N(0, Q):

xf (t) = M [xa(t− 1)] (2.57)
P f (t) = MP a(t− 1)MT +Q (2.58)

where the linear numerical model M evolves the model state from t − 1 to t; xf is the
best estimate of the true state at t given the available data in t− 1; Q is the covariance
matrix of the model error; Pf is the covariance matrix of the forecast error and Pa is the
covariance matrix of the analysis error.

• For the update step, the mean state is modified combining the background forecast xf
obtained from the previous step and the observations y, taking also into account the
model error uncertainties and the observation uncertainties via the Kalman gain K. In
addition, the analysis error covariance matrix Pa is also updated given the observations
available:
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xa(t) = xf (t) +K(t)(yo(t)−H(t)xf (t)) (2.59)
K(t) = P f (t)H(t)T (H(t)P f (t)H(t)T +R(t))−1 (2.60)
P a(t) = (I −K(t)H(t))P f (t) (2.61)

where H is a linear interpolation operator, R is the covariance matrix of the model error
εM and I is the identity matrix.

The main advantage of the Kalman filter relative to other analysis schemes, such as the vari-
ational 3D-Var or 4D-Var algorithms [Lorenc, 1986, Parrish and Derber, 1992, Rabier et al.,
2000], is that both the background and analysis error covariance matrix, Pf and Pa respectively,
are explicitly computed at each time step. The evolution and growth of the errors associated
to the forecast are computed by (Eq. 2.58) and the subsequent reduction in the analysis step
is obtained through the Kalman gain matrix in (Eq. 2.61). Another appealing property of
this algorithm is that when the model error is projected on slow atmospheric modes, the KF
produce well-balanced analyses at each analysis time [Phillips, 1986].

However, KF suffers from two main problems [Ghil and Malanotte-Rizzoli, 1991, Daley,
1991]. The first problem is the inherent difficulty in obtaining accurate model error covariances,
which are crucial for the proper performance of the algorithm [Dee, 1995]. The second problem is
related with the computational cost associated to the KF algorithm. The KF needs to compute
the background error covariance matrix Pf at each time step, by computing the covariances
between the model state variables as follows:

P =

u v θ · · · q



u Cov(u,u) Cov(u,v) Cov(u,θ) · · · Cov(u, q)
v Cov(v,u) Cov(v,v) Cov(v,θ) · · · Cov(v, q)
θ Cov(θ,u) Cov(θ,u) Cov(θ,θ) · · · Cov(θ, q)
... ... ... ... ... ...
q Cov(q,u) Cov(q,v) Cov(q,θ) · · · Cov(q, q)

where u, v, θ and q represent the errors associated to the x-component and y-component
of the wind, the potential temperature and the humidity, respectively. It is important to note
that each "element" of this multidimensional matrix is at the same time another matrix. For
example, in this case, the first "element" of Pf corresponds to the error covariance matrix of u
and u. That is:

Cov(u,u) =

u1 u2 u3 · · · un



u1 Cov(u1, u1) Cov(u1, u2) Cov(u1, u3) · · · Cov(u1, un)
u2 Cov(u2, u1) Cov(u2, u2) Cov(u2, u3) · · · Cov(u2, un)
u3 Cov(u3, u1) Cov(u3, u2) Cov(u3, u3) · · · Cov(u3, un)
... ... ... ... ... ...
un Cov(un, u1) Cov(un, u2) Cov(un, u3) · · · Cov(un, un)
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where the subscripts u1, u2, ... un represent the value of the variable at each grid point of
the three dimensional model domain and n is the maximum size of the state vector.

After this first step, the background error covariance matrix is propagated in time (Eq.
2.58) integrating the tangent linear model once for each state variable (e.g., u,v,θ,q,...) and
grid point. Thus, the implementation of the KF to current numerical weather prediction models,
featured by millions of degrees of freedom, is still not possible. To deal with these problems, an
approximation to the KF based on the use of ensembles emerged. This approximation improves
as the ensemble size increases and it is referred to as the ensemble Kalman filter (EnKF).

2.3.2 The Ensemble Kalman Filter (EnKF)
The Ensemble Kalman Filter (EnKF; Evensen [1994], Burgers et al. [1998], Evensen [2003])
emerged from the necessity to overcome one of the main problems associated with KF. This
problem aims to find an appropriate approximation of the background error covariance matrix
to be used in realistic high-dimensional atmospheric models. This technique was originated
from the combination of the KF theory and the use of Monte Carlo estimation techniques.
Using these random sampling methods the EnKF provides an estimate of the error covariances
of the background error and also provides an ensemble of initial conditions that can be used
as EPS. Thus, instead of computing a full error covariance matrix, as in the case of the KF,
the EnKF estimates the error statistics from the ensemble of model states. For a finite size
ensemble, this covariance matrix is an approximation to the exact error covariance matrix. The
errors using this technique will decrease proportionally to the number of ensemble members
(N) used, following the 1/

√
N rule.

• Error statistics: To be able to represent the error associated to the background forecast
and the analysis, Pf and Pa respectively, using the EnKF it is convenient to use the
ensemble mean which is defined as:

xf,a = 1
N

N∑
i=1
xf,ai (2.62)

where N is the number of ensemble members. Using the ensemble mean it is possible to
define an ensemble-based error covariance matrix for the forecast and anlalysis around
the ensemble mean, as follows:

P f,a = 1
N − 1

N∑
i=1

(xf,ai − xf,a)(x
f,a
i − xf,a)T (2.63)

These equations embed an intrinsic interpretation that considers the ensemble mean as
the best estimate of the atmospheric state, and the spread of the ensemble represents
the error associate to the ensemble mean [Burgers et al., 1998]. The ensemble of model
states can be interpreted as a random sampling of the probability density function of the
atmospheric state.
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• Analysis and prediction scheme: Evensen [1994] reformulated the KF equations in
terms of ensemble-based statistical moments (means and covariances). Thus, the update
analysis equation in KF (Eq. 2.59) it is replaced by an ensemble of equations:

xai (t) = xfi (t) +K(t)(yoi (t)−H(t)xfi (t)), i=1, ..., N (2.64)

where now it is considered the non-linear observation forward operator H instead of the
linear observation forward operator H. The background error forecast (Eq. 2.57) is also
modified, replacing the linear model by a non-linear model M :

xf (t) = M [xa(t− 1)] (2.65)

The observational term yoi in the analysis equation (Eq. 2.64) is now expressed as a sum
of the nominal value of the observations plus a Gaussian random perturbation:

yoi = yo + ri i=1, ..., N (2.66)
ri ≈ N(0,R) (2.67)

The Kalman gainK equation is also rewritten in terms of the non-linear forward operator:

K(t) = P f (t)H(t)T (H(t)P f (t)H(t)T +R(t))−1 (2.68)

Now, the two terms PfHT and HPfHT are now computed using the ensemble members
using (Eq.2.63):

P fHT = 1
N − 1

N∑
i=1

(xfi − xf )(Hx
f
i −Hx

f )T (2.69)

HP fHT = 1
N − 1

N∑
i=1

(Hxfi −Hx
f )(Hxfi −Hx

f )T (2.70)

Evensen [1994], Burgers et al. [1998] also shown that the analysis error covariance matrix
could be reformulated if the analysis updates xan and xa were inserted back in (Eq. 2.63):

P a(t) = [I −KH ]P f (t) (2.71)
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The above-mentioned EnKF equations yield an ensemble of analysis at time t evolving for-
ward in time an ensemble of analysis at time t−1 and the covariances using a non-linear model
M . Thus, the EnKF algorithm is cyclic in time analogous to the standard KF.

The EnKF also provides a more accurate way of accounting for model uncertainties, that
can be sampled using the error covariances. Another advantage of using the EnKF algorithm is
the way the Kalman gain matrix is computed. In the standard KF matrices H, HT and P f are
computed individually. Instead, EnKF only needs to estimate P fHT and HP fHT , without the
necessity of computing the large covariance matrix P f explicitly as KF does, since the ensemble
itself provides this information.

2.3.3 Types of Filters and EnKF Limitations
It is noteworthy that filters can generally be classified between two families: stochastic and
deterministic filters.

• Stochastic filters: During the first experiments using the EnKF, it was realized that
to obtain a consistent analysis scheme, it was necessary to treat the observations as
random variables [Burgers et al., 1998, Houtekamer and Mitchell, 1998a]. In this kind of
filter, it is typically assumed that observations have Gaussian distributions. The addition
of Gaussian noise to the analysis through (Eq. 2.64) tends to decrease non-Gaussian
moments associated to nonlinear error growth that the system can generate [Lawson and
Hansen, 2004]. An example of stochastic filter, is the EnKF system that is operationally
working at the Canadian Meteorological Center (CMC) since 2005 [Houtekamer et al.,
2005].

• Determinisitic filters: This kind of filters emerged after the use of stochastic filters,
when it was realized that small and spurious correlations between the observations and
the ensemble members could lead to a degradation of the quality of the analysis. Thus,
deterministic filters do not perturb the observations. Some examples of deterministic
filters are: the ensemble adjustment Kalman filter (EAKF; Anderson [2001]), the ensem-
ble square root filter (EnSRF; Whitaker and Hamill [2002]), or the ensemble transform
Kalman filter (ETKF; Bishop et al. [2001]).

The EnKF provides a good approximation to the standard KF that improves with en-
semble size. Unfortunately, the application of the EnKF in the real atmosphere implies the
computational cost of integrating in time the non-linear numerical model for the full ensemble.
Operational weather centers using EnKF algorithms typically use ensemble sizes of O(100),
which is much smaller than the degrees of freedom of the model O(108) and the dimensions
of the full error covariance matrix eventually estimated from the ensemble. The use of small
ensembles has a negative impact on the properties of the algorithm, specially referring to the
error covariances, imposing a strong constraint on the quality of the forecasts. In the standard
KF, the background error covariances matrix Pf is full rank, and to estimate this matrix it
is necessary to integrate forward in time the tangent linear model once for each of the model
coordinates Nmodel ≈ O(108). The corresponding eigenvectors of the Pf would provide Nmodel
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different directions in the phase space. From these directions, eigenvectors with high eigenval-
ues would be expected to follow the attractor of the model. However, in the EnKF algorithm,
an ensemble with Nens ≈ O(102) is typically used, only providing Nens − 1 directions in the
phase space, being Nens << Nmodel. In the situation of using a small ensemble, the statistics
used to estimate the error covariances are not representative of the true atmosphere resulting
in a undersampled system. This is the major difference with respect to the KF and it is widely
known as the rank problem. Thus, the success of the EnKF is highly dependent of the ensem-
ble size. The rank deficiency introduces the following three major problems: inbreeding, filter
divergence and long range correlations.

• Inbreeding: This term is used to describe a typical situation that arises from the under-
sampling problem and results in having the analysis error covariance systematically un-
derestimated after the assimilation of a new set of observations [Houtekamer and Mitchell,
1998b]. The smaller the ensemble size, the greater the degree of undersampling, and for
instance the chance to underestimate the error covariances increases [Ehrendorfer, 2007].
For these reasons, inbreeding is known as potential source of filter divergence [Hamill
et al., 2001] and the development of spurious long range correlations.

• Filter divergence: This problem is caused mainly due to the inbreeding problem. It is
referred to the situation in which the EnKF system is no longer able to push the analysis
to the true state of the atmosphere and starts progressively moving away from the true
analysis [Fitzgerald, 1971]. Filter divergence typically results from the repeated under
estimation of the analysis error covariance, Pa < Pf. If the dynamics of the system are
not able to counteract the progressively error covariance decrease, the EnKF will start to
ignore the information from the observations and finally the analysis solution will differ
completely from the true state.

• Spurious correlations: Undersampling also introduces spurious correlations in the fore-
cast error covariance. It basically means that different state variables are related following
a non-physical relationship, without being representative of the true state. Thus, the as-
similation of good observations using spurious correlations could incorrectly impact the
state variable resulting in a degradation of the quality of the analysis estimate. Hamill
et al. [2001] shown that the spurious correlation is highly related with the ensemble size.
Large ensembles depicting more accurately the statistics have less spurious correlations
associated. Spurious correlations tend to zero as ensemble size tend to infinite.

To address the above-mentioned issues related with the rank deficiency problem, various
methods have been proposed during the last years. These methods are known as covariance,
localization and covariance inflation [Hamill et al., 2001].

2.3.3.1 Covariance Localization

One of the most popular methods to mitigate the negative effects of undersampling is to ap-
ply a covariance localization [Houtekamer and Mitchell, 2001, Hamill et al., 2001, Whitaker
and Hamill, 2002], which basically consists on reducing the effect of the covariances as a func-
tion of the distance from the observations. In other words, the impact of the observations is
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smoothly reduced as a function of the distance. This effect is obtained, in sequential filters, us-
ing the Schur product, also known as Hadamard product [Horn, 1990, Gaspari and Cohn, 1999,
Houtekamer and Mitchell, 2001], of the forecast error covariance with a smooth correlation
function ρ. Thus, equation 2.68 is modified as follows:

K = [ρ ◦ (P fHT )][ρ ◦ (HP fHT ) +R]−1 (2.72)

where ◦ denotes the Schur product of two matrices. For the correlation function ρ, the com-
pactly supported fifth-order piecewise rational function [Gaspari and Cohn, 1999] is commonly
used. This is a Gaussian function that sets to zero the impact of the observation beyond a
certain distance defined by the user. It is beneficial to take into account not only the horizontal
localization, but also vertical localizations:

K = [ρh ◦ ρv ◦ (P fHT )][ρh ◦ ρv(HP fHT ) +R]−1 (2.73)

where ρh and ρv are the horizontal and vertical localizations respectively. It is noteworthy
that the localization methodology is not obtained from the Kalman filter theory, and for this
reason some of the features of the standard Kalman filter can not be transferred to the EnKF.
One of these features in the KF is the equivalence between assimilating observations either
serially or all at once.

An alternative methodology is to apply the localization in the physical space instead of
in the ensemble space. In this sense, the localization is now applied on the observational
error covariance matrix R, increasing the errors as a function of the distance, using a positive
exponential function [Hunt et al., 2007]:

fR,loc = exp[+d(i, j)2

2L2 ] (2.74)

where d(i,j) is the distance between observation i and model grid point j, and L is the
length scale parameter for the localization. This kind of localization is usually used in the Local
Ensemble Transform Kalman Filter (LETKF; Hunt et al. [2007]). These localization methods
applied inR and in P f should be indistinguishable in practice, however, the localization applied
in P f reveals a more robust behaviour [Sakov and Bertino, 2011]. Unfortunately, there is no
methodology to get a priori, the optimal localization function to obtain the best analyses. The
localization is highly dependent on the type, spatial density and location of the observations
and also the weather situation of the day (X(t)).

2.3.3.2 Covariance Inflation

Covariance inflation deals with the problem of underestimation of the forecast error covariance
matrix. This technique consists in increasing the forecast error covariances by inflating the
spread of the ensemble by a specific factor, without modifying the ensemble mean. Three infla-
tion methods are typically used to increase ensemble spread: additive inflation, multiplicative
inflation and relaxation.
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• Additive Inflation: This method consists in increasing the ensemble spread by adding
random perturbations based on the model error covariances Q [Houtekamer et al., 2005].
In the EnKF, the additive inflation can be expressed mathematically as follows:

xfi (t+ 1) = M [xai (t)] + qi, i=1, ..., Nens (2.75)
qi ≈ N(0,Q) (2.76)

• Multiplicative Inflation: Multiplicative inflation is based on the multiplication of the
background error covariance P f by a tuneable factor γ:

P f
inflated = γP f , γ>1 (2.77)

For realistic and complex numerical models, large γ values are used. However, the applica-
tion of such inflation at each time step of the assimilation window can lead to unbounded
covariance growth in data avoid regions [Anderson et al., 2009, Miyoshi et al., 2010]. To
counteract this effect, Anderson et al. [2009], Miyoshi et al. [2010] developed an adap-
tive inflation algorithm that modify the inflation factor in accordance to the density of
observations.

• Relaxation: To avoid the problem of having an underdispersive ensemble spread in areas
where observations are assimilated, the relaxation methodology only accept part of the
proposed spread reduction for the ensemble of perturbations.

The relaxation to prior perturbation [Zhang et al., 2004] is a method used to only modify
the analysis where the observations have been assimilated. In this method, the analysis
perturbations are relaxed back to the prior perturbations as follows:

xai,new − xa = (1− α)(xai − xa) + α(xfi − xf ), 0≤α≤1 (2.78)

This method should be applied at each assimilation cycle, and after several iterations the
perturbations approximate to the Lyapunov vectors [Toth and Kalnay, 1997, Whitaker
and Hamill, 2012]. If the perturbations are going to follow Lyapunov vectors is a way
of reducing the effective dimension of the system. Such property is not beneficial for
data assimilation systems, where a higher dimension permit a more effective use of great
amounts of observations. Whitaker and Hamill [2012] devised an alternative method call
relaxation to prior spread, where in this case, the ensemble spread of the analysis σa is
relaxed back to the prior ensemble spread σf following:

σanew = (1− α)σa + ασf , 0≤α≤1 (2.79)

They also suggested to use relaxation methods to correct data assimilation errors and
additive inflation to account for model errors.
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2.3.4 Data Assimilation Research Testbed (DART)

The entire set of different studies presented in this Thesis performing data assimilation have
been conducted using the EnKF algorithm available in the user-friendly Data Assimilation
Research Testbed (DART) software. DART facilitate the usage of a great variety of data
assimilation flavors, such as the EnKF, Particle Filter (PF; Poterjoy [2016]), the Ensemble
Adjustment Kalman Filter (EAKF; Anderson [2001]) or the Rank Histogram Filter [Anderson,
2010], among others. In addition, DART is compatible with different numerical models (e.g.,
lorenz_63, WRF, Regional Ocean Modelling System (ROMS) or the Cloud Model 1 (CM1))
and observations (real or synthetic), such as conventional observations (e.g., METARs, buoys,
radiosondes, ACARs), reflectivity and radial velocities from Doppler radars or even observa-
tions products from meteorological instruments on board satellites. DART allows the user to
combine different data assimilation algorithms, numerical models and observations in a acces-
sible way. This platform also facilitates the development and distribution of new advances in
ensemble data assimilation to a broad community of users.

Data assimilation codes are computationally very efficient and can be compiled as a sequen-
tial (single task) program or as a MPI (parallel) program. For storm-scale data assimilation
simulations, in which a bulk of different observations are assimilated, the usage of MPI reduces
drastically the computational time. Along the Thesis, different versions of DART software have
been used, such as the Kodiad, Lanai, Manhattan and finally the Trunk version. In each new
DART version, the data assimilation algorithms are better optimized, new type of observations
are included, new forward observational operators are tested and new sophisticated numerical
models were included.

One of the most useful tools that DART provides is the great variety of linear and non-
linear forward operators, that are applied to components of the model state to obtain the model
equivalent of the observation. In other words, it can be seen as a spatial interpolation that
allows to transform a value in the model space to a equivalent value in the observational space.
Another useful facility provided by DART is the ability to perform Observing System Simu-
lation Experiments (OSSEs). These kind of experiments are used to evaluate the impact of
new observing systems on operational forecasts when actual observational data is not available
(e.g., new observations that will be available from near-future satellite launches).

It is also important to note that to be able to assimilate observations using the DART
software, it is necessary to convert the raw observational format into a common DART format.
Fortunately, DART provides a great variety of converters that performs this intermediate step.
These converters can deal with several different formats, such as netCDF, HDF, BUFR or even
Gribs.
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Figure 2.10: Schematic view of the work flow of a data assimilation cycle performed by the
DART filter. Figure obtained from DART testbed tutorial.

DART basically uses 4 different elements: observations, model states, the data assimilation
algorithm and a Fortran namelist. To facilitate the comprehension of how DART is performed,
it is possible to visualize the work-flow in a simplified scheme (Fig. 2.10). Given the model
states and the observations, the system is able to assimilate, through the filter program, such
observations using different properties that are set in the namelist file. After the assimilation
process, the system evolves the ensemble members forward in time until reaching the new set
of observations. At this point, the system has been performed a cycle of assimilation and starts
all over again. Then, the system can start another cycle assimilating new observations and
advancing the model forward in time until reaching a new set of observations, until the end of
the assimilation window..

2.4 High Performance Computing (HPC)
Along the present Thesis, numerous high-resolution numerical experiments have been per-
formed using the EnKF, assimilating different kind of observations, such as conventional (e.g.,
METARs, buoys, ACARs or radiosondes), reflectivity and radial velocities from Doppler radars
and Rapid-Scan Atmospheric Motion Vectors from satellite. Initially, an ensemble with 24
members was used, but then, it was replaced by a 36 members ensemble. The numerical
domain used in the numerical experiments cover the entire Western Mediterranean basin at
16 to 3 km horizontal grid resolution and 50 vertical levels, so approximately accounting for
1200x800x50x24(36) gridpoints. Taking into account that to correctly implement the EnKF
system, DART needs to load the entire statistical description of the atmosphere (error covari-
ances) in memory to perform the data assimilation scheme correctly. This step is, in terms
of computational resources extremely demanding. For this reason, DART filter at competitive
scales can only be run on high performance computing facilities. To perform the DA exper-
iments presented in this Thesis, three main computers are employed, namely: MareNostrum,
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CSUC and Foners.

• MareNostrum III-IV: MareNostrum (MN) is a generic name that Barcelona Super-
computing Center (BSC) uses to distinguish from the different updates made to its super-
computer. At the beginning of this Thesis, we used the update version MareNostrum III
(MN III). This supercomputer was based on 48896 Intel SandyBridge processors in 3056
nodes, iDataPlex Compute Racks, infiniband interconnections and also used a Linux Op-
erating System. MN III was also characterized with more than 115 Tb of main memory
and 2 Pb of general parallel file system (GPFS) disk storage. On 2017, BSC initiated the
upgrade to MN IV and it was fully operational at the end of June 2017. This upgrade
introduced great improvements in the properties of the supercomputer. Nowadays, this
supercomputer is the most powerful supercomputer in Spain, the third most powerful in
Europe and it is considered within the top-20 rank in the world. The major inconvenient
of this supercomputer is its availability.

Nowadays, this supercomputer is the most powerful supercomputer in Spain, the third
most powerful in Europe and it is considered within the top-20 rank in the world. The
major inconvenient of this supercomputer is its availability.

• CSUC: As an alternative to MareNostrum supercomputer, we decided to run some nu-
merical experiments in the CSUC cluster. This supercomputer belongs to the ’Consorci de
Serveis Universitaris de Catalunya’ (CSUC) and it is composed of two different systems,
depending on the demanded resources, that are managed by SLURM Workload Manager.
To face the high EnKF requirements, the system used was the referred as Pirineus II. An
overview of the main characteristics of Pirineus II is listed in the following table:

Pirineus II
Peak Performance of 14.30 Teraflops
44 standard nodes:
- Each node contains 2 Intel Xeon Platinum 8168 with 24 cores
- Each node has 192 Gb of main memory
- Each node provides 4 Tb disk space

6 High memory nodes:
- Each node contains 2 Intel Xeon Platinum 8168 with 24 cores
- Each node has 384 Gb of main memory
- Each node provides 4 Tb disk space

4 GPGPU nodes:
- Each node contains 2 Intel Xeon Platinum 8168 with 24 cores
- Each node has 192 Gb of main memory
- Each node provides 4 Tb disk space
- Each node contains 2 Nvidia P100 GPU (3584 Cuda cores)

10 Gbit Ethernet
Infiniband EDR with 100 Gb/s bandwidth
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However, in this supercomputer facility it was only possible to run EnKF experiments
using a reduced number of members (20 members). Thus, this machine was only used to
perform an intermediate size of the full experiment that were eventually run in MareNos-
trum supercomputer.

• Foners-UIB: Our university, Universitat de les Illes Balears (UIB), provides a super-
computer facility named Foners since 2014. This supercomputer basically has two kind
of computational nodes: The first one, referred to as thin nodes consists in 42 thin nodes
with 20 Intel x86-64 Ivy Bridge processors cores per each node (reaching a total of 920
processors). This kind of nodes have 64 Gb of RAM memory and provides a peak perfor-
mance of 14.28 Teraflops. The second one, named fat nodes, consists in 4 nodes with 256
Gb of RAM memory for each one. FAT nodes has featured with a peak performance of
1.52 Teraflops. Connectivity through nodes using infiniband FDR and Gibabit Ethernet.
Foners also provides 40 Tb of total disk space. Since a full experiment using 36 ensemble
members is not possible to run in this cluster, we typically use Foners to perform Toy
numerical experiments.

It is important to note that running competitive numerical simulations (i.e., using large
ensemble size and high grid point resolution) using EnKF requires the use leading edge high
performance computing technology.
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Chapter 3

Value of conventional data
assimilation: PART I1

In this first chapter, we investigated the potential effect of assimilating conventional observa-
tions using the EnKF to improve the predictability of a maritime severe weather event affecting
the Western Mediterranean Sea. In particular, we assessed the potential of the EnKF to advect
meteorological information from areas with good coverage, such as over land, to areas with
lack of observations, such as maritime bodies. In order to assess the benefits of assimilating
such observations over maritime bodies, we studied an squall line event that hit the Balearic
Islands on the afternoon of the 4th October 2007, producing severe damages to the property
and affecting life, with one person killed by debris and more than 200 people injured.

To be able to evaluate the effect of assimilating standard observations, the results obtained
from the EnKF experiment are compared with the control experiment, in which no data assimi-
lation is used. Information of the thermodynamical environment and the triggering mechanism
involved in the genesis of this squall line is investigated through theses numerical experiments.
Comparison between data assimilation and control experiment, will provide useful information
about the value of the assimilated observations in predicting this squall line event. Finally,
sensitivity experiments using the Factor Separation technique are applied to determine quan-
titatively the influence of different kind of observations have on the prediction of this event.

3.1 Introduction

The numerical prediction of high-impact weather over islands and coastal areas remains a global
daunting challenge. Observing systems with large in-situ data-void regions, such as maritime
areas, critically affect the accuracy of forecasts as important structures are frequently missed
in the analyses [Wu et al., 2013]. Over the past 40 years, increasingly sophisticated methods
have been developed to improve the representation of the atmosphere in numerical weather
prediction models from a wealth of observations, both in situ, and most importantly, from re-
mote sensing instruments (Rabier, 2005; Palmer and Hagedorn [2006]; Shen et al., 2016). This

1The content of this chapter is based on the paper Carrió, D. S, Homar, V., 2016: Potential of sequential
EnKF for the short-range prediction of a maritime severe weather event. Atmos. Res., vol. 178,p. 426-444.
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progress has unquestionably led to significantly reduced errors in the initial fields, and thus to
improved numerical predictions, mostly in the medium term (Cacciamani et al., 2000; Courtier
et al., 1998; Houtekamer et al., 2005; Bouttier and Kelly, 2001). However, established tech-
niques at synoptic-scale in global forecast systems [Buizza et al., 2005] require reconsideration
when transferred to the meso- and convection-allowing scales, due both to the fundamentally
different dominant dynamics, and the higher nonlinearity, which produces faster error propa-
gation and growth (Zhang et al., 2003; Hohenegger and Schär, 2007, García-Moya et al., 2011,
Vich et al., 2011).

Balearic Islands

Atlas Mountains
Alborean Sea

Murcia

Figure 3.1: Numerical domain used in all experiments.

Ensemble Kalman filter (EnKF; Evensen, 1994) has been proposed as the data assimilation
technique meant to become a reference for subsynoptic scale prediction systems (Torn, 2010;
Stensrud et al., 2013). Data assimilation methods, among them EnKF, determine the most
likely estimate of the atmospheric state by blending information from an initial guess (back-
ground) and a set of observations. Essentially, the EnKF contributes to the data assimilation
scene by proposing an ensemble-based method to derive an estimate of the background error
covariance matrix used in the Kalman filter [Houtekamer and Mitchell, 2001]. In this sense, the
EnKF is similar to variational methods, like 3DVAR or 4DVAR (Buehner et al., 2009; Lorenc,
2003), with some important differences found between them. The EnKF is conceptually formu-
lated following a sequential algorithm, as opposed to the iterative variational algorithm used by
the 4DVAR. The way the error covariance matrix is evolved or the use of dynamic background-
error covariances are also fundamental differences between both approaches. EnKF algorithms
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have been widely used to initialize limited-area models [Meng and Zhang, 2011, e.g.], and most
studies investigate cases initialized and evolved over land. We lay the foundations of this study
over the hypothesis that cycling ensemble Kalman filters which intensively assimilate obser-
vations from coastal regions have a great potential for improving socially relevant phenomena
initiated over maritime areas. The ability of cycling data assimilation methods to transport
information from relatively well instrumented areas towards maritime regions draws the fun-
damental motivation for the experiments presented in this chapter as not only improves the
prediction per-se, but it has the promising potential of making an efficient use of remote sensing
observations over the sea.

On 4th October 2007, an intense squall line swept across the Balearic Islands (Fig. 3.1),
producing 3 tornadoes (surveyed by the Spanish Weather Agency, AEMET), severe winds and
very high precipitation intensities that produced local floods in Palma. One person was killed
by debris, more than 200 people were injured by wind-related incidents and material losses
were estimated at several tens of milions of Euros [Ramis et al., 2009]. Severe convective
storms during autumn are not uncommon in the Western Mediterranean area (Riosalido, 1990;
Tudurí and Ramis, 1997) mainly because of two ingredients: convective instability by strong
latent heat flux from the relatively warm Mediterranean sea, and the uplift provided by the
complex orography of the area when interacting with the impinging low-level flows (Romero
et al., 1997; Malguzzi et al., 2006). Historical examples of these severe convective episodes
in the Western Mediterranean basin are the tornadoes recorded in Mallorca and Menorca on
26th October 1991 and 8th October 1992 respectively [Gayà and Soliño, 1993]; the heavy
precipitation event with amounts exceeding 800 mm in 24 hours on 4th November 1987 in
Gandia (Valencia) [Romero et al., 1998b]; the 6 cm diameter hailfall on 15th August 1954 and
on 26th August 1968 in Mallorca [Miró-Granada, 1969], among other similar cases (García-Dana
et al., 1982; Benet, 1986; Fernández et al., 1995; Ramis and Romero, 1995; Ramis et al., 1994;
Homar et al., 2003). The precise short-range prediction of the time, location, and intensity of
severe phenomena is still beyond current operational prediction systems. The Spanish Weather
Service (AEMET) continuously develops numerical tools, based on data assimilation methods
and km scale prediction, for the short-range forecasting of high impact weather events in Spain
[Navascués et al., 2013]. Ducrocq et al. [2008] describe the key role played by orography in
anchoring the highly efficient precipitation systems and so increasing the predictability of the
location of these events. On the contrary, Cohuet et al. [2011] performed experiments with the
4th October 2007 squall line over Mallorca and concluded that the numerical prediction of the
event is extremely challenging due to the high sensitivity of the mesoscale convective system to
the initiation phase, which occurred over the sea. In particular, Cohuet et al. [2011] identified
a maritime convergence zone over the Alboran Sea during the first hours of 4th October as
a determinant structure for the successful simulation of the severe episode. Their finding
exemplifies common scenarios that produce high impact events over the densely populated
coastal regions of the Western Mediterranean. Despite Cohuet et al. [2011] managed to produce
a reasonably good simulation of this convective event with the Meso-NH model, an operationally
oriented application requires taking into account the uncertainties associated with the forecast,
and thus the use of an ensemble prediction system with the objective of rendering a reliable
and high resolution probabilistic description of the plausible outcomes. Given the large and
particular challenges identified to numerically predict this squall line, we hypothesize that the
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application of a cycling EnKF to produce more accurate analyses has a large potential to
translate into a higher confidence in predicting the genesis, development and impacts of the
severe convective event, than deterministic forecasts.

Figure 3.2: (a) Ligthning strokes between 0800 UTC and 1800 UTC. Colors indicate time
interval of measurement, as indicated in the table at the bottom of the panel. IR MSG-2
brightness temperature according to the right-hand scale on 4th October 2007 at 0712 UTC
(b) and 1500 UTC (d). (c) Radar composite image at 1500 UTC. Figures courtesy of AEMET.

3.2 The squall line event
On 4th October 2007 a squall line hit the island of Eivissa at 1400 UTC, then the southwestern
coasts of the island of Mallorca at 1530 UTC and continued north-northeastwards, affecting life
and property primarily in the southern part of Mallorca and specially in the capital, Palma.
The event was characterized by strong gusty winds of about 50 m s−1, torrential rain up to
100 mm h−1, and a greenish tone, characteristic of deep severe convection [Gallagher III et al.,
1996], was observed as the storm approached the island [Ramis et al., 2009]. Furthermore, its
intense electric activity, with 160 lightning strikes registered from 1540 UTC to 1550 UTC,
provides a good depiction of the thunderstorm track, that initiated offshore Murcia and moved
towards the north-east (Fig. 3.2a). The system matured and reached precipitation rates ex-
ceeding the 20 mm h−1 during the morning, as registered in raingauges over Mallorca. The
AEMET post-storm damage survey indicated the formation of at least three F1-F2 tornadoes
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embedded in the system.

Figure 3.3: Accumulated hourly precipitation composite from the AEMET radar network for
the period 0900 to 1700 UTC on 4th October 2007.

Infrared Meteosat Second Generation 2 images for that morning (Fig. 3.2b) show a train of
mesoscale convective systems (MCSs) traveling northeast offshore the Mediterranean Iberian
coast, from the Alboran Sea to north of the Balearic Islands. The southernmost MCS (MCS3)
initiated over the Alboran Sea and progressively became organized until it reached the Balearic
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Islands (Fig. 3.2c). The 1457 UTC image (Fig. 3.2d) shows the overshooting tops of the thun-
derstorm, reaching the 200K cloud top temperatures and revealing an associated anvil area
that covered the entire Balearic Channel. Estimated hourly precipitation fields from the com-
posite reflectivities of the AEMET radar network provide a high temporal frequency indication
of the location and structure of the thunderstorm initiated at about 0900 UTC (Fig. 3.3).
Despite the Balearics did not have an AEMET radar at that time, the Valencia radar scanned
the storm at high elevations and yet clearly depicts the linear organization of the convective
system approaching Mallorca (Fig. 3.2c). As the squall line crossed the mountains that lay
along the northwestern coast of Mallorca, the system temporarily lost its linear structure but
it eventually reorganized over the sea at about 1700 UTC, moving then to the north. Finally,
the system decayed over the gulf of Lyon at about 2000 UTC.

The synoptic situation in which this convective episode unfolded was dominated by a cold
upper-level cut-off low over the Iberian Peninsula, and a negatively tilted ridge over Corsica
and Sardinia (Fig. 3.4a). The associated southwesterly difluent flow over the region favoured
the synoptic uplift in which the aforementioned train of MCSs formed that morning. At low
levels, the cyclonic system located north of the Atlas mountains produced easterly winds that
were intensified by the anticyclone located over central Italy, bringing warm and moist advec-
tion westwards (Fig. 3.4b). This easterly low-level flow impinged upon the drier and colder
airmass present over mainland Spain, generating an active convergence zone that provided the
lifting mechanism for the initial convective cells, as shown by Cohuet et al. [2011]. The MCSs
observed that day moved along the corridor set by the low-level thermodynamical boundary
and the upper-level difluent zone. The interaction of the easterly humid flows with the Mediter-
ranean Spanish coast with the orography is known as a frequent triggering mechanism for heavy
precipitation events (Romero et al., 2000a; Jansa et al., 2001; Homar et al., 2002). Romero
et al. [2014] investigate another example of a maritime squall line initiated to the northwest of
the Balearic Islands, along a convergence line also formed under the influence of cyclonic east-
erly flow. This kind of severe convective system, triggered from pure dynamical mechanisms
over maritime surfaces, represents a difficult simulation challenge that limits its predictability,
causing substantial socioeconomic impact in the Mediterranean densely populated coastal lands.

3.3 Numerical tools and experimental set-up

The initialization of mesoscale numerical weather prediction models directly with global coarser
resolution fields hinder the successful numerical prediction of events such as the 4th October
2007. Cohuet et al. [2011] unequivocally proved the inability of standard mesoscale set-ups
(i.e. non-incorporation of observations) to adequately simulate the evolution of this squall line
unless new pieces of information were added to the initial global analyses fields. We explore the
use of data assimilation (DA) techniques to ameliorate the numerical forecasts of these events,
under the assumption that observations in the region can be efficiently used by means of DA
techniques, even at a distance from the measurements.
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Figure 3.4: ECMWF analyses at 06 UTC 4th October 2007 of (a) 500 hPa geopotential height
(solid lines, mgp) and temperature (shaded lines, ℃); and (b) 925 hPa equivalent potential
temperature (shaded lines, ℃), wind (vectors, m s−1) and sea level pressure (solid lines, hPa).
The thick line highlights the convergence zone referred to in the text.

3.3.1 Ensemble Kalman Filter
Data assimilation algorithms merge observations with first guess fields in an attempt to distille
a more accurate representation of the state of the atmosphere given all available pieces of in-
formation (Kistler et al., 2001; Uppala et al., 2005). We use the Data Assimilation Research
Testbed (DART, lanai version) software framework. DART can use different types of assim-
ilation algorithms such as: Ensemble Adjustment Kalman Filter [Anderson, 2001], Ensemble
Kalman Filter [Burgers et al., 1998] and a 1D imbedded particle filter [Van Leeuwen, 2010],
among others. Here, we explore the potential of the EnKF algorithm, a linear and recursive
estimator that produces unbiased minimum variance estimates, in a least square sense, of the
atmospheric state (Kalman, 1960; Kalman and Bucy, 1961). The observations of the Kalman
filter equations are sorted into batches that are assimilated sequentially. As more batches of
observations are assimilated, the background state of the ensemble is updated and eventually
become the analyses field (Houtekamer and Mitchell, 1998a). EnKF estimates the background
error covariance matrix from the statistical properties of an ensemble of forecasts, which is a
considerably simpler method compared to other assimilation approaches. Although not strictly
necessary, when EnKF is implemented as a cycling DA system, in which an update step where
observations are assimilated, is followed by a forecast step in which the distribution of at-
mospheric states, and thus also the error covariance matrix, is evolved in time. Repeatedly
estimating the error covariances in cycles from the ensemble of high resolution forecasts has a
clear impact on the quality of the resulting ensemble of analyses, which in turn improve the
accuracy of the associated forecasts.

EnKF has been widely applied and examined since it was first introduced in meteorology by
Evensen [1994], showing substantial improvements in the prediction of subsynoptic phenomena.
Some examples of this studies are found in: Snyder and Zhang [2003] and Zhang et al. [2004],
which assimilate synthetic radar data; Dowell et al. [2004] in which real radar observations were
assimilated for a tornadic supercell thunderstorm; Marquis et al. [2014], which proved the value
of assimilating high-resolution Doppler radar velocities and in-situ surface observations into a
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simulated convective storm, also performed by Sippel et al. [2013a] and Tanamachi et al. [2013].

3.3.2 Forecast Model

The numerical model used in all experiments is the WRF-ARW mesoscale model version 3.4.
We defined a numerical domain that covers the area of interest over the Western Mediterranean
with a 16 km horizontal grid size (Fig. 3.1). Similar setups have been successfully implemented
over the central plains in the US in order to characterize the mesoscale environment in which
severe weather outbreaks unfold (Fujita et al., 2007; Yussouf et al., 2013b; Wheatley et al.,
2014). In order to increase the number of error sources accounted for in the experimental
probabilistic forecasting system, we use multiple parameterized physics configurations among
the ensemble members. We use two convective schemes: Kain-Fritsch and the new simpli-
fied Arakawa-Schubert scheme. The Kain-Fritsch uses an updated cloud model with respect
to Kain and Fritsch [1990] that performs the entrainment and detrainment as a function of
the buoyancy characteristics of various mixtures of clear and cloudy air. The new Arakawa-
Schubert parametrization features a new mass-flux scheme with deep and shallow convection,
along with momentum transport. We also add diversity to the ensemble by using multiple
planetary boundary layer (PBL) schemes. PBL is a determinant factor in accurately simulat-
ing mesoscale weather phenomena (Pielke and Mahrer, 1975; Ogura and Chen, 1977; Ulanski
and Garstang, 1978) due to the critical role heat and momentum fluxes play in the unfold of
severe phenomena. Li and Pu [2008] shown that PBL schemes play almost the same role as
cloud-microphysics schemes in accurately forecasting hurricane intensity. Four PBL schemes
are used: Yonsei University (YSU) [Hong et al., 2006], Mellor-Yamada-Janjic (MYJ) [Janjic,
1990], Asymmetric Convective Model (ACM2) [Pleim, 2007] and Mellor-Yamada Nakanishi and
Niino Level 2.5 (MYNN2) [Nakanishi and Niino, 2004]. Finally, given the specific geographi-
cal characteristics of the Western Mediterranean basin and its surroundings, the variability of
aerosol concentration in the various air masses that invade the region is clearly underestimated
by standard tabulated aerosol parameters in the microphysical scheme. Saharan, continental
central European, Atlantic or purely Mediterranean air masses have radically different aerosol
characteristics [Clarke et al., 1997], being very influential on the moist physics processes in
the Mediterranean region. To account for this variability and cope with the errors of using
tabulated cloud condensation nuclei (CCN) data, we prescribe 3 levels of CCN (see Table 6.1).

Table 3.1: Multiphysics configurations used in the 24-member ensembles.
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3.3.3 EnKF Experimental Design
The cycling EnKF and the subsequent forecast phases are adapted to the problem in hand.
To begin, an initial first guess of the probability distribution of atmospheric states valid hours
before the beginning of the forecast phase is needed. We use a 24-members ensemble extracted
from the operational European Center for Medium Range Weather Forecasts (ECMWF) global
Ensemble Predictions System (EPS) which runs at a spectral resolution of T399L62. We choose
the 24 members with the largest diversity across the numerical domain (Fig. 3.1) using a method
based on Principal Components Analysis and k-means clustering applied over the original 50
members of the ECMWF EPS [Garcies and Homar, 2009]. We use 500 hPa geopotential and
850 hPa temperature fields. In the end, the selected members have the largest differences
among the 50 in terms of the clustering fields over the domain. This initial first guess is thus
composed by 24 members off the ECMWF EPS initial state (i.e. perturbed analyses), valid at
00 UTC 4th October 2007. The first EnKF update step is performed and also valid at this time.
We use observations archived at the Meteorological Assimilation Data Ingest System (MADIS)
maintained by the National Weather Service of the National Oceanic and Atmospheric Admin-
istration. In particular, we use radiosonde, METAR, marine, and ACARs data (Fig. 3.5 and
Table 4.1). Admittedly, first assimilation cycle is clearly suboptimal because the first guess
fields have an effective grid resolution of roughly 50 km (T399), and thus the error covariance
matrix used is not yet adjusted to the 16 km potential grid resolution of the numerical fields.
The resulting 24 members from the first update step are integrated forward for one hour in the
forecast step. At 0100 UTC a new update step is performed and the process is repeated until
the last update step at 0600 UTC (i.e. 1-hour cycles for 6 hours (Houtekamer et al., 2005 ;
Fujita et al., 2007)). The number and type of observations vary significantly between cycles
(Table 4.1). As expected, the largest number of available observations is found at 00 UTC and
06 UTC, with 883 and 720 respectively, although at all cycles a minimum of 380 observations
are assimilated. METAR observations are systematically the most numerous over the entire
assimilation window, varying from 300 to more than 550 measurements, and marine records
are the least numerous, with 191 observations over the entire window. Although the variability
of observations is evident between cycles, the overall assimilated dataset covers adequately the
area under study (Fig. 3.5). The resulting analysis fields become the initial conditions for a
24-members ensemble forecast that spans for 18 hours, until 00 UTC 5th October 2007.

On account of the moderate size of this EPS system, covariances tend to be underrepresented
and masked by artificial correlations, resulting in a suboptimal analyses [Hacker et al., 2007].
One of the most prevalent methods used to reduce the negative impact of these kind of errors
is to use localization [Houtekamer and Mitchell, 1998b]. Typically, localization is performed
through a distance weighting-covariance function that becomes zero exceeding the cutoff length
[Sobash and Stensrud, 2013]. To mitigate errors due to limited ensemble size, horizontal and
vertical covariance localization is implemented [Mitchell et al., 2002]. In this study, we have
used as a weighting-covariance function an approximation of a Gaussian function [Gaspari and
Cohn, 1999], with 300 km horizontal cutoff parameter and 4 km for the vertical.

Another essential aspect to consider when dealing with reduced ensemble sizes and because
of model and sampling error is the inflation factor [Anderson and Anderson, 1999]. In such
situation, filter algorithms as EnKF, tend to collapse towards a single solution, leading to in-
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Figure 3.5: Spatial-distribution of MADIS observations assimilated on 4th October 2007 be-
tween 00-06 UTC.

obs_type\hours-(UTC) 0 1 2 3 4 5 6 Total

marine 43 18 24 34 22 12 38 191

acar 4 4 30 22 0 83 114 257

metar 375 345 335 375 421 474 568 2893

rawin 461 57 0 0 0 0 0 518

Total 883 424 389 431 443 569 720

Table 3.2: Number of observations per type for each assimilation cycle.

sufficient dispersion within the ensemble [Furrer and Bengtsson, 2007]. State-space inflation
method consists in increasing the spread of the ensemble to avoid convergence and collapse
problems. In this work, we use a time-evolving inflation value, characterized by a Gaussian
distribution, where the mean is the initial value of the inflation and the standard deviation con-
trols how rapidly the inflation evolves in time. Large values of the standard deviation values
mean that the inflation will vary more quickly with time. We use as initial inflation value 1 and
0.6 to the standard deviation. The inflation factor adapts to the various spatial and temporal
observational densities provided to the system.

3.3.4 Non-assimilation ensemble design
In order to analyze the added value of using an EnKF cycling assimilation scheme in the
numerical forecast of this maritime severe episode, we design two additional ensemble systems
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with no assimilated observations. These are built by directly initializing the mesoscale ensemble
of WRF runs with ECMWF EPS members. The first experiment (NOA00) uses the same 24
ECMWF EPS members selected in the initial update phase of the EnKF experiment (i.e.
initial perturbed global analyses of the 00 UTC ECMWF EPS as initial conditions and the
corresponding forecasts as boundary conditions). The forecast runs for 24h, until 00 UTC 5th
October. The second experiment (NOA06) is identical to NOA00 except for the initiation time,
which is set to 6 hours later. For this experiment, the initial fields are 6 hours forecasts from the
00 UTC cycle of the ECMWF global EPS, using the same set of global members. Contrary to
the NOA06, the 6h time shift in the NOA00 is expected to allow for a spinup period before the
initiation of convection. The forecasts for the NOA06 experiment spans for 18 hours and also
use the corresponding forecasts from the global ensemble as boundary fields. Both experiments
use the very same numerical configuration as the EnKF ensemble.

3.4 Results
Representing the initiation, organization and evolution of convection in maritime events is a
challenge for numerical weather prediction systems, which have to accurately simulate both
synoptic and mesoscale structures to render useful predictions. We compare the performance
of EnKF, NOA00 and NOA06 ensembles presented above, focusing on their ability to predict
the hazard associated with the 4th October event.

3.4.1 Probability of Severe
We design a product (Probability of Severe (PoS)) to assess synthetically the severe convective
activity generated by each ensemble. An event is defined as either hourly precipitation accu-
mulations over 30 mm or 925 hPa wind speed exceeding 80 km h−1 for each grid point and
ensemble member. The instantaneous probability of severe is a grid-point value calculated as
the frequency among ensemble members of an event occurring in that grid box. The probabil-
ity of severe over a certain period is computed recursively using the standard additive law of
probability (Eq. 3.1) combining instantaneous probabilities by pairs:

Pt1,t2 = Pt1 + Pt2 − Pt1∩t2 (3.1)

In our case and for all 3 experiments, the PoS is computed over the 06-18 UTC interval.
This product provides a quick glimpse of the areas threatened by heavy rain rates or strong
winds as predicted by each experiment (Fig. 3.6). NOA00 produces four distinct areas of
probable convective activity: one over the Moroccan coast, which was persistently affected by
deep convection during the morning and early afternoon of 4th October, as clearly identified
over the MSG-2 images; one north of the eastern Pyrenees, which was also affected by convec-
tion, although with lower intensity. The northeastern coastal region of the Iberian Peninsula
is also highlighted because many NOA00 ensemble members develop intense convection when
the easterly low-level flow impinge the eastern edge of the Iberian cold air mass. The MCS3
system (Fig. 3.2b) produced a left splitter storm, which moved northwards and affected the
northeastern coast of Spain during the late morning hours. The convection predicted by the
ensemble over the fourth area resembles the storm that affected Mallorca that afternoon. Only
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 a) NOA00  b)  NOA06

 c) EnKF d) EnKF-3h

Figure 3.6: Probability of Severe over the 06-18 UTC period for (a) NOA00, (b) NOA06, (c)
EnKF and (d) EnKF-3h experiments.

a few NOA00 members trigger convection over the Alboran Sea, with even less developing
intense convection and reaching the Balearics. The remaining members neither show a linear
organization of the storm nor follow the observed northeastern path towards Mallorca. This
renders only minor PoS offshore Murcia and probabilities below 0.1 over the actual squall-line
path. Initializing the ensemble 6h later does not produce substantial changes in the guidance
provided as for severe effects of convection is concerned.

Although the detailed evolution of the convective system in individual ensemble members
is diverse, the distribution of plausible convective activity rendered by NOA06 is, in practice,
analogous to the NOA00 results. The most notable improvement in NOA06 is the increased
number of members triggering storms over the Alboran Sea and being steered north, along the
Balearic Channel, to the west of the observed squall-line. These results show that neither the
allowance for some spinup time in NOA00 nor the shorter lead-time conceded to the NOA06
experiment render any significant difference in the guidance for the prediction of severe convec-
tion. The simple downscaling of the global ECMWF-EPS system does not suffice to adequately
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provide the mesoscale environment in which the linear convective system triggered, intensified,
organized and evolved north-east from the Alboran Sea. This fully agrees with the conclusions
reached by Cohuet et al. [2011].

The value of including new sources of information by assimilating in-situ observations is
evident from the EnKF experiment results. This experiment shows high probability of intense
convective activity over the Alboran Sea, resulting mostly from convection triggered during
the first hours of simulation, in good agreement with the initiation of storms over the area
observed in the MSG-2 images (Fig. 3.2). This result supports the crucial contribution of the
assimilated observations on the configuration of the environment in which the linear convective
system that affected the Balearics initiated. A majority of ensemble members trigger convec-
tion over that area during the morning, and half of them show the system evolving remarkably
close to the observed storm. This mixture of convective evolutions simulated by the ensemble
renders a PoS that provides a very indicative outlook of the areas under severe weather threat
for that day. In addition, EnKF reduces the PoS over the northeastern Iberian Peninsula with
respect to the no-assimilation experiments, in agreement with the actual impact on that area
(Fig. 3.2). On the contrary, the system over the Moroccan coast is well predicted by all three
experiments, and the presence of southwesterly (terrestrial) flow steering the convective cells
over that area, together with the orographic anchoring of this intense system explains its high
predictable character.

3.4.2 Environment Characterization

Differences detected between experiments can be tracked back to the environment simulated
by each member in which convection occurred. According to the standard squall-line concep-
tual model [Markowski and Richardson, 2011], three ingredients [Doswell III et al., 1996] are
required for their formation: low-level wind shear, convective instability and a triggering mech-
anism. Each ensemble member of all three experiments show high values of low-level wind shear
during the morning and afternoon of 4th October along the warm air southerly air intrusion,
east of the Iberian Mediterranean coast. All members produce 0-3 km wind shear exceeding
20 m s−1 and thus differences in PoS cannot be attributed to this dynamical environmental
preconditioning factor. Regarding buoyancy, the environment was very supportive for convec-
tion development. High values of conditional instability are simulated in most members of
all three experiments throughout the western part of the Western Mediterranean, along the
Iberian coast (Fig. 3.7). The field of combined probabilities of CAPE of the most unstable
layer (mCAPE) exceeding 400 J kg−1 and CIN below 150 J kg−1 does not reveal substantial
differences among EnKF, NOA00 and NOA06 offshore southeastern Iberian Peninsula. When
analyzed in detail, the EnKF shows higher confidence in the presence of conditional instability
along the path of the observed convective systems than the experiments with no assimilation.
A substantial difference is observed over the Tyrrhenian Sea, where EnKF shows a distinct sig-
nal for a favourable convective thermodynamical environment. This disparity originate mainly
from the assimilation of ACAR measures, which produce the cooling of two layers: an elevated
layer between 900-750 hPa (which reduces CIN) and a mid-levels layer between 600-500 hPa
(which increases CAPE). However, regarding the area of interest, all three experiments simulate
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environments with moderate values of low-level shear and sufficient conditional instability for
the severe convective episode to unfold.

Conversely, remarkable differences are identifiable in the mesoscale thermodynamical and
dynamical low-level simulated environment between EnKF and NOA00. The analyses obtained
from the 00 and 06 UTC assimilation cycles depict a warm front offshore Murcia penetrating
over a colder air mass and the initiation of a weak convergence area (Fig.3.8b and d), allegedly
linked to the triggering of the convective cells that led to the squall line formation. The NOA00
fields show a weaker thermal perturbation and no indication of the convergence zone is traceable
neither at the initial time (00 UTC, Fig. 3.8a) nor after 6 h of simulation (Fig.3.8c).

 a) NOA00  b)  NOA06

 c)    EnKF d)

Figure 3.7: Probability of most unstable layer mCAPE exceeding 400 J kg−1 and CIN below
150 J kg−1 for (a) NOA00, (b) NOA06, (c) EnKF and (d) EnKF-3h experiments.

Certainly, these flow patterns produced by the EnKF system become determinant for the
successful prediction of the probabilities of severe weather observed in Fig. 3.6. Indeed, a
key ingredient for the correct simulation of this squall line event was already hypothesized by
Cohuet et al. [2011], which pointed at a convergence line at low levels offshore Murcia as the
determining factor for the useful prediction of the event. They proved the benefits of nudging
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a synthetic convergence line over the Alboran Sea on the first hours of 4th October. Even
though the divergence field becomes notably noisy at these resolutions, a clear signal of the
convergence zone is identifiable in the EnKF output fields. For the sake of synthesis and with
the aim of showing the ensemble divergence results without smoothing out any relevant signal,
we determine the most likely sign and probability level of the low-level divergence field (Fig.
3.9). In order to perform a fair comparison in terms of timing, and since we are analyzing the
effect of low-level convergence on the triggering of convection, we focus on the initiation time of
the first convective cells in each experiment individually (see Fig. 3.9 caption for details). The
EnKF ensemble provides an accurate representation of the low-level convergence, shown as a
large region with mostly convergent members overlapped with incipient precipitation values.

  a) NOA00 b) EnKF00

  c)                            NOA00+06 d) EnKF06

Figure 3.8: Ensemble mean equivalent potential temperature (K, shaded) and the wind field
(m s−1, vectors) at 925 hPa for the experiments NOA (a and c) and EnKF (b and d). Upper
(lower) panels show 00 (06) UTC fields. The red contour in panel (d) highlights the convergence
zone discussed in the text.

With time, these convective systems grow and move northeast, towards Mallorca. On the
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contrary, both the NOA00 and NOA06 show only a marginal number of convergent areas within
the ensemble around the initiation region (Fig. 3.9). Indeed, a comparison of the low-level con-
vergence fields at the corresponding simulated initiation times among the experiments clearly
reveal the origin of the differences between the PoS fields rendered by the three ensembles (Fig.
3.10).

 a)  b)

 C)

Figure 3.9: Probability of divergence (solid line) and convergence (dotted line), and 1h ac-
cumulated mean precipitation fields at the MCS3 initiation time for (a) NOA00 experiment
at 0400 UTC; b) NOA06 experiment at 0800 UTC and c) EnKF experiment at 0700 UTC).
Only the largest convergence or divergence probabilities are plotted in each grid point. Abso-
lute values of divergence below -5 10−3 are not accounted for in the probability calculations.
Probabilities are plotted in 0.1 intervals.

Therefore, the assimilation of available observational data during the first six hours of 4th
October does not have a significant impact on the simulated thermodynamical environment of
the westernmost Western Mediterranean, but the EnKF system accurately represents the loca-
tion and time of the low-level convergence zone responsible for the initiation of the convective
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 a)  b)

Figure 3.10: Difference in probability of convergence between EnKF and a) NOA00 ; b) NOA06
at the corresponding simulated initiation time.

system that later evolved to the northeast in the highly convectively unstable and high shear
environment, ultimately acquiring the linear shape and severe intensity.

Experiments METARS MARINE ACARS RAWIN

EnKF 1 1 1 1

EnKF73h 1 1 1 1

NOA00 0 0 0 0

NOA06 0 0 0 0

UPP 0 0 1 1

SFC 1 1 0 0

NM 1 0 1 1

M 0 1 0 0

NWM 1?(except?wind?metars) 1 1 1

ACARS 0 0 1 0

TABLE?3.?Configuration?of?the??experiments?performed

Table 3.3: Observation type assimilated in each experiment performed.

3.4.3 PoS Verification
A quantitative verification of the PoS field allows to synthetically determine the impact of the
assimilation of observations. We use lightning data as a reliable proxy for severe weather, with
the notable advantage of being spatially homogeneous and cover maritime zones. As the goal
of this analyses is to verify a probabilistic field, we employ kernel density estimation (KDE,
Bowman and Azzalini [1997]), which estimates the probability density function of the lightning
(e.g. severe) location random variable from the collection of available samples (i.e. lightning
locations, (Fig. 3.2a)). The kernel function implemented for each lightning detection is a
2D-Gaussian with a bandwidth h = σ. The bandwith quantifies the uncertainty scale of the
occurrence of the lightning, and is set to h = 17 km, which is within the meso β scale [Fujita,
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1981], typical lenght scale for convective cells. Making use of the additive law of probability
to sum up the contribution of each lightning record, we compute the integrated 06-18 UTC
probability density function of lightning (PoL). The skill of the various PoS fields (see Table
3.3), is verified against PoL by means of areas under ROC curves (AUC, [Stanski et al., 1989]
and [Schwartz et al., 2010]). False alarm rates (FAR) for all probability forecast thresholds are
remarkably low, due to the high density of lightnings recorded for these event (Fig. 3.2a) and
the common bias to underpredict severe convective activity in all three experiments. However,
EnKF Hit Rates (HR) are superior to the NOA00 and NOA06, yielding larger AUC values (Fig.
3.11a). EnKF shows HR near 0.5 for predictions of notable probabilities of severe (PoS>10%),
which is remarkably high for the prediction of extremes. NOA06 and NOA00 render lower HR,
with NOA06 producing a better PoS field due to a slightly better handling of the convergence
line over the Alboran Sea responsible for the initiation of the convective systems. These results
quantify the added value of assimilating conventional observations for the prediction of maritime
severe convective systems near coastal areas, and encourage analysing further the causes of such
definite improvement.

Figure 3.11: PoS 06-18 UTC ROC curves and their corresponding AUCs for a) primary exper-
iments ; b) sensitivity experiments.

3.5 Attribution to observation type and frequency
Given the positive impact observations have in the simulation of the dynamical context in which
the convection initiated, we explore the role of changing the frequency of assimilations, as well
as the role of various observation types in that gain (see Table 3.3 for a list of experiments). In
order to better analyse the transition from no assimilation to 1-hourly updates, we perform an
intermediate experiment in which observations are ingested at 3 h intervals (namely 00, 03 and
06 UTC, EnKF-3h), using a ± 30 minute assimilation window (Fig. 3.6d). PoS values have
been reduced from 60-70% to 40-50% over Mallorca Island, and from 30-40% to 0-10% over
Eivissa Island. PoS around the initiation area of the thunderstorm, offshore Murcia, has also
been reduced significantly. These changes cannot be attributed to a significant modification of
the environmental energetics when 1h (Fig. 3.7c) updates are used compared to 3h (Fig. 3.7d)
or lower frequencies. The probability of adequate CAPE and CIN values for deep convection
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is not notably changed, reflecting the low temporal variability of these thermodynamical fields
at the resolved scales. Allegedly, differences between EnKF and EnKF-3h PoS are again at-
tributable to the low-level convergence area responsible for the triggering of the thunderstorm.
The positive impact of 1 hour updates in the assimilation cycle with respect to the 3-hourly
strategy is shown in terms of AUC values (Fig. 3.11b). These results reveal the smooth tran-
sition in the forecast fields as observational information is gradually added to the system.

Regarding the role of observations types, a first experiment (UPP), in which upper-level
observations are assimilated, i.e. radiosonde and ACAR measurements (775 in total), is per-
formed. This experiment contains only information from surface observations contained already
in the ECMWF EPS system at 00 UTC and, in a strict sense, also through the boundary condi-
tions. The second experiment SFC is the complementary, in which only surface measurements
(a total of 3084 between METAR and marine) are assimilated over the 6h interval. Given the
high sensitivity of the predictability of this event to the accurate representation of the local
low-level mesoscale flows, the results from these experiments confirm the higher influence of
surface over upper-air observations on the prediction improvement obtained for the EnKF with
respect to the non assimilating NOA00 and NOA06 experiments. This notable improvement
is not necessarily attributable to the higher number of surface observations compared to the
upper-air, but to the relevance of the information they provide, which is essential to adequately
represent the low-level flow near the convective initiation area. The degradation in PoS ob-
tained by the UPP experiment is not only evident over the initiation area but all along the
squall line path (Fig. 3.12).

 a)  b)

Figure 3.12: As in Fig.6, but for a) UPP and b) SFC experiments.

Conversely, not assimilating upper air measurements, as done in the SFC experiment, has
only marginal effects on the distribution of PoS across the threatened area, not modifying
significantly the detection of the severe threat. Again, when tracking these differences back
to the physical ingredients, a remarkable disagreement is found in the probability of low-level
divergence field during the first hours of the day simulated by UPP and SFC (Fig. 3.13). The
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assimilation of upper-level data alone does not render the large area of probable convergence
south of the Balearics and along the Moroccan coast, which is clearly attributable to the surface
observations. However, it is noteworthy that the impact of assimilating surface data, calculated
as the difference between EnKF and UPP, (Fig. 3.13a), generates a nuclei of convergence
offshore the Moroccan coast just east of the Greenwich meridian, which enhances the probability
of initiation over that area in the full EnKF experiment. On the contrary, the impact of
assimilating upper-air measures is negligible (Fig. 3.13b).

 a)  b)

Figure 3.13: Difference in probability of convergence between EnKF and a) UPP (e.g. effect of
surface observations); b) SFC (e.g. effect of upper air observations).

The large influence of surface observations is in good agreement with the hypothesized con-
ceptual model of information being advected from observed regions towards data-void areas. In
order to confirm this, we study the distinct effect observations over land and over sea have on
the prediction of severe threat. We apply the factors separation technique [Stein and Alpert,
1993] to determine quantitatively the influence of maritime (M) and terrestrial (NM) observa-
tions have on the PoS field (Table 3.3), with the additional benefit of isolating the synergistic
effect of both factors on the predictand field. The technique requires 2n simulations, with n
the number of factors, which we set to 2: measurements over land and measurements over sea.
Once the calculations to isolate each effect are performed, we find that the effect of terrestrial
observations is positive in terms of highlighting the severe threat along the observed path of
the most active convective cells for the day, and specially the squall line. Land observations
contribute specially at intensifying probabilities near the initiation area, southwest of the West-
ern Mediterranean and across an elongated area to the north, that covers the Balearic Islands
(Fig. 3.14). The maritime contribution is much weaker but also contributes to increase the
chances of severe phenomena near the observed initiation area and over an area north of the
Balearic Islands. The quantitative verification confirms this with AUC values of 0.67 and 0.57
for land and marine observations (Fig. 3.11b). The effects attributable to the simultaneous use
of both measurement types are also interesting, with a general shift of the larger probabilities
towards the west, specially at the southern tip of the area under severe weather threat, offshore
the Moroccan coast. A common result when applying the factor separation technique is the
cancellation of particular features exhibited by the factors or their synergism. In this case, the
EnKF does not show significant probabilities of severity for the convective system over south-
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ern France, because the positive contribution of the synergism over the area is canceled by the
isolated contribution of maritime measurements.

Surface measurements emerge as relevant sources of valuable information to improve the
low-level analyses, including the convergent flow, the simulated convective initiation and the
further prediction of the PoS. Brousseau et al. [2014], concluded that assimilation of surface-
wind was very valuable for the analyses of low-level wind.

 a) E_LAND  b) E_MAR

 c) E_SYN

Effect on Probability (%)

Figure 3.14: Effect on the probability of severe in the period 06-18 UTC attributable to (a)
land, (b) maritime observations and (c) their synergism.

Following their results we performed an experiment excluding wind parameters fromMETARs
(NWM, (see Table 3.3)) in the assimilation. This experiment allows to derive the impact of
wind-METAR observations on the PoS field (Fig. 3.15). Results clearly highlight the positive
contribution of wind-METARs over the PoS field, specially along the path followed by the
squall line and prominently over the island of Mallorca. Indeed, this notable positive effect is
clearly reflected in the AUC (0.69 for EnKF against 0.59 for NWM, (Fig. 3.11b)).
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3.6 Discussions and Conclusions
This chapter shows the potential of assimilating conventional observations over the Western
Mediterranean Sea using an ensemble Kalman filter technique and test its potential to advect
meteorological information from areas with good coverage to areas with lack of observations. In
order to explore the benefits of assimilating observations on the predictability of Mediterranean
severe weather, we study the squall line that affected Mallorca on 4th October 2007 using an
EnKF and basic ensemble generation techniques.

Probabilistic forecasts of severe threat show that EnKF experiments better depict the ob-
served path of the squall line and the high probabilities of severe weather over Mallorca, in
agreement with observations and AEMET reports. This experiment renders high values of PoS
over the Alboran Sea, where the initiation of the convective systems that later on organized
as a squall line, was observed. Most ensemble members show intense convective activity over
this area and their posterior evolution towards the northeast, sweeping across Mallorca. On
the contrary, NOA00 and NOA06 members, do not exhibit such valuable prediction. Only few
members depict some convective activity over the Alboran Sea and most often, the simulated
thunderstorm path-evolution is shifted westward or evolves in an unrealistic way.

Figure 3.15: Effect on the probability of severe in the period 06-18 UTC for wind-METAR
observations.

Discrepancies between experiments can be linked to the environments simulated by each en-
semble. All three ensembles reproduce analogous thermodynamical environments which favour
the actual initiation and sustainment of convection and the later organization into a squall line
with high low-level shear and conditional instability values. It is shown that EnKF experiment
does not have a relevant impact on the simulated thermodynamical environment. In agreement
with Cohuet et al. [2011], we focus the analyses on the low-level divergence field as the key
triggering mechanism for the thunderstorm. Only the cycling assimilation EnKF experiment
predicts an appreciable zone of convergence over the Alboran Sea, with no discernible signal of
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it in the NOA00 or NOA06 results. This represents the most explicit evidence of the benefits
of assimilating new information sources in the numerical prediction system when dealing with
convective activity over maritime data-void regions. Unquestionably, the guidance to stake-
holders and civil protection managers would had been much more effective and valuable with
the EnKF results than with the NOA00 and NOA06 experiments.

With the aim of associating these forecast improvements to the type of observations (vertical
profile and surface) assimilated, additional sensitivity experiments were performed. Assimilat-
ing only surface observations suffices to provide the key dynamical aspects that configure the
low-level flow and its convergence over the right position. On the other hand, when only verti-
cal profiles are ingested, the ensemble does not provide a dependable description of the severe
threat for the episode. To extend these interesting sensitivity experiments and with the pur-
pose of identifying which type of observations contribute the most to this improvement, an
extra experiment was performed. Results attribute to the METAR-wind observations the most
valuable source of assimilated information to represent the convergence zone and the severe
convective environment.

Regarding the individual effect of terrestrial and maritime observations, we applied the fac-
tors separation technique to isolate not only the influence of the individual effects but also their
synergy. Also, we quantify the impact of the assimilation update frequency, concluding that
hourly updates of conventional observations still contribute significantly to the probabilistic
forecasts of severe weather.

These numerical results confirm the hypothesized conceptual model of observational infor-
mation from surface stations over land being transported and disseminated towards less densely
observed maritime bodies. These results point the way for a significant improvement in the
forecast of hazardous weather episodes in coast lands frequently affected by convective systems
of maritime origin. This is specially relevant in densely populated regions such as the Mediter-
ranean, highly vulnerable to heavy precipitation and intense winds. The ability of cycling data
assimilation methods to transport information from relatively well instrumented areas towards
maritime regions set the fundamental motivation for the experiments presented in this chapter
as not only improves the prediction, as unequivocally shown, but it allegedly can help advance
in better distilling and optimizing the use of the massive amount of data collected by satellites
over the sea. The combined use of both standard and satellite observations, and the analyses
of their impact on the predictability of Mediterranean high-impact weather events remain as
the next future challenge to be faced.
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Chapter 4

Value of conventional data
assimilation: PART II1

This chapter is mainly intended to assess the potential value of assimilating conventional obser-
vations using the EnKF to improve flash flood predictability over deep and densely urbanized
coastal catchments as a support tool for early warning and mitigation strategies. On 12 Octo-
ber 2012, several flash floods with devastating impacts in terms of human, social and economic
losses, affected the Valencia region (eastern Spain). The predictability of this kind of events is
highly correlated with quantitative precipitation forecast values computed by numerical mete-
orological models used as input data in hydrometeorological forecasting systems.

Three short-range ensemble prediction strategies were used to evaluate the impact of the
corresponding quantitative precipitation forecast values in the predictability of this flash flood
event. These ensemble strategies accounts for 1) initial and boundary conditions uncertainties,
2) physical parameterizations and 3) a combination of 1) and 2) using the EnKF to represent
key mesoscale uncertainties from both initial conditions and subscale processes.

Results from this study will contribute to the identification of the most relevant source of
uncertainty to take into account in the generation of ensemble strategies to better predict flash
flood situations over small catchments.

4.1 Introduction
Flash floods are among the most devastating natural hazards in terms of human, social and
economic losses. These extreme events can happen extraordinarily rapidly, and the response
time for any preventine measure ought to be short. One major scientific challenge of the
international Hydrological Cycle in the Mediterranean Experiment (HyMeX; www.hymex.org)
program is to improve the understanding of hydrometeorological extremes in the Mediterranean
[Drobinski et al., 2014]. The Spanish Mediterranean is a flash flood-prone region during late
summer and early autumn as high precipitation rates persist for several hours over individual

1The content of this chapter is based on the paper Amengual, A., Carrió, D. S, Ravazzani, G. and Homar,
V., 2017: A Comparison of Ensemble Strategies for Flash Flood Forecasting: The 12 October 2007 Case Study
in Valencia, Spain. J. Hydrometeor. , vol. 18,p. 1143-1166.
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basins. This persistence is often associated with prominent orography that anchors quasi-
stationary mesoscale convective systems (MSCs; Doswell III et al. [1996]; Kolios and Feidas
[2010]). Furthermore, the particular geographical settings of this semiarid region, with many
small- to medium-sized deep and densely urbainzed coastal catchments, further reduce the
hydrological response times and increase flood risks. In addition, most of these rivers are often
dry during the warm season, exacerbating unexpected and extensive flood damage (Belmonte
and Beltrán [2001];Amengual et al. [2007, 2015]).

The 12 October 2007 flash flood in Valencia, eastern Spain, is a paradigmatic example
of the hazardous consequences of rapid flow increases. That day, the central-eastern part of
Valencia was impacted by long-lasting convective rainfall that affected most of its internal
catchments, resulting in serious material and human damages. Specifically, we focus on the
Serpis River basin, which is small in size and responds quickly to extreme rainfall events (Figures
4.1 and 4.2). Our first objective is to examine the hydrological response of this semiarid and
karstic basin to intense precipitation and, in particular, to the 12 October 2007 flash flood.
Persistent low antecedent soil water contents and high soil moisture capacities are characteristic
of Mediterranean Spain at the end of the warm season. Additional hydrological uncertainties
arise as heavy rainfalls and large precipitation amounts over karstic areas result in a highly
nonlinear rainfall-runoff transformation [Borga et al., 2007].

relatively sparsely observed maritime areas (Carrió and
Homar 2016). Both aspects pose serious challenges to
forecasters in the region.
The distribution of plausible atmospheric states, rep-

resented by SREPSs, are used to build hydrological en-
semble prediction systems (HEPSs) in order to convey
these external-scale uncertainties down to the hydrolog-
ical system. That is, the inclusion of independent in-
formation from a distribution of atmospheric scenarios
aims at increasing the skill of HEPSs. However, the
identification of the most suitable methods for generating
HEPSs and the quantification of their added value are still
under investigation (Cloke and Pappenberger 2009; see
special issue of Hydrological Processes, 2013, Vol. 27, No.
1). The second objective of this study is to evaluate the
predictive skill of three distinct ensemble generation strat-
egies for the 12 October 2007 flash flood. To this end, we
build ensembles for short-range flash flood forecasting
purposes based on perturbed ICs/LBCs (PILB), multiple
physical schemes (MPS), and EnKF ensemble techniques.
The experiments not only shed light on the most relevant
sources of uncertainty in hydrometeorological modeling,
but also contribute to the discussion about the optimal de-
sign of HEPSs in small-sized Mediterranean river basins
affected by heavy rainfall conductive to flash floods.
The rest of the paper is structured as follows. Section 2

consists of a brief description of the study area and the
observational networks. Section 3 presents the hydro-
meteorological episode. The description of the PILB,
MPS, and EnKF ensembles is provided in section 4. The
hydrological tools and the basin characterization are de-
scribed in section 5. Results are discussed in section 6, and
the final section summarizes the main conclusions and
provides further remarks.

2. The study area and databases

a. Overview of the Serpis River basin

The Serpis River basin is one of the Mediterranean
catchments managed by the Confederación Hi-
drográfica del Júcar (CHJ) demarcation (Figs. 1, 2).
CHJ administers an extension of 42 851 km2 over east-
central Spain and comprises most of the Spanish cen-
tral rivers that flow into the Mediterranean Sea, with
Júcar being the most important. The Serpis River basin
has an extension of 802.6 km2 and a length of 74.5 km at
the basin outlet in the city of Gandia. The catchment
extends from the northeasternmost part of the Baetic
system, then flows northeasterly through a set of narrow
gullies toward the coastal plain of Gandia to finally end
in the Mediterranean. Maximum heights are roughly
1450m in the headwaters and then pass through a height
transition until 300–700m in the middle basin (Fig. 2).
The upper and middle catchment is principally formed
by karstified limestone and marls. The lower basin is
formed by carbonate strata and by alluvial quaternary
deposits at the river mouth (Delgado et al. 2006). The
number of inhabitants in the basin is nearly 230000.Alcoi
and Gandia are the main urban areas, with more than
60000 and 75 000 inhabitants, respectively. Main land
uses are forest (48.8%), agricultural (47.1%), and urban
(3.2%).
The Valencia region has a semiarid Mediterranean

climate with an average annual precipitation ranging
from 300 to above 1000mm. Seasonal rainfall distri-
bution is typical of a Mediterranean region, with a
period of summer drought and wet periods mainly in
autumn and spring. Summer and autumn episodic
heavy rainfalls can account for a very large fraction of

FIG. 1. Configuration of the computational domain used for theWRF numerical simulations.
Main geographical features mentioned in the text are shown. The thick continuous black line
shows the CHJ region where the Serpis River basin is located (highlighted in shaded gray).
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Figure 4.1: Configuration of the computational domain used for the WRF numerical simula-
tions. Main geographical features mentioned in the text are shown. The thick continuous black
line shows the CHJ region where the Serpis River basin is located (highlighted in shaded gray).

Hydrological forecasting systems based only on rainfall observations do not provide fore-
casts with sufficient lead time to take effective precautionary civil protection measures. The
use of quantitative precipitation forecasts (QPFs) by short-range and high-resolution numerical
weather prediction (NWP) models is a primary tool to further extend the hydrometeorolog-
ical forecasting lead times beyond the watershed response times. Nowadays, state-of-the-art
convection-permitting NWP models realistically capture the initiation and intensification of
convectively driven rainfalls with similar spatial and temporal scales to the flash flood-prone
catchments. QPFs can be directly used to drive rainfall-runoff models without the need to
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implement additional downscaling procedures [Verbunt et al., 2007, Amengual et al., 2008,
Vincendon et al., 2011, Addor et al., 2011].

However, the accurate numerical prediction of deep moist convective phenomena is challeng-
ing owing to the imperfect representation of several atmospheric processes leading to extreme
precipitation rates: convection, planetary boundary layer (PBL), land physics, and moist mi-
crophysical processes [Stensrud et al., 2000, Jankov et al., 2005, Amengual et al., 2008, Tapiador
et al., 2012]. Not only is the parameterization of physical processes inexact, but any misrep-
resentation of the atmospheric state across the relevant scales strongly penalizes the quality of
the forecasts in such nonlinear systems [Toth and Kalnay, 1993, Mullen and Baumhefner, 1988,
Houtekamer and Derome, 1995, Du et al., 1997]. Indeed, errors of any origin can grow rapidly
during the quantitative precipitation forecasting and steer towards misleading predictions, es-
pecially when fast-growing modes, such as those leading mesoscale convective developments,
are dominant for the predicted field. Therefore, QPF is highly sensitive to errors in the initial
conditions (ICs), lateral boundary conditions (LBCs), and model physical parameterizations.

the annual amounts (Romero et al. 1998; Pastor et al.
2010). The Serpis River basin is located in one of the
rainiest regions in Valencia, with average annual pre-
cipitation ranging from 700 to 900mm, owing to its
particular geographical setting. The catchment is situ-
ated between the Baetic mountain ranges, which are
oriented from southwest to northeast, and the south-
east to northwest coastline (Fig. 1). The east to north-
east facing of the basin produces an efficient rainfall
response to the entrance of easterly and northeasterly
moist flows, mainly associated with subsynoptic-scale
rain-bearing Mediterranean cyclones. These episodes
bring very copious and convectively driven rainfall.
The flow regime of the Serpis catchment is typical of
the semiarid Mediterranean Spain, passing from large
periods of very low flows to sporadic flash floods. Being
aware of this highly irregular river regime, the CHJ
hydraulic division built a reservoir with a capacity of
27.0 cubic hectometers (hm3) for water supply and
flood control purposes at Beniarrés town, located in the
middle of the watershed (Fig. 2).

b. Meteorological and hydrological data

We analyze data from 156 automatic rain gauges, be-
longing either to the Automatic Hydrologic Information

System (SAIH) network of the CHJ or to the Spanish
Agency of Meteorology [Agencia Estatal de Meteor-
ología (AEMET)]. These stations provide 5-min ac-
cumulations and cover the entire CHJ (Fig. 2), and 40
of them lie within the Serpis River basin or near its
close vicinity. Series of 2-m temperature from 12 ad-
ditional automatic ground stations of the AEMET
network are used as well. Raw runoff data at 5min
intervals are also available for three flow gauges lo-
cated along the catchment. These stream gauges are
integrated in the SAIH network and are deployed 1) at
Rótova city, in the Vernissa affluent (labeled as Ver-
nissa by the CHJ); 2) just upstream of the Beniarrés
reservoir (Beniarrés); and 3) at Assut d’en Carrós
close to Villalonga town (Carrós) in the Serpis River.
Their respective drainage areas are 113.0, 505.3, and
594.2 km2 (Fig. 2).

3. Description of the 11–12 October 2007
hydrometeorological episode

During 9–10 October 2007, an Atlantic upper-level
closed low was displaced from northwestern France and
south of the British Islands toward the western Medi-
terranean, moving over the eastern Iberian Peninsula on

FIG. 2. At the upper left, a distribution of the rain gauges from the SAIH (131 stations) of
the CHJ and AEMET (25 stations). It includes a total of 156 automatic rainfall stations
distributed over an area of 45 000 km2. The Serpis River basin is highlighted in shaded dark
gray. At the lower right, a digital terrain model of the Serpis River basin with a cell size
of 200m. Main tributaries, stream gauges, and the reservoir are shown. Also included are
locations mentioned in the text.
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Figure 4.2: At the upper left, a distribution of the rain gauges from the SAIH (131 stations)
of athe CHJ and AEMET (25 stations). It includes a total of 156 automatic rainfall stations
distributed over an area of 45 000 km2. The Serpis River basin is highlighted in shaded dark
gray. At the lower right, a digital terrain model of the Serpis River basin with a cell size of 200
m. Main tributaries, stream gauges, and the reservoir are shown. Also included are locations
mentioned in the text.

Short-range ensemble prediction systems (SREPSs) aim at forecasting the probability of
weather extreme with accuracy, reliability, and precision. Uncertainties in the representation
of the atmospheric state are most often encompassed by running NWP models with perturbed
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ICs/LBCs [Buizza, 2003, Grimit and Mass, 2007]. Similarly, the subspace of physical pa-
rameterization uncertainties is explored by running combinations of subgrid schemes, usually
considered equally skillful. Short-range QPFs can also be improved by applying data assimila-
tion (DA) techniques [Kistler et al., 2001, Uppala et al., 2005]. DA algorithms aim to determine
the atmospheric state and associated uncertainties by coupling model forecast information with
multiple sources of observations and their respective errors. The ensemble Kalman filter (EnKF)
is an ensemble DA approach to nonlinear Kalman filtering based on Monte Carlo techniques
[Evensen, 2003, Gillijns et al., 2006], which has been shown to improve the sampling of the
IC error space in both meso- and storm-scale ensemble data assimilation systems [Snyder and
Zhang, 2003, Zhang et al., 2004, Dowell et al., 2004, Tanamachi et al., 2013, Marquis et al.,
2014, Sippel et al., 2013b]. The EnKF has an unquestionable potential to produce valuable
hydrometeorological predictions in Mediterranean Spain, as it combines the skill for an appro-
priate mesoscale ensemble generation strategy and the transference of information from land
regions toward relatively sparsely observed maritime areas [Carrió and Homar, 2016]. Both
aspects pose serious challenges to forecasters in the region.

The distribution of plausible atmospheric states, represented by SREPSs, are used to build
hydrological ensemble prediction systems (HEPSs) in order to convey these external-scale un-
certainties down to the hydrological system. That is, the inclusion of independent information
from a distribution of atmospheric scenarios aims at increasing the skill of HEPSs. However,
the identification of the most suitable methods for generating HEPSs and the quantification of
their added value are still under investigation (Cloke and Pappenberger [2009]; see special issue
of Hydrological Processes, 2013, Vol. 27, No. 1). The second objective of this study is to evalu-
ate the predictive skill of three distinct ensemble generation strategies for the 12 October 2007
flash flood. To this end, we build ensembles for short-range flash flood forecasting purposes
based on perturbed ICs/LBCs (PILB), multiple physical schemes (MPS), and EnKF ensemble
techniques. The experiments not only shed light on the most relevant sources of uncertainty in
hydrometeorological modeling, but also contribute to the discussion about the optimal design
of HEPSs in small-sized Mediterranean river basins affected by heavy rainfall conductive to
flash floods.

4.2 The Study Area and Databases

4.2.1 The Serpis River Basin
The Serpis River basin is one of the Mediterranean catchments managed by the Confederación
Hidrográfica del Júcar (CHJ) demarcation (Figures 4.1 and 4.2). CHJ administers an exten-
sion of 42 851 km2 over eastcentral Spain and comprises most of the Spanish central rivers
that flow into the Mediterranean Sea, with Júcar being the most important. The Serpis River
basin has an extension of 802.6 km2 and a length of 74.5 km at the basin outlet in the city of
Gandia. The catchment extends from the northeasternmost part of the Baetic system, then
flows northeasterly through a set of narrow gullies toward the coastal plain of Gandia to finally
end in the Mediterranean. Maximum heights are roughly 1450 m in the headwaters and then
pass through a height transition until 300–700 m in the middle basin (Fig. 4.2). The upper
and middle catchment is principally formed by karstified limestone and marls. The lower basin
is formed by carbonate strata and by alluvial quaternary deposits at the river mouth [Delgado
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et al., 2006]. The number of inhabitants in the basin is nearly 230 000. Alcoi and Gandia are
the main urban areas, with more than 60 000 and 75 000 inhabitants, respectively. Main land
uses are forest (48.8%), agricultural (47.1%), and urban (3.2%).

The Valencia region has a semiarid Mediterranean climate with an average annual pre-
cipitation ranging from 300 to above 1000mm. Seasonal rainfall distribution is typical of a
Mediterranean region, with a period of summer drought and wet periods mainly in autumn
and spring. Summer and autumn episodic heavy rainfalls can account for a very large fraction
of the annual amounts [Romero et al., 1998a, Pastor et al., 2010]. The Serpis River basin is
located in one of the rainiest regions in Valencia, with average annual precipitation ranging
from 700 to 900mm, owing to its particular geographical setting. The catchment is situated
between the Baetic mountain ranges, which are oriented from southwest to northeast, and the
southeast to northwest coastline (Fig. 4.1). The east to northeast facing of the basin produces
an efficient rainfall response to the entrance of easterly and northeasterly moist flows, mainly
associated with subsynoptic-scale rain-bearing Mediterranean cyclones. These episodes bring
very copious and convectively driven rainfall. The flow regime of the Serpis catchment is typical
of the semiarid Mediterranean Spain, passing from large periods of very low flows to sporadic
flash floods. Being aware of this highly irregular river regime, the CHJ hydraulic division built
a reservoir with a capacity of 27.0 cubic hectometers (hm3) for water supply and flood control
purposes at Beniarrés town, located in the middle of the watershed (Fig. 4.2).

4.2.2 Meteorological and Hydrological Data
We analyze data from 156 automatic rain gauges, belonging either to the Automatic Hydrologic
Information System (SAIH) network of the CHJ or to the Spanish Agency of Meteorology
[Agencia Estatal de Meteorología (AEMET)]. These stations provide 5-min accumulations and
cover the entire CHJ (Fig. 4.2), and 40 of them lie within the Serpis River basin or near
its close vicinity. Series of 2-m temperature from 12 additional automatic ground stations of
the AEMET network are used as well. Raw runoff data at 5min intervals are also available
for three flow gauges located along the catchment. These stream gauges are integrated in the
SAIH network and are deployed 1) at Rótova city, in the Vernissa affluent (labeled as Vernissa
by the CHJ); 2) just upstream of the Beniarrés reservoir (Beniarrés); and 3) at Assut d’en
Carrós close to Villalonga town (Carrós) in the Serpis River. Their respective drainage areas
are 113.0, 505.3, and 594.2 km2 (Fig. 4.2).

4.3 Description of the Hydrometeorological Episode
During 9–10 October 2007, an Atlantic upper-level closed low was displaced from northwest-
ern France and south of the British Islands toward the western Mediterranean, moving over
the eastern Iberian Peninsula on 11 October. At the surface, a strong anticyclone remained
stationary across western and northern Europe on 11 October, resulting in an easterly flow
advection from central-eastern Europe to the western Mediterranean for the next 2 days (Fig.
4.3). The sensible and latent heat fluxes from the relatively warm sea surface of the Mediter-
ranean Sea increased the convective available potential energy (CAPE) of this overlying air
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mass. Together with the intrusion of high lapse rates in the lower to mid-troposphere, the
intense air–sea moisture exchanges, the low-level flow channeling, and uplift from the complex
orography and the land–sea contrasts promoted the conditional instability of the air and its
elevation above the lifting condensation and free convection levels, resulting in the triggering
of deep moist convective activity. Observed 42-h accumulated precipitation (from 0000 UTC
11 October to 1800 UTC 12 October), exceeded 400 mm in two rain gauges, 300 mm in three
additional stations, and 200 mm in seven additional ones. The most intense rates were recorded
during the early morning of 12 October, with hourly accumulations surpassing 90 mm (Fig.
4.4a). More details about this episode can be found in Pastor et al. [2010], including surface and
satellite measurements and NWP model simulations highlighting the importance of orography
as the triggering mechanism for the development of the quasi-stationary convective systems.

11 October. At the surface, a strong anticyclone re-
mained stationary across western and northern Europe
on 11 October, resulting in an easterly flow advection
from central-eastern Europe to the western Mediterra-
nean for the next 2 days (Fig. 3). The sensible and latent
heat fluxes from the relatively warm sea surface of the
Mediterranean Sea increased the convective available
potential energy (CAPE) of this overlying air mass.
Together with the intrusion of high lapse rates in the
lower to midtroposphere, the intense air–sea moisture
exchanges, the low-level flow channeling, and uplift
from the complex orography and the land–sea contrasts
promoted the conditional instability of the air and its
elevation above the lifting condensation and free convec-
tion levels, resulting in the triggering of deep moist con-
vective activity. Observed 42-h accumulated precipitation
(from 0000 UTC 11 October to 1800 UTC 12 October),
exceeded 400mm in two rain gauges, 300mm in three
additional stations, and 200mm in seven additional ones.
The most intense rates were recorded during the early
morning of 12 October, with hourly accumulations sur-
passing 90mm (Fig. 4a). More details about this episode
can be found in Pastor et al. (2010), including surface and

satellite measurements and NWP model simulations
highlighting the importance of orography as the trigger-
ing mechanism for the development of the quasi-
stationary convective systems.
Subsequent flooding from the torrential precipitation

resulted in one fatality, 40 people rescued, and 243 evacu-
ated, in addition to 1200 damaged dwellings and the
collapse of several bridges. Economic losses were es-
timated at over EUR 100 million. Regarding the Serpis
River basin, 42-h rainfall accumulations reached
330mm over the northernmost part and the areal-
averaged accumulation was close to 200mm (Table 1;
Fig. 4a). At Vernissa, two almost consecutive maxi-
mum discharges of 206.9 and 314.4m3 s21 were re-
corded at 0700 and 1000 UTC 12 October, with times to
peak of 2 and 5 h, respectively (Fig. 5a). The very steep
slopes of the rising limbs denote the extraordinary in-
crease of the discharge rates. At Beniarrés and Carrós,
peak flows at 1400 UTC 12 October were 255.9 and
201.4m3 s21, respectively (Figs. 5b,c). Thus, the peak
discharge at Beniarrés was significantly abated by the
reservoir prior to its downstream propagation. Note the
remarkable magnitude of the flash flood at Vernissa,
where the peak discharge for a 25-yr return period Qp25

is 167m3 s21 (MAGRAMA 2011).

4. Meteorological tools

Atmospheric numerical simulations for this event are
produced with the Weather Research and Forecasting
(WRF) Model, version 3.4 (Skamarock et al. 2008). We
define a single computational domain of 767 3 575 grid
points centered in the western Mediterranean and span-
ning the entire Mediterranean Spanish coast (Fig. 1). A
horizontal resolution of 2.5km, 50 vertical levels, and an
integration time step of 12 s is used in all WRF runs,
which allow for deep moist convective systems with a
relevant entity to be explicitly resolved (Weisman et al.
1997; Bryan et al. 2003; Roberts and Lean 2008; Zheng
et al. 2016).WRF forecasts span over 42h, from 0000UTC
11 October to 1800 UTC 12 October 2007. This time pe-
riod encompasses the initiation phase and the mature
evolution of the convective systems for this episode. Fi-
nally, hourly QPF outputs from the experimental atmo-
spheric ensembles force the Flash-Flood Event–Based
Spatially Distributed Rainfall–Runoff Transformation–
Water Balance (FEST-WB) model, resulting in the cor-
responding experimental HEPSs examined here.

a. PILB experiment

The operational European Centre for Medium-
Range Weather Forecasts ensemble prediction sys-
tem (ECMWF-EPS) aims at sampling the distribution

FIG. 3. ECMWF analysis at 0000 UTC 12 Oct 2007:
(a) geopotential height (gpm; solid) and temperature (8C; dashed)
at 500 hPa and (b) mean sea level pressure (hPa; solid) and tem-
perature (8C; dashed) at 925 hPa.
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reservoir prior to its downstream propagation. Note the
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where the peak discharge for a 25-yr return period Qp25
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produced with the Weather Research and Forecasting
(WRF) Model, version 3.4 (Skamarock et al. 2008). We
define a single computational domain of 767 3 575 grid
points centered in the western Mediterranean and span-
ning the entire Mediterranean Spanish coast (Fig. 1). A
horizontal resolution of 2.5km, 50 vertical levels, and an
integration time step of 12 s is used in all WRF runs,
which allow for deep moist convective systems with a
relevant entity to be explicitly resolved (Weisman et al.
1997; Bryan et al. 2003; Roberts and Lean 2008; Zheng
et al. 2016).WRF forecasts span over 42h, from 0000UTC
11 October to 1800 UTC 12 October 2007. This time pe-
riod encompasses the initiation phase and the mature
evolution of the convective systems for this episode. Fi-
nally, hourly QPF outputs from the experimental atmo-
spheric ensembles force the Flash-Flood Event–Based
Spatially Distributed Rainfall–Runoff Transformation–
Water Balance (FEST-WB) model, resulting in the cor-
responding experimental HEPSs examined here.

a. PILB experiment

The operational European Centre for Medium-
Range Weather Forecasts ensemble prediction sys-
tem (ECMWF-EPS) aims at sampling the distribution
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Figure 4.3: ECMWF analysis at 0000 UTC 12 Oct 2007: (a) geopotential height (gpm; solid)
and temperature (°C; dashed) at 500 hPa and (b) mean sea level pressure (hPa; solid) and
temperature (°C; dashed) at 925 hPa.

Subsequent flooding from the torrential precipitation resulted in one fatality, 40 people
rescued, and 243 evacuated, in addition to 1200 damaged dwellings and the collapse of several
bridges. Economic losses were estimated at over EUR 100 million. Regarding the Serpis River

118



basin, 42-h rainfall accumulations reached 330 mm over the northernmost part and the areal-
averaged accumulation was close to 200 mm (Fig. 4.4a). At Vernissa, two almost consecutive
maximum discharges of 206.9 and 314.4 m3 s−1 were recorded at 0700 and 1000 UTC 12
October, with times to peak of 2 and 5 h, respectively (Fig. 4.5a). The very steep slopes of
the rising limbs denote the extraordinary increase of the discharge rates. At Beniarrés and
Carrós, peak flows at 1400 UTC 12 October were 255.9 and 201.4 m3 s−1, respectively (Fig.
4.5b,c). Thus, the peak discharge at Beniarrés was significantly abated by the reservoir prior
to its downstream propagation. Note the remarkable magnitude of the flash flood at Vernissa,
where the peak discharge for a 25-yr return period Qp25 is 167 m3 s−1 [MAGRAMA, 2011].

of plausible atmospheric states, given the bulk of ob-
servational and modeled information available (Buizza
and Palmer 1995; Molteni et al. 1996). In particular, the
global T639L62 ECMWF-EPS (horizontal spatial res-
olution of;50 km) consists of 50members generated by

perturbing a deterministic analysis with the singular
vector technique plus an unperturbed (i.e., reference)
forecast. Out of these 51 members, and in order to en-
compass the maximum number of plausible synoptic
scenarios affecting the region, we dynamically downscale

FIG. 4. Accumulated precipitation in the CHJ demarcation according to (a) rain gauges, (b) MPS percentile 90,
(c) PILBpercentile 90, and (d) EnKF percentile 90. The 42-h accumulated precipitation is valid at 1800UTC 12Oct
2007. Note that the spatially distributed accumulated precipitation in (a) has been obtained after applying kriging
with a linear model for the semivariogram fit.

TABLE 1. Main hydrometeorological features of the 12 Oct 2007 flash flood for the different hydrometric section areas of the Serpis
River basin. The 42-h (from 0000 UTC 11 Oct to 1800 UTC 12 Oct) rainfall amounts are expressed as area-averaged values. In Gandia,
total runoff and peak discharge have been estimated from the observation-driven runoff simulation. Note that we have accounted for
runoff volume stored in the Beniarrés reservoir according to the observation-driven runoff simulation, but it has not been possible to
consider its abating effect in the observed and observation-driven peak discharges at Carrós and the basin outlet.

Hydrometric
section

Total
precipitation (mm)

Total
runoff (mm)

Peak
discharge (m3 s21)

Unit peak discharge
(m3 s21 km22)

Runoff
ratio

Vernissa 229.3 80.7 314.4 2.8 0.35
Beniarrés 174.2 21.9 255.9 0.5 0.13
Carrós 185.3 35.8 201.4 0.3 0.19
Gandia 196.2 47.2 537.8 0.7 0.24
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Figure 4.4: Accumulated precipitation in the CHJ demarcation according to (a) rain gauges, (b)
MPS percentile 90, (c) PILB percentile 90, and (d) EnKF percentile 90. The 42-h accumulated
precipitation is valid at 1800 TUC 12 Oct 2007. Note that the spatially distributed accumulated
precipitation in (a) has been obtained after applying krigging with a linear model for the
semivariogram fit.

4.4 Experimental Set-Up
Atmospheric numerical simulations for this event are produced with the Weather Research and
Forecasting (WRF) Model, version 3.4 [Skamarock et al., 2008]. We define a single computa-
tional domain of 767 x 575 grid points centered in the western Mediterranean and spanning
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the entire Mediterranean Spanish coast (Fig. 4.1). A horizontal grid spacing of 2.5 km, 50
vertical levels, and an integration time step of 12s is used in all WRF runs, which allow for
deep moist convective systems with a relevant entity to be explicitly resolved [Weisman et al.,
1997, Bryan et al., 2003, Roberts and Lean, 2008, Zheng et al., 2016]. WRF forecasts span
over 42 h, from 0000 UTC 11 October to 1800 UTC 12 October 2007. This time period encom-
passes the initiation phase and the mature evolution of the convective systems for this episode.
Finally, hourly quantitative precipitation forecasts (QPF) outputs from the experimental at-
mospheric ensembles force the hydrological model with the primary goal to further extend the
hydrometeorological forecasting lead times beyond the watershed response times.

the 20 ECMWF-EPS members exhibiting maximum
IC/LBC perturbations over the numerical domain. This is
an attempt to compensate for the mismatch between the
synoptic-scale error growth optimization time for the
singular vectors and the subsynoptic error growth more
relevant for short-range basin-scale predictions (Stensrud
et al. 2000; Tapiador et al. 2012).
To this end, we have implemented a method based on

principal component analysis and k-means clustering.
Using the 500-hPa geopotential height and 850-hPa
temperature, all 50 ECMWF-EPS members are classi-
fied in 20 clusters, and the 20 closest members to the
centroids are used as initial and boundary fields for the
PILB mesoscale ensemble. Thus, we rely on the sam-
pling of the IC/LBC uncertainty subspace provided by
the global system (Marsigli 2009) and target it over the
area of interest. Boundary fields are updated every 3 h in
the WRF Model. Physical parameterizations are iden-
tical across PILBmembers and include theWRF single-
moment 6-class microphysics scheme (WSM6) including
graupel (Hong and Lim 2006), the 1.5-order Mellor–
Yamada–Janjić (MYJ) boundary layer scheme (Janjić
1994), the Dudhia shortwave scheme (Dudhia 1989), the
RRTM longwave scheme (Mlawer et al. 1997), the
unified Noah land surface model (Tewari et al. 2004),
and the Eta similarity surface-layer model (Janjić 1994).

Note that the computational domain, the vertical
levels, and this physical setting match the operational
configuration routinely used by the research Meteo-
rology Group at the University of the Balearic Islands
(http://meteo.uib.es/wrf).

b. MPS experiment

Sensitivity analyses of mixed physics ensembles reveal
that no single model configuration systematically out-
performs any other one, because meteorological vari-
ables are sensitive to various processes that are
simulated differently by competitive parameterization
schemes (e.g., Jankov et al. 2005; Evans et al. 2012). In
such convectively driven episodes, cumulus parameter-
izations would be a logical candidate for direct un-
certainty sampling. However, as convection is explicitly
resolved in our experiments, PBL and microphysical
subgrid processes are the next determinant factors for
deep moist convective activity. Therefore, the 20 mem-
bers of theMPS experiment are constructed by using the
unperturbed ECMWF-EPS member as initial and lat-
eral boundary conditions, and by combining the fol-
lowing five microphysics and four PBL schemes:

d Microphysics schemes: WSM6, New Thompson, and
NSSL two-moment with three cloud condensation

FIG. 5. Observed (OBS) and station-driven (STA) runoff simulation for the 12 Oct 2007 episode at (a) Vernissa,
(b) Beniarrés, and (c) Carrós flow gauges. (d) Ground-station-driven runoff discharge is also shown at Gandia at the
Serpis basin outlet.
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Figure 4.5: Observed (OBS) and station-driven (STA) runoff simulation for the 12 Oct 2007
episode at (a) Vernissa, (b) Beniarrés, and (c) Carrós flow gauges. (d) Ground-station-driven
runoff discharge is also shown at Gandia at the Serpis basin outlet.

4.4.1 PILB Experiment
The operational European Centre for Medium-Range Weather Forecasts ensemble prediction
system (ECMWF-EPS) aims at sampling the distribution of plausible atmospheric states, given
the bulk of observational and modeled information available [Buizza and Palmer, 1995, Palmer
et al., 1997]. In particular, the global T639L62 ECMWF-EPS (horizontal spatial resolution of
;50 km) consists of 50 members generated by perturbing a deterministic analysis with the sin-
gular vector technique plus an unperturbed (i.e., reference) forecast. Out of these 51 members,
and in order to encompass the maximum number of plausible synoptic scenarios affecting the
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region, we dynamically downscale the 20 ECMWF-EPS members exhibiting maximum IC/LBC
perturbations over the numerical domain. This is an attempt to compensate for the mismatch
between the synoptic-scale error growth optimization time for the singular vectors and the
subsynoptic error growth more relevant for short-range basin-scale predictions [Stensrud et al.,
2000, Tapiador et al., 2012]. To this end, we have implemented a method based on principal
component analysis and k-means clustering. Using the 500-hPa geopotential height and 850-
hPa temperature, all 50 ECMWF-EPS members are classified in 20 clusters, and the 20 closest
members to the centroids are used as initial and boundary fields for the PILB mesoscale ensem-
ble. Thus, we rely on the sampling of the IC/LBC uncertainty subspace provided by the global
system [Marsigli, 2009] and target it over the area of interest. Boundary fields are updated
every 3 h in the WRF Model. Physical parameterizations are identical across PILB members
and include the WRF single-moment 6-class microphysics scheme (WSM6) including graupel
[Hong and Lim, 2006], the 1.5-order Mellor–Yamada–Janjic(MYJ) boundary layer scheme [Jan-
jić, 1994], the Dudhia shortwave scheme [Dudhia, 1989], the RRTM longwave scheme [Mlawer
et al., 1997], the unified Noah land surface model [Tewari et al., 2004], and the Eta similarity
surface-layer model [Janjić, 1994]. Note that the computational domain, the vertical levels,
and this physical setting match the operational configuration routinely used by the research
Meteorology Group at the University of the Balearic Islands (http://meteo.uib.es/wrf).

4.4.2 MPS Experiment
Sensitivity analyses of mixed physics ensembles reveal that no single model configuration sys-
tematically outperforms any other one, because meteorological variables are sensitive to various
processes that are simulated differently by competitive parameterization schemes (e.g., Jankov
et al. [2005], Evans et al. [2012]). In such convectively driven episodes, cumulus parameteriza-
tions would be a logical candidate for direct uncertainty sampling. However, as convection is
explicitly resolved in our experiments, PBL and microphysical subgrid processes are the next
determinant factors for deep moist convective activity. Therefore, the 20 members of the MPS
experiment are constructed by using the unperturbed ECMWF-EPS member as initial and
lateral boundary conditions, and by combining the following five microphysics and four PBL
schemes:

• Microphysics schemes: WSM6, New Thompson, and NSSL two-moment with three cloud
condensation nuclei (CCN) prediction values of 0.5x109, 0.75x109, and 1.0x109 cm−3.

• Planetary boundary schemes: Yonsei University (YSU), MYJ, Mellor–Yamada–Nakani
shi-Niino level 2.5 (MYNN), and Total Energy–Mass Flux (TEMF).

All these schemes involve the simulation of explicitly resolved water, cloud, and precipita-
tion processes, including mixed-phase transformations (i.e., the interaction of ice and water).
However, each microphysical parameterization treats differently the interaction among six mois-
ture species (i.e., water vapor, cloud water, rain, cloud ice, snow, and graupel); the physical
processes of rain droplet production, fall, and evaporation; the cloud water accretion and auto-
conversion; condensation; and saturation adjustment and ice sedimentation [Skamarock et al.,
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2008]. WSM6 solves the differences between the liquid and solid phase dependent on temper-
ature. Water and rain are treated separately from ice and snow [Hong and Lim, 2006]. The
New Thompson scheme adds rain number concentration and uses the Gamma distribution and
dependent intercept parameters for the raindrop size distribution [Thompson et al., 2008].

On the other side, the two-moment NSSL scheme predicts average graupel particle density,
allowing this to span the range from frozen drops to low-density graupel [Mansell et al., 2010].
Given the specific geographical setting of the western Mediterranean Basin, we also sample the
CCN uncertainty as the variability of aerosol concentration—depending on the origin of the air
mass affecting the area—is clearly influential and not considered by standard tabulated aerosol
parameters. That is, Saharan, continental central European, Atlantic, or purely Mediterranean
air masses have radically different aerosol characteristics, affecting the moist physical processes
over the Mediterranean region [Clarke et al., 1997]. We have considered the abovementioned
three different levels of CCN to account for this variability and to cope with the inaccuracy of
using tabulated CCN data [Hudson, 1993].

PBL schemes are used to parameterize the subgrid turbulent vertical fluxes of heat, mo-
mentum, and moisture within the boundary layer and throughout the atmosphere [Pielke
and Mahrer, 1975]. The PBL representation is a determinant factor in accurately simulating
mesoscale weather phenomena owing to the critical role that these fluxes exert in the unfolding
of severe phenomena. The choice of a PBL scheme can substantially affect temperature and
moisture profiles in the lower troposphere and the effects of turbulence in daytime convective
conditions [Hu et al., 2010, Coniglio et al., 2013].

The YSU scheme is a first-order, nonlocal scheme with a countergradient term in the eddy-
diffusion equation, which enhances mixing in the stable boundary layer [Hong et al., 2006].
On the other side, the MYJ scheme employs a 1.5-order turbulence closure model to represent
turbulence above the surface layer. This scheme determines eddy-diffusion coefficients from
prognostic turbulent kinetic energy [Janjić, 1994]. MYNN treats condensation physics in the
boundary layer by considering liquid-water potential temperature and total water content. In
addition, MYNN allows for partial condensation in a model grid to assure proper interaction
with microphysics and radiation [Nakanishi and Niino, 2006]. Additionally, the TEMF scheme
uses eddy diffusivity and mass flux concepts to determine vertical mixing, and it includes a
subgrid total energy prognostic variable, giving more realistic profiles for shallow convection
[Angevine et al., 2010].

4.4.3 EnKF Experiment
First, we have selected the 20 ECMWF-EPS members exhibiting maximum IC/LBC perturba-
tions over the numerical domain on 1200 UTC 10 October 2007. Next, our EnKF experimental
ensemble design consists of hourly assimilation windows over the next 12h (i.e., until 0000
UTC 11 October, performing a total of 13 assimilation steps). Finally, the resulting analy-
ses at 0000 UTC are integrated forward for 42 h. In addition to encompassing errors in the
initial and lateral boundary conditions, the EnKF ensemble also accounts for uncertainties in
the representation of subgrid physical processes. However, same microphysics schemes used in
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the MPS ensemble can not be used in the assimilation phase of the EnKF, because the NSSL
two-moment microphysics performs a different number of hydrometeor species than the other
two microphysics schemes, and only those state variables that are common to all the ensemble
members can be updated through the EnKF. Thus, the diversity in the microphysical processes
is reduced using just the NSSL scheme, but with five different CCN concentrations: 0.1x109,
0.25x109, 0.5x109, 0.75x109, and 1.0x109 cm−3. For this reason, the EnKF experiment is not
able to account with the same uncertainties considered in the MPS experiment and it is im-
portant to keep in mind that fact when we compare results among the experiments.

The observational databases were provided by the Meteorological Assimilation Data Ingest
System (MADIS) of the National Oceanic and Atmospheric Administration’s National Weather
Service (NOAA/NWS). In particular, we use radiosonde, METAR, marine, and ACARS data.
Further details on the design of the EnKF ensemble are provided by Carrió and Homar [2016].
Also note that all three ensemble strategies are designed to mimic an operational forecast-
ing framework. Operational EnKF systems separate clearly the assimilation process from the
forecast process, running almost independently. Here, all three experimental ensembles could
have been run operationally shortly after 0000 UTC 11 October, rendering a comparable set of
ensemble forecasts.

4.5 Results

4.5.1 Ensemble prediction systems

Prior to assessing the value of the hourly QPFs to drive the distributed hydrological model,
we analyze the ability of each ensemble system to reproduce the general aspects of the rainfall
episode. To this end, we use an Akima method [Akima, 1978, 1996] to interpolate 42-h sim-
ulated precipitation amounts—from 0000 UTC 11 October to 1800 UTC 12 October—to all
available rain gauges over the CHJ area. First, the skill of each ensemble member is quanti-
fied by means of Taylor diagrams [Taylor, 2001]. Then, the skill of the probabilistic forecasts
is assessed by means of relative operating characteristic (ROC) curves [Stanski et al., 1989,
Schwartz et al., 2010].

Owing to the frequently poor skill of short-range convective forecasts, the ensemble spread
becomes an additional important issue to quantify predictability. Therefore, we also focus our
attention on the generation of spread by each experimental ensemble. We use the root-mean-
square difference (rmsd) of the hourly simulated precipitation SPrmsd [Scherrer et al., 2004],
which provides a quadratic measure of the spread and highlights the presence of extremes in
the ensemble. It is computed as the average of the sum of the root-mean-square difference
between each ensemble member and the remaining ones as follows:
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Tij = rmsd(Wi,Wj),

∆ =
∑
i

∑
j

Tij for i < j, and

SPrmsd = 2∆
N(N − 1) ,

where Wi and Wj are the values of the field under analysis (i.e., 42-h accumulations) for
ensemble members i and j. Note that Tij stands for the root-mean-square difference between
ensemble members, and N is the size of the EPS. As Tij is symmetric, ∆ is just the sum over
all i<j.

In general, all three experiments produce, to some extent, high 42-h accumulated rainfall
amounts over the CHJ area, although the PILB and EnKF fall shorter than MPS at reaching
the highest observed amounts (Fig. 4.4). Indeed, the high end values rendered by all three
ensembles—but especially for MPS—would indicate the potential for torrential accumulations.
This provides a baseline quality check for the ensemble designs proposed in this study, as all
three can raise warning flags for hazardous scenarios, but the reliability of the finer details
must be investigated. A key feature in the mesoscale organization of the moisture flows is the
maritime impinging of the southerly low-level jet (LLJ) over the coastal slopes in the southern
part of the CHJ domain [Pastor et al., 2010]. While most members of the MPS experiment
produce this LLJ, most members of PILB and EnKF experiments miss this important trigger-
ing mechanism. This becomes an important aspect for the accurate forecast of the maritime
and inland precipitation structures of this episode.

A quantitative verification of the 42-h cumulative rainfall amounts over the whole CHJ area
reveals that MPS and PILB members produce more precise spatial distributions than EnKF
components, with the best members of both experiments reaching correlations as high as 0.75
over this relatively small area (Fig. 4.6a). Regarding the predicted amounts, MPS better cap-
tures the range of observed variability, as it correctly generates higher amounts than PILB and
EnKF over a larger portion of the central and coastal parts of the CHJ. It is noteworthy that a
few EnKF members also exhibit a realistic variability in the precipitation field, although with
much less frequency than MPS (Fig. 4.4).

MPS features the largest ensemble spread, whereas PILB exhibits the lowest value due to
rendering the most important underestimations in the rainfall amounts (Fig. 4.6b). Focusing
on EnKF, it shows higher rainfall accumulations and spread than PILB, yielding a more re-
alistic estimate of the rainfall spatial variability. Although EnKF members render moderate
deterministic scores, uncertainty indications derived from the ensemble variability show promis-
ing skill.

A more detailed analysis of the ensemble spread reveals that the highest SPrmsd are produced
by the MPS strategy on the first surge of precipitation during the last hours on 11 October (Fig.

124



hours on 11 October (Fig. 6b). This suggests that sam-
pling only on the uncertainty of the microphysical and
boundary layer processes in organizing convection out-
performs the benefits of accounting for an enhanced
diversity in the ICs/LBCs or the application of a DA
technique that samples both IC/LBC and physics di-
versity. Except for the first 8 and last 10h of prediction, in
which EnKF issues higher levels of spread under small
precipitation rates, the MPS produces significantly larger
spread throughout the episode. Most likely, the influence
of complex geographical settings on the subsynoptic flows
narrows the dispersion in the PILB experiment, whereas

diversity introduced by MPS in the boundary layer and
moist processes better encompass the broad range of
plausible scenarios at the regional scale.
Besides the prediction of forecast uncertainty of de-

terministic products through the spread–skill assump-
tion, ensembles provide a discrete statistical sample of
the forecast probability density function. This precious
information allows us to derive probabilistic forecasts of
any dichotomous, discrete, or continuous predictands
(Wilks 2006). We analyze the skill of each experimental
ensemble in predicting the odds for three relevant ac-
cumulations for this episode: 50, 100, and 150mm in 42h.

FIG. 6. (a) Taylor diagrams of the MPS, PILB, and EnKF ensembles for the 42-h accu-
mulated precipitation over the CHJ. Filled black symbols denote ensemble medians.
(b) Ensemble spread evolution of the different strategies for the hourly simulated rainfalls
from 0000 UTC 11 Oct to 1800 UTC 12 Oct over the CHJ. Dashed, dotted, and continuous
black lines denote the MPS, PILB, and EnKF ensembles, respectively. Hourly observed and
ensemble mean precipitation is shown as vertical bars and std devs (mm) and centered RMS
differences (mm) are given.
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Figure 4.6: (a) Taylor diagrams of the MPS, PILB, and EnKF ensembles for the 42-h accumu-
lated precipitation over the CHJ. Filled black symbols denote ensemble medians. (b) Ensemble
spread evolution of the different strategies for the hourly simulated rainfalls from 0000 UTC
11 Oct to 1800 UTC 12 Oct over the CHJ. Dashed, dotted, and continuous black lines denote
the MPS, PILB, and EnKF ensembles, respectively. Hourly observed and ensemble mean pre-
cipitation is shown as vertical bars and std devs (mm) and centered RMS differences (mm) are
given.

4.6b). This suggests that sampling only on the uncertainty of the microphysical and boundary
layer processes in organizing convection outperforms the benefits of accounting for an enhanced
diversity in the ICs/LBCs or the application of a DA technique that samples both IC/LBC
and physics diversity. Except for the first 8 and last 10 h of prediction, in which EnKF issues
higher levels of spread under small precipitation rates, the MPS produces significantly larger
spread throughout the episode. Most likely, the influence of complex geographical settings on
the subsynoptic flows narrows the dispersion in the PILB experiment, whereas diversity intro-
duced by MPS in the boundary layer and moist processes better encompass the broad range of
plausible scenarios at the regional scale.

Besides the prediction of forecast uncertainty of deterministic products through the spread–skill
assumption, ensembles provide a discrete statistical sample of the forecast probability density
function. This precious information allows us to derive probabilistic forecasts of any dichoto-
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mous, discrete, or continuous predictands Wilks [2006]. We analyze the skill of each experi-
mental ensemble in predicting the odds for three relevant accumulations for this episode: 50,
100, and 150 mm in 42 h.

At each rain gauge, the probability of exceedance of the
threshold is computed and verified against the dichoto-
mous observation. ROC curves indicate the true hit rate
of a probabilistic forecast at varying false alarm rates
(Schwartz et al. 2010), and the area under the curve
(AUC) measures the ability of the system to discriminate
between the occurrence or nonoccurrence of the event.
Results show that for moderate accumulations (50mm;

Fig. 7a), EnKF andMPS are statistically indistinguishable,
with AUCs exceeding 0.8. This reveals a surprisingly high
quality of the probabilistic forecasts of 42-h moderate
accumulations for the two experiments that account for
physical processes diversity. Missing the sampling of this
source of errors in the ensemble design renders signifi-
cantly poorer probabilistic forecasts, as shown by the PILB
AUCs. At higher precipitation thresholds (Figs. 7b,c), the
number of observation–forecast pairs decreases, although
verification scores are kept statistically significant for all

probability levels. At the 100-mm threshold, MPS and
EnKF scores are not distinguishable at the 95%confidence
level, but the expected value of AUC for theMPS already
shows slightly better quality than for the EnKF.
This is accentuated at the 150-mmaccumulation level, for

which MPS produces the most reliable probabilistic fore-
casts with an impressive 0.89 discrimination skill. The re-
sults rendered byEnKF and PILB for these extreme values
are not statistically distinguishable at the 95% confidence
level, indicating the relevance of physical parameterization
diversity, especially on the microphysical processes for the
correct representation of uncertainties on high-end pre-
cipitation rate scenarios. MPS not only produces competi-
tive scores at moderate precipitation amounts but also
shows remarkably high levels of accuracy for extreme ac-
cumulations (exceeding 100 and 150mm in 42h).
Regarding the spatial distribution of the predicted

rainfall fields, the analysis at the regional scale is

FIG. 7. Areas under the ROC curves (solid lines) of
the MPS, PILB, and EnKF ensembles for (a) 50-,
(b) 100-, and (c) 150-mm thresholds, respectively. Un-
certainty associated to each AUC is calculated using
a 10 000-sample bootstrap. Also included is a histogram
showing the number of forecasts used in each proba-
bility bin and the total number of observations
considered.

1156 JOURNAL OF HYDROMETEOROLOGY VOLUME 18

At each rain gauge, the probability of exceedance of the
threshold is computed and verified against the dichoto-
mous observation. ROC curves indicate the true hit rate
of a probabilistic forecast at varying false alarm rates
(Schwartz et al. 2010), and the area under the curve
(AUC) measures the ability of the system to discriminate
between the occurrence or nonoccurrence of the event.
Results show that for moderate accumulations (50mm;

Fig. 7a), EnKF andMPS are statistically indistinguishable,
with AUCs exceeding 0.8. This reveals a surprisingly high
quality of the probabilistic forecasts of 42-h moderate
accumulations for the two experiments that account for
physical processes diversity. Missing the sampling of this
source of errors in the ensemble design renders signifi-
cantly poorer probabilistic forecasts, as shown by the PILB
AUCs. At higher precipitation thresholds (Figs. 7b,c), the
number of observation–forecast pairs decreases, although
verification scores are kept statistically significant for all

probability levels. At the 100-mm threshold, MPS and
EnKF scores are not distinguishable at the 95%confidence
level, but the expected value of AUC for theMPS already
shows slightly better quality than for the EnKF.
This is accentuated at the 150-mmaccumulation level, for

which MPS produces the most reliable probabilistic fore-
casts with an impressive 0.89 discrimination skill. The re-
sults rendered byEnKF and PILB for these extreme values
are not statistically distinguishable at the 95% confidence
level, indicating the relevance of physical parameterization
diversity, especially on the microphysical processes for the
correct representation of uncertainties on high-end pre-
cipitation rate scenarios. MPS not only produces competi-
tive scores at moderate precipitation amounts but also
shows remarkably high levels of accuracy for extreme ac-
cumulations (exceeding 100 and 150mm in 42h).
Regarding the spatial distribution of the predicted

rainfall fields, the analysis at the regional scale is

FIG. 7. Areas under the ROC curves (solid lines) of
the MPS, PILB, and EnKF ensembles for (a) 50-,
(b) 100-, and (c) 150-mm thresholds, respectively. Un-
certainty associated to each AUC is calculated using
a 10 000-sample bootstrap. Also included is a histogram
showing the number of forecasts used in each proba-
bility bin and the total number of observations
considered.

1156 JOURNAL OF HYDROMETEOROLOGY VOLUME 18

At each rain gauge, the probability of exceedance of the
threshold is computed and verified against the dichoto-
mous observation. ROC curves indicate the true hit rate
of a probabilistic forecast at varying false alarm rates
(Schwartz et al. 2010), and the area under the curve
(AUC) measures the ability of the system to discriminate
between the occurrence or nonoccurrence of the event.
Results show that for moderate accumulations (50mm;

Fig. 7a), EnKF andMPS are statistically indistinguishable,
with AUCs exceeding 0.8. This reveals a surprisingly high
quality of the probabilistic forecasts of 42-h moderate
accumulations for the two experiments that account for
physical processes diversity. Missing the sampling of this
source of errors in the ensemble design renders signifi-
cantly poorer probabilistic forecasts, as shown by the PILB
AUCs. At higher precipitation thresholds (Figs. 7b,c), the
number of observation–forecast pairs decreases, although
verification scores are kept statistically significant for all

probability levels. At the 100-mm threshold, MPS and
EnKF scores are not distinguishable at the 95%confidence
level, but the expected value of AUC for theMPS already
shows slightly better quality than for the EnKF.
This is accentuated at the 150-mmaccumulation level, for

which MPS produces the most reliable probabilistic fore-
casts with an impressive 0.89 discrimination skill. The re-
sults rendered byEnKF and PILB for these extreme values
are not statistically distinguishable at the 95% confidence
level, indicating the relevance of physical parameterization
diversity, especially on the microphysical processes for the
correct representation of uncertainties on high-end pre-
cipitation rate scenarios. MPS not only produces competi-
tive scores at moderate precipitation amounts but also
shows remarkably high levels of accuracy for extreme ac-
cumulations (exceeding 100 and 150mm in 42h).
Regarding the spatial distribution of the predicted

rainfall fields, the analysis at the regional scale is

FIG. 7. Areas under the ROC curves (solid lines) of
the MPS, PILB, and EnKF ensembles for (a) 50-,
(b) 100-, and (c) 150-mm thresholds, respectively. Un-
certainty associated to each AUC is calculated using
a 10 000-sample bootstrap. Also included is a histogram
showing the number of forecasts used in each proba-
bility bin and the total number of observations
considered.

1156 JOURNAL OF HYDROMETEOROLOGY VOLUME 18

Figure 4.7: Areas under the ROC curves (solid lines) of the MPS, PILB, and EnKF ensembles
for (a) 50-, (b) 100-, and (c) 150-mm thresholds, respectively. Uncertainty associated to each
AUC is calculated using a 10 000-sample bootstrap. Also included is a histogram showing
the number of forecasts used in each probability bin and the total number of observations
considered.

At each rain gauge, the probability of exceedance of the threshold is computed and verified
against the dichotomous observation. ROC curves indicate the true hit rate of a probabilistic
forecast at varying false alarm rates Schwartz et al. [2010], and the area under the curve (AUC)
measures the ability of the system to discriminate between the occurrence or nonoccurrence of
the event.
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Results show that for moderate accumulations (50 mm; Fig. 4.7), EnKF and MPS are
statistically indistinguishable, with AUCs exceeding 0.8. This reveals a surprisingly high qual-
ity of the probabilistic forecasts of 42-h moderate accumulations for the two experiments that
account for physical processes diversity. Missing the sampling of this source of errors in the en-
semble design renders significantly poorer probabilistic forecasts, as shown by the PILB AUCs.
At higher precipitation thresholds (Fig. 4.7b,c), the number of observation–forecast pairs de-
creases, although verification scores are kept statistically significant for all probability levels.
At the 100-mm threshold, MPS and EnKF scores are not distinguishable at the 95% confidence
level, but the expected value of AUC for the MPS already shows slightly better quality than
for the EnKF.

FIG. 8. Cumulative area-averaged precipitation over the Serpis River basin (802.6 km2)
for the (a) MPS, (b) PILB, and (c) EnKF ensembles. The ensemble members are shown as
thin gray lines. The ensemble median is denoted as a thick gray line. The gray shading
represents the p25–p75 interquartile range.
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Figure 4.8: Cumulative area-averaged precipitation over the Serpis River basin (802.6 km2) for
the (a) MPS, (b) PILB, and (c) EnKF ensembles. The ensemble members are shown as thin
gray lines. The ensemble median is denoted as a thick gray line. The gray shading represents
the p25-p75 interquartile range.

This is accentuated at the 150-mm accumulation level, for which MPS produces the most
reliable probabilistic forecasts with an impressive 0.89 discrimination skill. The results rendered
by EnKF and PILB for these extreme values are not statistically distinguishable at the 95%
confidence level, indicating the relevance of physical parameterization diversity, especially on
the microphysical processes for the correct representation of uncertainties on high-end precip-
itation rate scenarios. MPS not only produces competitive scores at moderate precipitation
amounts but also shows remarkably high levels of accuracy for extreme accumulations (exceed-
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ing 100 and 150 mm in 42 h).

Regarding the spatial distribution of the predicted rainfall fields, the analysis at the regional
scale is informative on how each prediction system handles the episode. Evidently, an accurate
hydrological forecast over a small-sized river basin, such as the Serpis, has specific require-
ments on the location, amount, and timing of the simulated, convectively driven precipitation
systems. Focusing on catchment scale, the MPS and PILB experiments initiate precipitation
over the basin 8–10h earlier than observed, with EnKF initiating the latest, around 1400 UTC.
The MPS members render realistic cumulative precipitation profiles even though they under-
estimate the maximum observed precipitation rates between 27- and 37-h forecast times (Fig.
4.8a). However, the resulting predictive guidance is excellent on basin-averaged precipitation
input for the hydrological model.

On the other hand, the PILB and EnKF strategies render clear underestimations, miss-
ing the highest central precipitation rates (Fig. 4.8b,c). Again, this confirms the benefits of
sampling only the subspace of parameterized physics uncertainty when the synoptic and large
mesoscale dynamical and thermodynamical environment is sufficiently accurate in the global
unperturbed member. How general this aspect is in the western Mediterranean remains for
further research with other case studies in the basin. On the contrary, the PILB does not show
sufficient spread over the basin, and maximum hourly simulated precipitation is persistently
negatively biased.

This cumulative perspective can be mis-representative, as errors may balance over time and
provide an optimistic estimation of the predicted precipitation amounts and spreads. A much
more ambitious predictability challenge is the accurate representation of hourly accumulations.
When the spatial distribution and variability of hourly rainfall rates predicted by the ensemble
members are verified, most MPS ensemble members stand out over the PILB and EnKF mem-
bers (Fig. 4.9a). Again, MPS elements are generally able to produce better spatial distribution
variability at the highest-frequency precipitation rates, while PILB and EnKF individual runs
strongly underestimate both amounts and standard deviations. Regarding ensemble-mean val-
ues, the hourly hyetograph shows how MPS simulates the highest intensities about 2 h ahead
of time and with lower precipitation rates. PILB and EnKF produce much poorer forecasts of
areal-averaged hourly rainfall. In terms of ensemble spreads, MPS features the largest SPrmsd
values, while the PILB and, to a lesser extent, EnKF strategies present lower ensemble spreads
(Fig. 4.9b).

4.5.2 Hydrological ensemble prediction systems
Hourly time series of precipitation and temperature from each experiment have been embedded
in the simulation period of the hydrological FEST-WB model [Rabuffetti et al., 2008]. The
MPS-, PILB-, and EnKF-driven runoff ensembles—labeled as MPS-HEPS, PILB-HEPS, and
EnKF-HEPS, respectively— have been run for a 96-h period, starting at 0000 UTC 11 Octo-
ber 2007. Thus, the hydrological model has run the last 54h without forcing precipitation in
order to safely encompass the 12 October flash flood and the subsequent hydrograph tails. The

128



convectively driven rainfalls over different forecast time
steps, producing uneven initializations of the storm-driven
flows (Figs. 9b, 13b).
Finally, we provide additional arguments to illustrate

the usefulness of accounting for advanced probabilistic
ensemble prediction systems when dealing with flash
floods over Mediterranean Spain. For flood mitigation
purposes, CHJ established official warning discharge
thresholds at QCHJ 5 20 and 30m3 s21 for Vernissa and
Carrós, respectively. These streamflow safety levels are
used to preventively monitor the subsequent evolution

of the river flows. When further increases in river dis-
charges become important, the protocol to alert civil
protection authorities is triggered. In addition to these
administrative warning levels, we consider two addi-
tional predetermined thresholds. These alerts corre-
spond to discharge return periods of 5 and 10 years at the
different hydrometric sections (Qp5 andQp10; Table 6), as
derived from prior flood risk assessments analysis com-
pleted by the CHJ (MAGRAMA 2011). Peak discharge
exceedance probabilities [P(Q. q)] for these supple-
mentary warning thresholds quantify the risk of facing

FIG. 9. (a) Taylor diagrams of the MPS, PILB, and EnKF ensembles for the hourly area-
averaged precipitation over the Serpis River basin and from 0000 UTC 11 Oct to 1800 UTC 12
Oct. Filled black symbols denote ensemble medians. (b) Ensemble spread evolution of the
different strategies for the hourly simulated rainfalls from 0000UTC 11Oct to 1800UTC 12Oct
over the Serpis River basin. Dashed, dotted, and continuous black lines denote the MPS, PILB,
and EnKF ensembles, respectively. Hourly observed and ensemblemean precipitation is shown
as vertical bars and std devs (mm) and centered RMS differences (mm) are given.
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Figure 4.9: (a) Taylor diagrams of the MPS, PILB, and EnKF ensembles for the hourly area-
averaged precipitation over the Serpis River basin and from 0000 UTC 11 Oct to 1800 UTC
12 Oct. Filled black symbols denote ensemble medians. (b) Ensemble spread evolution of the
different strategies for the hourly simulated rainfalls from 0000 UTC 11 Oct to 1800 UTC 12
Oct over the Serpis River basin. Dashed, dotted, and continuous black lines denote the MPS,
PILB, and EnKF ensembles, respectively. Hourly observed and ensemble mean precipitation is
shown as vertical bars and std devs (mm) and centered RMS differences (mm) are given.

resulting quantitative discharge forecasts (QDFs) are compared against the observation-driven
runoff simulation for the same period rather than against the observed runoffs. By doing so, we
exclusively focus the analysis on uncertainties coming from the SREPS inputs, narrowing down
the errors originated in the hydrological model. That is, the observation-driven runoffs are
considered pseudorunoff observations, which allow focusing on the external-scale (i.e., SREPS
originated) errors. In any case, observation-driven simulated runoffs were satisfactory across
the basin, especially when simulating the observed peak discharges (Fig. 4.5).

The MPS-HEPS simulates significant flood peaks at all stream gauges, with some individual
members exhibiting reasonably satisfactory accuracy (Fig. 4.10). Poorer results are obtained
for the PILB-HEPS members and, in particular, for the EnKF-HEPS experiments: the mod-
erate to strong hourly QPF underpredictions at the basin scale strongly impact the hydrom-
eteorological system (Figures 4.11 and 4.12). Even if the PILB ensemble features less spread
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than EnKF, it better localizes the maximum hourly rainfall amounts over the basin. Clearly,
the highly nonlinear hydrological response— related to the aforementioned threshold effects
on runoff generation—results in an apparent degradation of QDFs for both systems. Hence,
ensemble medians barely reproduce the significant observation-driven discharges at all the hy-
drometric sections. Next, the hourly simulated runoffs for all the HEPSs are verified against
the 1-h observation-driven flow discharge at the basin outlet by means of the Nash-Sutcliffe
efficiency criterion (NSE; Nash and Sutcliffe [1970]), the calibration effectiveness evaluated by
computing the relative errors in volume (EV), and the relative errors in peak (EP). The spread
generated by the different HEPSs strategies is also quantified by means of the SPrmsd.

infrequent hazardous situations like the 12October 2007
flash flood (Figs. 10–12). For the sake of a reference
when discussing these values, AEMET issues a warning
when the probability of occurrence of extreme weather
exceeds 0.20.
In regard to the CHJ warning levels, [P(Q.QCHJ)]

are 0.90, 0.65, and 0.30 for the MPS-, PILB-, and
EnKF-HEPS strategies, respectively, atVernissa (Table 6).
Similarly, peak discharge exceedance probabilities are
0.85, 0.55, and 0.30 at Carrós for the MPS-, PILB-, and
EnKF-HEPSs, respectively. Furthermore, MPS-HEPS
issues unequivocal probabilities of 0.85 and 0.75 at Ver-
nissa for P(Q.Qp5) and P(Q.Qp10), but not exceeding
0.30 forP(Q.Qp5) at Beniarrés andGandia. In line with
previous results, lower peak discharge exceedance prob-
abilities are found at the remaining locations for allHEPS
experiments, and none of the ensemble strategies ren-
der high P(Q. q) for Qp5 and Qp10 at Carrós (Table 6).
Indeed, observed peak discharges also fall far short of
both thresholds.
Even with the aforementioned inaccuracies, the three

distinct hydrological ensemble strategies have proven
useful for conveying proper information to civil pro-
tection and emergency decision-makers up to 42h ahead

before this particular natural hazard. However, only the
multiple physics strategy points clearly at its extreme
character.

7. Conclusions and further remarks

The Spanish Mediterranean lands are persistently
affected by hazardous flash floods. Many small- to
medium-sized basins are highly populated and often dry
or with very low flows during the warm season.As return
periods for damaging events over individual catchments
go beyond the decade, the risks associated with these
ephemeral streams are often forgotten. Sudden in-
creases in flow rates, rapid flow velocities, and high peak
discharges can cause sudden and substantial damage to
human life and property.
Furthermore, strong nonlinearities emerge in the hy-

drological responses of these semiarid catchments to
intense rainfalls, being an arduous task to properly
characterize them to yield accurate hydrological fore-
casts. After the warm season, predominantly low initial
soil moisture contents together with high soil moisture
storage capacities owing to karstified substrates result
in low runoff ratios and differential spatial responses.

FIG. 10. MPS-HEPS at (a) Vernissa, (b) Beniarrés, and (c) Carrós stream gauges and (d) Serpis outlet. The thick
black and gray solid lines correspond to the observation-driven and ensemble median discharges, respectively. The
hydrological ensemble members are shown as thin gray lines. The gray shading represents the p25–p75 interquartile
range. Gray and black horizontal dashed lines showQp5 andQp10, respectively. Note that dotted and dashed black
lines at Vernissa and Carrós correspond to the pre-alert monitoring flows set by the CHJ hydraulic division.
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Figure 4.10: MPS-HEPS at (a) Vernissa, (b) Beniarrés, and (c) Carrós stream gauges and
(d) Serpis outlet. The thick black and gray solid lines correspond to the observation-driven
and ensemble median discharges, respectively. The hydrological ensemble members are shown
as thin gray lines. The gray shading represents the p25-p75 interquartile range. Gray and
black horizontal dashed lines show Qp5 and Qp10, respectively. Note that dotted and dashed
black lines at Vernissa and Carrós correspond to the pre-alert monitoring flows set by the CHJ
hydraulic division.

As previously suggested by member-wise verification (Figures 4.6 and 4.9), MPS-HEPS
outperforms clearly with respect to PILB-HEPS and EnKF-HEPS in terms of both peak dis-
charges and runoff volumes (Fig. 4.13a). However, NSE is below 0.1 for the ensemble median,
owing to the noticeable underestimations in peak discharges and runoff volumes at the basin
outlet. PILB-HEPS and, especially, EnKF-HEPS exhibit worse ensemble skills as a result of
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the aforementioned remarkable rainfall underestimations over the Serpis basin. Their ensemble
dispersions are clearly lower than the MPS-HEPS variance as well (Fig. 4.13b). Obviously,
lower hourly rainfall amounts result in less runoff production as a consequence of the highly
nonlinear transformation. It is worth noting that the larger MPS and MPS-HEPS spreads are
attributable to the temporal dispersion of the hourly simulated convectively driven rainfalls
over different forecast time steps, producing uneven initializations of the storm-driven flows
(Figures 4.9b and 4.13b).

Additional uncertainties arise from the highly complex
rainfall–runoff transformation before heavy precipita-
tion and large rainfall accumulations. To cope with these
uncertainties, we have adopted the calibration pro-
cedure first introduced by Borga et al. (2007).
On the other hand, the use of convection-permitting

NWP models allows us to simulate the triggering and
subsequent development of convectively driven precipi-
tation effectively and to further extend quantitative dis-
charge forecasting beyond the concentration time of flash
flood–prone basins. However, forecasts of quantitative
convectively driven precipitation are remarkably chal-
lenging. The degrees of freedom to initialize the system
increase and nonlinear processes dominate crucial as-
pects such as the location and intensity of the QPFs. In-
deed, the imperfect representation of the responsible
atmospheric processes and chaotic forecast sensitivity to
misrepresentations of the preceding atmospheric states
strongly penalize the forecast products. Within this con-
text, HEPSs have arisen as valuable tools for encom-
passing these external-scale uncertainties, producing
probabilistic forecasts of flash flood occurrence.
In line with the major scientific goal of the HyMeX

program of improving flood early warning procedures
and mitigation measures, we have first examined in
depth the hydrological response of the Serpis River
basin to heavy rainfalls. Next, we have evaluated the
predictive skill of three distinct HEPSs strategies for the

12 October 2007 flash flood. Regarding the SREPS de-
sign, the PILB ensemble accounts for uncertainties in the
atmospheric conditions causing the flash flood. PILB was
generated by dynamically downscaling the 20 ECMWF-
EPS members with maximum IC/LBC dispersions over
the area of interest. The MPS ensemble encompasses
only inaccuracies in model physical parameterizations.
MPS was built from several combinations of equally
skillful moist microphysical and PBL schemes. Finally,
an ensemble DA technique uses the same design as a
state-of-the-art EnKF ensemble, coping with both
sources of external-scale uncertainties.
The main conclusions of this work are as follows:

d A multisite and novel calibration approach for the
hydrologic model parameters was necessary to prop-
erly encompass the response of the semiarid and
karstic Serpis River basin to heavy precipitation. After
this, FEST-WB successfully reproduced the basin
response to the 12 October 2007 flash flood. As the
physio- and hydrographic features of this catchment
are similar to many other river basins over the
Mediterranean, this calibration method could be
extended to these for further testing and application.

d Regarding the verification of the QPFs, MPS and
EnKF strategies show indistinguishable skill at pro-
ducing moderate accumulations for the larger scales
over 42 h. However, just the pure physics diversity

FIG. 11. As in Fig. 10, but for the PILB-HEPS.
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Figure 4.11: As in Fig. 4.10, but for the PILB-HEPS.

Finally, we provide additional arguments to illustrate the usefulness of accounting for ad-
vanced probabilistic ensemble prediction systems when dealing with flash floods over Mediter-
ranean Spain. For flood mitigation purposes, CHJ established official warning discharge thresh-
olds at QCHJ = 20 and 30 m3 s−1 for Vernissa and Carrós, respectively. These streamflow safety
levels are used to preventively monitor the subsequent evolution of the river flows. When further
increases in river discharges become important, the protocol to alert civil protection authorities
is triggered. In addition to these administrative warning levels, we consider two additional pre-
determined thresholds. These alerts correspond to discharge return periods of 5 and 10 years
at the different hydrometric sections (Qp5 and Qp10 ; Table 4.1), as derived from prior flood risk
assessments analysis completed by the CHJ (MAGRAMA 2011). Peak discharge exceedance
probabilities [P(Q >q)] for these supplementary warning thresholds quantify the risk of facing
infrequent hazardous situations like the 12 October 2007 flash flood (Figures 4.10-4.12). For the
sake of a reference when discussing these values, AEMET issues a warning when the probability
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of occurrence of extreme weather exceeds 0.20.

within a realistic civil protection management frame-
work: all exceeded the official CHJwarning thresholds
at Vernissa and Carrós. This simple application en-
lightens the benefits of using advanced ensemble
strategies to surpass predetermined warning levels
before extreme floods.

Obviously, this single case study does not allow us to
reach general conclusions about the predictability of
this type of event or about the optimal hydrometeo-
rological forecasting strategy in an operational frame-
work, but it clearly points out important aspects to take
into account in future statistical studies. The 12 October
2007 flash flood is a prototype of long-lasting and oro-
graphically driven convective systems that are responsi-
ble for the most hazardous flash floods over the western
Mediterranean. The predictability analysis of this para-
digmatic event allowed intercomparing the performance
of three competitive and popular ensemble strategies and
discerning the detailed differences among them. This
particular event may allegedly exemplify the paradigm
transition toward a more convectively centered approach
for the search of relevant sources of uncertainty in haz-
ardous flash flood events. Future directions point toward
the confirmation of the spatial—over different basins—
and temporal—over a number of flash flood events—
generality of the presented findings before these can be
safely and confidently transferred to operations and
breakthrough improvements in risk management strat-
egy development can be achieved.
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TABLE 6. Peak discharge exceedance probabilities [P(Q.q)] for the MPS-HEPS, PILB-HEPS, and EnKF-HEPS experiments at the
indicated stream gauges. Variables Qp5 and Qp10 denote peak discharge exceedance probabilities of the 5- and 10-yr return periods,
respectively, and QCHJ indicates the pre-alert monitoring flows set by the CHJ hydraulic division.

Hydrometric section Peak discharge P(Q.q) MPS-HEPS P(Q. q) PILB-HEPS P(Q. q) EnKF-HEPS

Vernissa QCHJ 5 20m3 s21 0.90 0.65 0.30
Qp5 5 75m3 s21 0.85 0.25 0.10
Qp10 5 105m3 s21 0.75 0.10 0.10

Beniarrés Qp5 5 210m3 s21 0.30 0.10 0.10
Qp10 5 288m3 s21 ,0.05 ,0.05 ,0.05

Carrós QCHJ 5 30m3 s21 0.85 0.55 0.30
Qp5 5 348m3 s21 ,0.05 ,0.05 ,0.05
Qp10 5 489m3 s21 ,0.05 ,0.05 ,0.05

Gandia Qp5 5 417m3 s21 0.25 ,0.05 ,0.05
Qp10 5 580m3 s21 0.05 ,0.05 ,0.05
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Table 4.1: Peak discharge exceedance probabilities [P(Q>q)] for the MPS-HEPS, PILB-HEPS,
and EnKF-HEPS experiments at the indicated stream gauges. Variables Qp5 and Qp10 denote
peak discharge exceedance probabilities of the 5- and 10-yr return periods, respectively, and
QCHJ indicates the pre-alert monitoring flows set by the CHJ hydraulic division.

In regard to the CHJ warning levels, [P(Q>QCHJ)] are 0.90, 0.65, and 0.30 for the MPS-
, PILB-, and EnKF-HEPS strategies, respectively, at Vernissa (Table 4.1). Similarly, peak
discharge exceedance probabilities are 0.85, 0.55, and 0.30 at Carrós for the MPS-, PILB-, and
EnKF-HEPSs, respectively. Furthermore, MPS-HEPS issues unequivocal probabilities of 0.85
and 0.75 at Ver- nissa for P(Q > Qp5 ) and P(Q > Qp10 ), but not exceeding 0.30 for P(Q >
Qp5 ) at Beniarrés and Gandia. In line with previous results, lower peak discharge exceedance
probabilities are found at the remaining locations for all HEPS experiments, and none of the
ensemble strategies render high P(Q > q) for Qp5 and Qp10 at Carrós (Table 4.1). Indeed,
observed peak discharges also fall far short of both thresholds. Even with the aforementioned
inaccuracies, the three distinct hydrological ensemble strategies have proven useful for conveying
proper information to civil protection and emergency decision-makers up to 42 h ahead before
this particular natural hazard. However, only the multiple physics strategy points clearly at its
extreme character.

4.6 Conclusions and further remarks

The Spanish Mediterranean lands are persistently affected by hazardous flash floods. Many
small- to medium-sized basins are highly populated and often dry or with very low flows during
the warm season. As return periods for damaging events over individual catchments go beyond
the decade, the risks associated with these ephemeral streams are often forgotten. Sudden
increases in flow rates, rapid flow velocities, and high peak discharges can cause sudden and
substantial damage to human life and property. Furthermore, strong nonlinearities emerge in
the hydrological responses of these semiarid catchments to intense rainfalls, being an arduous
task to properly characterize them to yield accurate hydrological forecasts. After the warm
season, predominantly low initial soil moisture contents together with high soil moisture stor-
age capacities owing to karstified substrates result in low runoff ratios and differential spatial
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ensemble is proven to produce overall better forecasts
in terms of the highest precipitation rates and accu-
mulated amounts over the entire area and, in partic-
ular, over the Serpis River basin.

d SubsequentMPS-drivenQDFs have shown remarkably
high peak discharges and runoff volumes, exhibiting
relatively large peak discharge exceedance probabil-
ities. In summary, MPS-HEPS results depict more
precisely the extreme nature of this episode and have
provided the most robust prediction tool for early

warning procedures. Certainly, when initial analyses
provide a sufficiently accurate synoptic-scale environ-
ment, only sampling the uncertainties in the most
relevant physical processes for deep moist convection
renders the best QPF guidance to HEPS.

d Although EnKF-HEPS and, to a lesser extent, PILB-
HEPS have fallen short of producing reliable proba-
bilities of relevant runoff levels, both have provided an
indication of plausible hazardous scenarios. Indeed,
the three experimental HEPSs are proven valuable

FIG. 13. (a) Statistical scores for theMPS-HEPS, PILB-HEPS, and EnKF-HEPS experiments. The boxes denote
the p25 and p75 interquartile ranges, themiddle horizontal lines show the ensemblemedian, and thewhiskers display
the best and the worst ensemble members. (b) Ensemble spread evolution of the different strategies for the hourly
simulated discharges. Dashed, dotted, and continuous black lines denote theMPS-HEPS, PILB-HEPS, and EnKF-
HEPS, respectively. Hourly observation- and ensemble mean–driven discharges are shown as vertical bars.

FIG. 12. As in Fig. 10, but for the EnKF-HEPS.
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Figure 4.12: As in Fig. 4.10, but for the EnKF-HEPS.

responses.

On the other hand, the use of convection-permitting NWP models allows us to simulate
the triggering and subsequent development of convectively driven precipitation effectively and
to further extend quantitative discharge forecasting beyond the concentration time of flash
flood–prone basins. However, forecasts of quantitative convectively driven precipitation are
remarkably challenging. The degrees of freedom to initialize the system increase and nonlinear
processes dominate crucial aspects such as the location and intensity of the QPFs. Indeed, the
imperfect representation of the responsible atmospheric processes and chaotic forecast sensi-
tivity to misrepresentations of the preceding atmospheric states strongly penalize the forecast
products. Within this context, HEPSs have arisen as valuable tools for encompassing these
external-scale uncertainties, producing probabilistic forecasts of flash flood occurrence.

In line with the major scientific goal of the HyMeX program of improving flood early warning
procedures and mitigation measures, we have first examined in depth the hydrological response
of the Serpis River basin to heavy rainfalls. Next, we have evaluated the predictive skill of three
distinct HEPSs strategies for the 12 October 2007 flash flood. Regarding the SREPS design,
the PILB ensemble accounts for uncertainties in the atmospheric conditions causing the flash
flood. PILB was generated by dynamically downscaling the 20 ECMWF-EPS members with
maximum IC/LBC dispersions over the area of interest. The MPS ensemble encompasses only
inaccuracies in model physical parameterizations. MPS was built from several combinations of
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equally skillful moist microphysical and PBL schemes. Finally, an ensemble DA technique uses
the same design as a state-of-the-art EnKF ensemble, coping with both sources of external-scale
uncertainties. The main conclusions of this work are as follows:

• The verification of the QPFs, MPS and EnKF strategies show indistinguishable skill at
producing moderate accumulations for the larger scales over 42h. However, just the
pure physics diversity ensemble is proven to produce overall better forecasts in terms
of the highest precipitation rates and accumulated amounts over the entire area and, in
particular, over the Serpis River basin.

• Subsequent MPS-driven QDFs have shown remarkably high peak discharges and runoff
volumes, exhibiting relatively large peak discharge exceedance probabilities. In summary,
MPS-HEPS results depict more precisely the extreme nature of this episode and have
provided the most robust prediction tool for early warning procedures. Certainly, when
initial analyses provide a sufficiently accurate synoptic-scale environment, only sampling
the uncertainties in the most relevant physical processes for deep moist convection renders
the best QPF guidance to HEPS.

• Although EnKF-HEPS and, to a lesser extent, PILB- HEPS have fallen short of producing
reliable probabilities of relevant runoff levels, both have provided an indication of plausible
hazardous scenarios. Indeed, the three experimental HEPSs are proven valuable within
a realistic civil protection management framework: all exceeded the official CHJ warning
thresholds at Vernissa and Carroós. This simple application en- lightens the benefits
of using advanced ensemble strategies to surpass predetermined warning levels before
extreme floods.

ensemble is proven to produce overall better forecasts
in terms of the highest precipitation rates and accu-
mulated amounts over the entire area and, in partic-
ular, over the Serpis River basin.

d SubsequentMPS-drivenQDFs have shown remarkably
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FIG. 13. (a) Statistical scores for theMPS-HEPS, PILB-HEPS, and EnKF-HEPS experiments. The boxes denote
the p25 and p75 interquartile ranges, themiddle horizontal lines show the ensemblemedian, and thewhiskers display
the best and the worst ensemble members. (b) Ensemble spread evolution of the different strategies for the hourly
simulated discharges. Dashed, dotted, and continuous black lines denote theMPS-HEPS, PILB-HEPS, and EnKF-
HEPS, respectively. Hourly observation- and ensemble mean–driven discharges are shown as vertical bars.

FIG. 12. As in Fig. 10, but for the EnKF-HEPS.
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Figure 4.13: (a) Statistical scores for the MPS-HEPS, PILB-HEPS, and EnKF-HEPS experi-
ments. The boxes denote the p25 and p75 interquartile ranges, the middle horizontal lines show
the ensemble median, and the whiskers display the best and the worst ensemble members.
(b) Ensemble spread evolution of the different strategies for the hourly simulated discharges.
Dashed, dotted, and continuous black lines denote the MPS-HEPS, PILB-HEPS, and EnKF-
HEPS, respectively. Hourly observation- and ensemble mean-driven discharges are shown as
vertical bars.
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Obviously, this single case study does not allow us to reach general conclusions about the
predictability of this type of event or about the optimal hydrometeorological forecasting strategy
in an operational framework, but it clearly points out important aspects to take into account
in future statistical studies. The 12 October 2007 flash flood is a prototype of long-lasting
and orographically driven convective systems that are responsible for the most hazardous flash
floods over the western Mediterranean. The predictability analysis of this paradigmatic event
allowed intercomparing the performance of three competitive and popular ensemble strategies
and discerning the detailed differences among them. This particular event may allegedly ex-
emplify the paradigm transition toward a more convectively centered approach for the search
of relevant sources of uncertainty in hazardous flash flood events. Future directions point to-
ward the confirmation of the spatial—over different basins— and temporal—over a number of
flash flood events— generality of the presented findings before these can be safely and confi-
dently transferred to operations and breakthrough improvements in risk management strategy
development can be achieved.
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Chapter 5

Value of remote-sensing observations:
IOP131

This chapter evaluates, for the first time, the ability of a storm-scale ensemble data assimila-
tion system to reproduce a heavy precipitation episode that occurred during 14 and 15 October
2012, mainly affecting coastal areas of southern France, Corsica and Italy. This weather event
was associated with the development of individual fast growing convective cells over the sea
that eventually became organized producing heavy precipitation over populated regions. The
accurate prediction of this kind of weather events still remains very challenging mainly due
to the poor knowledge of the atmospheric state over the sea. In order to better simulate the
timing and intensity of deep moist convective activity associated to this event, it is proposed
the assimilation of kilometric spatial and 5-15 min temporal resolution reflectivity data from
Doppler radars using the EnKF. In addition to reflectivity data, it is also proposed the assimila-
tion of in-situ conventional observations. A set of different sensitivity experiments are designed
to obtain information about the potential of these two kind of observations to better predict
the deep convective systems present in this severe episode. Finally, the impact of increasing
the length of the radar data assimilation period is also investigated.

5.1 Introduction
During the late summer and autumn populated coastal areas in the Mediterranean basin are
frequently impacted by heavy precipitation events that can lead to flash floods (e.g., Romero
et al. [2000b], Mariotti et al. [2002], Delrieu et al. [2005], Duffourg [2010], Ricard et al. [2012],
Llasat et al. [2013]), leaving serious socio-economic impacts (e.g., Guzzetti et al. [2005], Salvati
et al. [2010]). These kind of events are often linked to deep convection from mid-latitude cy-
clones or the development of intense quasi-stationary convective systems (Ducrocq et al. [2008],
Davolio et al. [2009], Bech et al. [2011], Buzzi et al. [2014]) which still remains a key challenge of
numerical weather forecasts (Weisman et al. [2008], Ducrocq et al. [2008], Rotunno and Migli-
etta [2011], Bresson et al. [2012]). Uncertainties in the initial and boundary conditions together
with the chaotic behavior associated to the non-linear atmospheric dynamical equations can

1The content of this chapter is based on the paper Carrió, Homar, V. and Wheatley, D. M., 2018: Potential
of an EnKF Storm-Scale Data Assimilation System Over Sparse Observation Regions with Complex Orography.
Atmospheric Research, 216, 186-206.
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be considered as the major obstacle to obtain skillful forecasts. Besides, problems related to
parameterizations used to describe the physical processes involved in the boundary layer over
complex terrain and the difficulty that numerical weather models have with the initiation, am-
plitude and location of convection, also contributes to the inaccuracy of heavy precipitation
forecasts (Barthlott and Kirshbaum [2013], Burton et al. [2013], Hanley et al. [2015]).

The international Hydrological cycle in the Mediterranean Experiment (HyMeX, Drobin-
ski et al. [2014]; http://www.hymex.org) coordinates scientific efforts to better understand
the Mediterranean water cycle, and specifically its associated high impact events. During the
HyMeX program, several special observation periods gathered large amounts of unique observa-
tions that provide a database that allows to better understand the physical processes involved
in the genesis and posterior development of such events. During the autumn of 2012, specifi-
cally from 5 September to 5 November, the first Special Observation Period (SOP1) took place
focusing on the monitoring, modeling and analysis of heavy precipitation events, flash floods
and orographic precipitation events mostly affecting the Mediterranean areas of Spain, Italy
and France [Ducrocq et al., 2014]. During SOP1 field campaign, 20 intensive observation peri-
ods (IOPs) were performed, 9 of them in Italy. The observations collected and the diagnosed
analysis achieved from the IOP experiments have provided the basis for several studies that
investigate in detail the physical mechanisms involved in heavy precipitation events [Barthlott
et al., 2014, Ferretti et al., 2014, Manzato et al., 2015]. Most of these high impact events were
initiated and developed over large data-void regions such as the Mediterranean Sea, where ana-
lyzed fields have larger errors due to the inherent lack of observations. Currently, uncertainties
associated with the initial conditions are considered one of the main sources of error in properly
predicting the location and timing of potentially dangerous convective scale storms [Wu et al.,
2013]. Among the entire set of IOPs, some of them were characterized by the presence of a deep
trough over the Thyrrenian sea or by a cyclogenetic area over the Gulf of Genoa (e.g., IOP13,
IOP16c, IOP18). However, for this study, we were interested in weather events that initiated
or developed mainly over the sea that subsequently moved towards coastal areas affecting pop-
ulated regions. Between the above-mentioned IOPs, the IOP13 (14-15 October 2012) heavy
precipitation event, associated with a cold front intrusion from southern France to central Italy,
was the only one that fulfill this requirements. This frontal system took place mainly over the
Mediterranean basin traveling eastwards favoring the development of convective systems. For
this reason, IOP13 was selected to perform our numerical sensitivity simulations. The convec-
tive systems associated to the IOP13 were developed and became organized intermittently in
different areas and times, leading to an additional difficulty generating skillful forecasts for this
event.

During the last 40 years, a variety of different data assimilation (DA) methods (i.e., statisti-
cal procedures that combine observational data and first-guess model state) have emerged with
the main objective of reducing the uncertainty associated with the representation of initial con-
dition. The data assimilation algorithm used in this study is the ensemble Kalman filter (EnKF;
Evensen [1994]), which is a Monte Carlo approximation to the Kalman filter [Kalman, 1960].
One of the main characteristic of EnKF is the estimation of the flow-dependent background-
error covariance, which allows to analyze both observed and unobserved fields through cross-
correlations [Snyder and Zhang, 2003] derived from the ensemble, as opposed to the static ones
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used in most variational data assimilation schemes [Parrish and Derber, 1992, Courtier et al.,
1994]. Interestingly, ensembles initialized by an EnKF analysis produce less biased forecasts for
intense rainfall episodes [Schumacher and Clark, 2014]. Several studies have demonstrated the
ability of EnKF for assimilating data from synoptic-scale to convective-scale [Evensen, 1997,
Houtekamer and Mitchell, 1998b, Anderson and Anderson, 1999, Hamill and Snyder, 2000,
Whitaker and Hamill, 2002, Reichle et al., 2002, Snyder and Zhang, 2003, Dowell et al., 2004,
Zhang et al., 2004, Hacker and Snyder, 2005, Tong and Xue, 2005, Fujita et al., 2007, Snook
et al., 2011, Wheatley et al., 2012, Yussouf et al., 2013b, Carrió and Homar, 2016].

Overall, the above-mentioned DA EnKF studies deal with severe weather events (typically
tornadic supercell thunderstorms, damaging windstorms and flash floods) taking place over
flat terrain (e.g., USA great plains). One of the greatest advantages is that National Weather
Services (NWSs) from United States provide an extensive well-covered observational network,
including observations from conventional (such as METARs (Meteorological Aerodrome Re-
port), mesonet, rawinsondes or aircrafts) and operational Weather Surveillance Radar-1988
Dopplers (WSR-88Ds) that are also quality controlled. These studies, among others, have
confirmed quantitatively the great importance of assimilating reflectivity and radial velocity
observations from Doppler radars to improve such severe weather forecasts. However, it is
noteworthy that EnKF DA studies, as those aforementioned, have in general three main com-
mon features. First, the assimilation phase is typically started when convection is initiated.
This is a critical disadvantage from a practical predictability point of view, because it requires
an active event. The potential of improving the precursor environment that hosts the convective
initiation is not studied in detail. Second, once the last assimilation cycle is finished, the typi-
cal lead time is only a few hours or even minutes ahead. Details on how the forecast initiated
from the EnKF analysis behaves in the short-range (6-24h) are not typically discussed. Third,
severe weather events studied emerge from an isolated convective structure, such as supercells
or mesoscale convective systems (MCSs), with negligible interactions with other active systems.

The present study discusses the potentail predictability of a multiscale DA EnKF system
in improving the short-range forecast of the high impact IOP13 case event. Contrary to past
studies, this heavy precipitation episode initiated over the sea, where a lack of in-situ observa-
tions is present, and was also influenced by high complex orography (e.g., Alps and Pyrenees).
This event was associated with a cold front intrusion progressing over the sea. Embedded in
the front, multiple convective systems emerged and dissipated while interacting among them.
This configuration hampered the generation of an accurate short-range forecast. This work is
devoted to investigate the ability of an EnKF system to produce an accurate pre-convective
environment hours before the onset of deep convective activity over the sea, to improve the
predictability of this event. In particular, we investigate the impact of assimilating a set of
in-situ and radar observations.

5.2 Overview of the IOP13 Heavy Precipitation Event
During the first observation period of the international HyMeX (Hydrological cycle in the
Mediterranean Experiment) project, a heavy precipitation event took place between 14 and
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15 October 2012 (IOP13). This event initially produced intense precipitation over southern
coastal areas of France, later affecting the northern and central parts of Italy (Fig. 5.1). On
15 October, the Italian rain gauge network registered an accumulated precipitation maximum
of 60 mm/24h in central Italy, 160 mm/24h in northeastern Italy and 120 mm/24h in Liguria
and Tuscany. The synoptic situation was dominated by a cold front associated with a wide
upper-level trough extending from northern France towards northern Spain [Ferretti et al.,
2014]. During the night of 14 October a cold front affected the Western Mediterranean region
and during 15 October the system rapidly progressed from France to Italy, advecting low-level
moisture towards the western coast of Italy.

(a) (b)

(c) (d)

Figure 5.1: EUMETSAT multi-sensor precipitation estimate combined with cloud coverage and
lightning distribution depicting the synoptic situation over the Western Mediterranean region
for: (a) 14 Oct 12 UTC, (b) 14 Oct 18 UTC, (c) 15 Oct 00 UTC and (d) 15 Oct 06 UTC.
Images courtesy of EUMETSAT.

In the following hours of 15 October, a shallow secondary minimum pressure system devel-
oped (coupled with a potential vorticity anomaly aloft) in the Gulf of Genoa, and the associated
frontal system moved towards the Tyrrhenian coast, producing moist air advection causing high
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instabilities and favoring deep moist convective activity. During the evening of 15 October, the
low pressure system moved across the northern Italian peninsula, and the associated precip-
itation affected the Balkan area in the morning of 16 October. A complete overview of the
synoptic situation and observational data collected from the IOP13 event can be found in Fer-
retti et al. [2014] and Barthlott and Davolio [2016].

5.3 Methodology

5.3.1 Multiscale WRF Ensemble Design

Given the great influence of meso- and storm-scale processes in the unfolding of the IOP13 im-
pacts, a multiscale ensemble data assimilation system consisting of two nested domains similar
to that used by Yussouf et al. [2015] is used. All experiments performed in this study make
use of version 3.7 of the Advanced Research Weather Research and Forecasting Model (WRF-
ARW; Skamarock et al. 2008). The parent domain is centered over the Western Mediterranean
Sea, covering nearly the entire Europe and part of the northern Africa with a horizontal grid-
point spacing of 15 km (Fig. 5.2). The nested storm-scale domain is centered over Genoa Gulf
with a grid resolution of 3 km (Fig. 5.2). This configuration allows to simulate the easterly
evolution of the cold front system and the associated convective structures that will produce
the registered heavy precipitation events. The two numerical domains are featured with 51
vertical grid levels, from surface to the 50 hPa isobaric level. A 36-member mesoscale ensemble
is initialized at 18 UTC 13 October 2012 using boundary and initial conditions extracted from
the European Center of Medium Range Weather Forecasts global Ensemble Prediction System
(EPS-ECMWF). The EPS-ECMWF consists of 50 perturbed ensemble members plus a con-
trol ensemble member (50+1) using a horizontal and vertical spectral triangular truncation of
T639L62 (∼ 31 km horizontal grid resolution). A Principal Components Analysis and k-mean
clustering technique is used to select the 36 ensemble members with the largest dispersion over
the entire numerical domain [Garcies and Homar, 2009]. To take into account the uncertainties
in the numerical model (Stensrud et al. [2000], Fujita et al. [2007], Wheatley et al. [2012]), dif-
ferent combinations of physics parameterizations are used among the members (see Table 6.1).
The diversity in the physics parameterizations include two shortwave (SW) and longwave (LW)
radiation schemes [Dudhia [Dudhia, 1989] and RRTMG [Iacono et al., 2008]], three planetary
boundary layer (PBL) schemes [Yonsei University (YSU; Hong et al. [2006]), Mellor-Yamada-
Janjić (MYJ; Janjic [1990], Janjić [1996, 2002]), and Mellor-Yamada-Nakanishi-Niino level 2.5
(MYNN2; Nakanishi and Niino [2006, 2009])], and three cumulus parameterizations schemes
[Kain-Fritsch (KF; Kain and Fritsch [1993], Kain [2004]), Tiedtke (Tiedtke; Tiedtke [1989]),
and Grell-Freitas (GF; Grell and Freitas [2013])]. The most relevant common physic options
across the ensemble members are the microphysics and the land surface scheme. The Thompson
microphysics [Thompson et al., 2004, 2008] and the Noah land surface scheme [Tewari et al.,
2004] were used for this study. The parameterization schemes activated in the nested domain
are identical to those in the parent domain except for the cumulus parameterization which is
not required in the nested domain.

141



(3 km)

(15 km)

Liguria

Tuscany

Italy

Mediterranean Sea

Spain

France

Gulf of Genoa

Tyrrhenia Sea

Corsica

Figure 5.2: Mesoscale and storm-scale domains used in all the numerical experiments.

5.3.2 Observations

The NOAA’s Meteorological Assimilation Data Ingest System (MADIS) provides a database
of quality controlled2 conventional data. Fig. 5.3 shows the spatial distribution of the set of
observations containing altimeter pressure, dewpoint, temperature and horizontal winds from
rawinsondes, buoys instruments, METARs and aircrafts that were assimilated in both meso-
and storm-scale ensembles. In addition, reflectivity observations from Météo-France S-band
Doppler radars were assimilated only in the storm-scale ensemble: ALERIA, located in the
Corsica island (France) and NIMES located southern France (Fig. 5.8a). These data contain
5 and 9 scan angles respectively, with 5-min volume scan time, and they are available on the
official website of HyMeX at https://www.hymex.org. With the main objective of avoiding is-
sues related with signal aliasing and to decorrelate observation errors, these quality-controlled
observations are objectively analyzed to a regularly spaced 6-km horizontal grid using the Cress-
man Interpolation algorithm [Wheatley et al., 2015, Yussouf et al., 2015]. Reflectivity values
below 0 dBZ are set to 0 dBZ and are considered to indicate "no precipitation". These prepro-
cessed radar observations are assimilated every 15-min. Unfortunately, no quality controlled
radial velocities are distributed from these radars, and thus the are not assimilated in this study.

To properly assimilate reflectivity observations, DART uses an observation operator that

2using the technique described on-line at https://madis.ncep.noaa.gov/madis_qc.shtml
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estimates reflectivity values from each ith hydrometeor class by a constant ci multiplied by
the 6th moment of the size distribution [Smith Jr et al., 1975, Lin et al., 1983, Smith, 1984,
Schoenberg Ferrier, 1994, Gilmore et al., 2004, Caya, 2004]:

Ze ≈
∑
i

ci

∫ ∞
0

ni(D)D6dD (5.1)

where ci is the radar calibration coefficient, ni(D) is the size distribution, and D is the
particle diameter. The size distribution of the ith hydrometeor class is approximated by an
exponential function:

ni(D) = n0i exp(−λiD) (5.2)

here, n0i is the intercept parameter and λ is the slope parameter of the size distribution.
These parameters are related to the mixing ratio of the species qi by the following expression:

λi =
(
πρin0i

ρqi

)0.25

(5.3)

being ρi the density of the species and ρ the air density. Thus, the assimilation of reflectivity
is associated with a mixture of hydrometeor types in the analysis, such as rain, dry and wet
graupel/hail and dry and wet snow.

5.3.3 EnKF Data Assimilation System
In this study we use the parallel version of the Ensemble Kalman Filter (EnKF, Kalman [1960],
Kalman and Bucy [1961], Burgers et al. [1998]) technique from the Trunk release branch (revi-
sion 9240) of the Data Assimilation Research Testbed software system (DART; Anderson and
Collins [2007], Anderson et al. [2009]).

5.3.3.1 Mesoscale 1-h Data Assimilation

The MADIS conventional observations were ingested hourly from 00 UTC 14 October 2012 to
00 UTC 15 October 2012. This multiscale system runs using a one-way nested configuration
with the parent domain providing boundary conditions for the inner domain. Each assimilation
cycle, the EnKF updates the model state vector composed by the three dimensional prognos-
tic fields of wind velocity, perturbation potential temperature, perturbation geopotential and
perturbation surface pressure of dry air, as well as water vapor and the following hydrometeor
fields: mixing ratio of cloud, rain, ice, snow, graupel and the number of concentration of rain
and ice. It also updates some diagnostic fields such as 10-m wind fields, 2-m temperature and
moisture, surface pressure and 10-cm reflectivity, which is useful to compute diagnostics on the
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Table 5.1: Multi-physic parameterizations used on the WRF ensemble system presented on this
study. Here PBL, SW and LW stand for planetary boundary layer, shortwave and longwave
respectively.

Multiphysic Configuration

Ensemble
Members

Microphysics Cumulus PBL Land Surface SW/RW
radiation

1 Thompson KF YSU Noah Dudhia
2 KF YSU RRTMG
3 KF MYJ Dudhia
4 KF MYJ RRTMG
5 KF MYNN2 Dudhia
6 KF MYNN2 RRTMG
7 Thompson GF YSU Noah Dudhia
8 GF YSU RRTMG
9 GF MYJ Dudhia
10 GF MYJ RRTMG
11 GF MYNN2 Dudhia
12 GF MYNN2 RRTMG
13 Thompson Tiedke YSU Noah Dudhia
14 Tiedke YSU RRTMG
15 Tiedke MYJ Dudhia
16 Tiedke MYJ RRTMG
17 Tiedke MYNN2 Dudhia
18 KF MYNN2 RRTMG
19 Thompson KF YSU Noah Dudhia
20 KF YSU RRTMG
21 KF MYJ Dudhia
22 KF MYJ RRTMG
23 KF MYNN2 Dudhia
24 KF MYNN2 RRTMG
25 Thompson GF YSU Noah Dudhia
26 GF YSU RRTMG
27 GF MYJ Dudhia
28 GF MYJ RRTMG
29 GF MYNN2 Dudhia
30 GF MYNN2 RRTMG
31 Thompson Tiedke YSU Noah Dudhia
32 Tiedke YSU RRTMG
33 Tiedke MYJ Dudhia
34 Tiedke MYJ RRTMG
35 Tiedke MYNN2 Dudhia
36 Tiedke MYNN2 RRTMG
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assimilation results.

Covariances obtained from this modest ensemble size, which are the fundamental key of the
EnKF algorithm, could suffer of significant misrepresentations due to the generation of spuri-
ous correlations, culminating in a poorer analysis [Hacker et al., 2007]. The negative impact
of sampling errors, is minimized by using a covariance localization technique [Houtekamer and
Mitchell, 1998b], which is based on a distance weighting function that goes to zero in distant
region [Sobash and Stensrud, 2013]. For this study we use a Gaussian localization function–the
fifth-order piece-wise rational function of Gaspari and Cohn [1999]– to mitigate the negative
effect due to the use of a limited ensemble system. A half-radius of 230 km in the horizontal
and a half-radius of 4 km in the vertical are applied for the horizontal and vertical localizations.

The use of a moderate ensemble size is associated with a reduction in ensemble spread after
each analysis cycle [Anderson and Anderson, 1999]. To reduce this impact and help to maintain
spread in the mesoscale system, an adaptive inflation is applied to the prior ensemble state for
each assimilation cycle. In this study we use a mean initial inflation value of 1.0 with 0.6 of
standard deviation. Further details on this procedure can be found in Anderson and Collins
[2007] and Anderson et al. [2009].

An additional quality control method is performed by the filter algorithm where the dif-
ference between the observation and the prior ensemble mean exceeds 3 times the square root
of the sum of the prior ensemble variance and the observation error variance. Observational
errors used in this study are analogous to table 3 in Romine et al. [2013] with minor exceptions:
METAR altimeter (1.5 hPa), marine altimeter (1.20 hPa) and METAR and marine tempera-
ture (1.75 K).

5.3.3.2 Storm-Scale 15-min Data Assimilation

In order to better simulate the timing and intensity of the deep moist convective activity of
IOP13, a storm-scale domain with 3 km horizontal grid resolution centered over Genoa is used.
Reflectivity observations from Doppler radars, METAR, radiosonde, aircraft and buoys obser-
vations are assimilated every 15-min from 18 UTC 14 October 2012 to 00 UTC 15 October
2012. Radial velocities from Doppler radars have been demonstrated in past studies very useful
to improve weather forecasts. However, these observations were not assimilated in the present
study because they were not quality controlled and presented aliasing features together with
a very noisy data. The task of performing an efficient quality control algorithm is beyond the
scope of this study. Initial and boundary conditions for the storm-scale 15-min data assimilation
system are obtained from the hourly updated largest mesoscale domain. The no-precipitation
reflectivity observations are also assimilated into the system to help reduce spurious convective
activity that develop in the numerical model [Tong and Xue, 2005, Dowell et al., 2011].

The horizontal and vertical half-radius covariance localization for reflectivity observations
is set to 9 km and 3 km respectively. Additional spread in form of random local perturbations
are added to each ensemble member’s horizontal wind, temperature and water vapor where
reflectivity exceed 25 dBZ, using an additive noise technique [Dowell and Wicker, 2009]. This
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Figure 5.3: Spatial distribution of conventional METARs, maritime buoys, rawinsondes and
ACARs data assimilated on the multiscale system between 12 UTC on 14 Oct and 00 UTC on
15 Oct 2012.

technique is applied once the model state is updated by the filter algorithm and just before
the ensemble is evolved in time until the next assimilation cycle. The local perturbations have
standard deviation of 0.5 m s−1 for horizontal winds and 0.5 K for dewpoint and temperature
[Dowell et al., 2011, Yussouf et al., 2013a]. For the storm-scale data assimilation, the quality
control associated with the filter algorithm also excludes those observations which exceed the
outlier threshold mentioned in the mesoscale data assimilation section. For the reflectivity
observations a standard deviation error of 5 dBZ was adopted, in line with following Wheatley
et al. [2014] and Yussouf et al. [2015].

5.4 Experimental Set-Up Designs

5.4.1 Numerical Simulation Configuration
With the main purpose of assessing the added value of assimilating conventional and Doppler
radar observations in a storm-scale environment, three numerical experiments have been de-
signed. In the first experiment (CNTRL), conventional and radar observations were assimilated.
For the second experiment (SYN), only conventional observations were ingested into the system.
Finally, in the third experiment (NODA), no observations were assimilated. The intercompar-
ison between the experimental results will help quantify the impacts of each observation type
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over the simulations of the IOP13 heavy precipitation event.

5.4.1.1 CNTRL Experiment

The CNTRL experiment is designed to investigate the impact of assimilating both in-situ
conventional and radar observations. Two Doppler radar sites covering part of the maritime
area provide observations during the time period of this simulation. The assimilation of these
radar observations could contribute significantly to improve the forecasts of the initiation of
convection over the sea, as well as to improve the storm representation of both analyzed and
short-range forecast.

The experimental design consists of three phases. On the first phase, the initial sample
which is obtained from the clustering technique applied to the EPS-ECMWF (Section 3.1), is
initialized at 18 UTC 13 October 2012 and it is forecasted 6 hours forward until 00 UTC 14 Oc-
tober 2012 to spin-up the storm-scale domain. Then, on the second phase, hourly conventional
observations (METARs, rawinsondes, aircrafts and buoys) were assimilated from 00 UTC 14
October to 00 UTC 15 October 2012. A rapid-update assimilation cycle (15-min) was also
performed adding reflectivity observations from 18 UTC 14 October to 00 UTC 15 October
(Fig. 5.4 Ia). Finally, the last phase consists in advancing the ensemble analysis, obtained
through the last data assimilation cycle at 00 UTC 15 October, 24-h forward until 00 UTC 16
October.

5.4.1.2 SYN Experiment

This experiment assesses the impact of conventional observations, which are useful to char-
acterize mesoscale atmospheric circulation signatures. The SYN experiment incorporates the
same three phases that the CNTRL one, but with a slight variation in the second phase. SYN
experiment only takes into account in-situ conventional observations, as no radar observations
are incorporated. An hourly data assimilation cycle is performed from 00 UTC 14 October to
00 UTC 15 October 2012. Then, in the forecast step, the new analysis state is integrated 24-h
forward (Fig. 5.4 Ib).

5.4.1.3 NODA Experiment

Finally, an experiment with no data assimilation is run. This experiment is a direct downscal-
ing from the initial sample, obtained from the EPS-ECMWF, from 00 UTC 15 October to 00
UTC 16 October 2012 (Fig. 5.4 Ic). The comparison between NODA, SYN and CNTRL will
highlight on the impact of the observations in each DA experiment. The choice of 00 UTC 15
October as the initial time for NODA, which matches the initial time for the forecast phase
of CNTRL and SYN, allows comparison of the predicted fields as well as the analysis from
the DA experiments. It is important to highlight that the choice of starting the NODA ex-
periment from the EPS-ECMWF at 00 UTC 15 October was made intentionally to be able to
transfer the conclusions obtained into operational contexts. The main argument that supports
the decision of using the 00 UTC 15 October EPS-ECMWF analysis is the rapid error growth
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at the mesoscale and microscale. The large error growth of a free forecast in a case of active
dynamics and spread convective activity likely results in large forecast errors. In an operational
framework, this advises to use the most recent global forecast cycle available, which at the time
the DA analysis is produced is the 00 UTC 15 October.

I) Primitive Experiments Design
Conventional 1-h EnKF DA

Radar 15-min EnKF DA

CNTRL
EXPERIMENT

SYN
EXPERIMENT

NODA
EXPERIMENT

Spin-Up

Conventional 1-h EnKF DA

  Storm-scale InitiationExperiment Initiation

a)

b)

c)

18 UTC
13 Oct

00 UTC
14 Oct

00 UTC
15 Oct

00 UTC
16 Oct

18 UTC 
14 Oct

Free Forecast
 

Period 

(+24h)

II) Additional Experiments Design

Figure 5.4: Timeline of the different multiscale experimental designs employed in this study.
Configuration in section I) corresponds to the primary experiments in this study a) CNTRL,
b) SYN and c) NODA. Section II) corresponds to the experiments performed in the study
of the impact of different DA period lengths in the numerical forecast. CNTRL experiment
performs a 6-h cycle of reflectivity DA, CNTRL_4h experiment performs a 4-h period of DA
and CNTRL_2h experiment performs only a cycle of 2-h of DA.

5.4.2 Verification Scores
To quantitatively evaluate the quality of the forecasts, several categorical and probabilistic
verification scores have been used. As this study is focused on the improvement of a high
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precipitation event forecast, the verification is performed over the accumulated precipitation
field (mm h−1). Observational data registered by the Italian rain gauge network was used for
this purpose.

One of the most widely used verification scores in the community to assess the forecast
accuracy is the root mean squared error (RMSE). In this study, RMSE was computed for the
accumulated precipitation fields from the three above-mentioned experiments.

The Brier score (BS; Wilks [2011]) is similar to the RMSE but for probabilistic forecasts of
an event. The Brier score is negatively oriented, with perfect forecasts exhibiting BS=0. The
Brier skill score (BSS) is commonly used to compare the probabilistic forecast to a reference
forecast (e.g., climatology). In this study, the NODA experiment is taken as the reference,
leading to:

BSS = 1− BS

BSNODA
(5.4)

Hence, this score will indicate whether the CNTRL and SYN experiments improve upon the
NODA experiment. Positive values of BSS imply an improvement with respect to the NODA
experiment.

The relative operating characteristics (ROCs, Mason [1982], Stanski et al. [1989], Harvey Jr
et al. [1992]) is considered a recommended method by the World Meteorological Organization
for indicating the skill of a probabilistic weather forecasts. It compares the hit rate (warn-
ing provided correctly) against the false-alarm rate (warning provided incorrectly) for different
probability thresholds. In the present study we applied the area under the relative operating
characteristics (RAUCs, Stanski et al. [1989], Schwartz et al. [2010]) which is also a widely used
method to assess the quality of the forecasts. Perfect forecasts render RAUC=1.

Taylor diagrams [Taylor, 2001] are another way of proving graphical verification information.
These diagrams display different patterns (experiment ensembles) in terms of their correlation,
root mean squared error and amplitude of their variations (standard deviations). Taylor di-
agrams are useful tools to perform intercomparisons among multiple experiments, as those
performed in this study.

5.5 Results
We discuss in this section the most relevant aspects of the experiments performed. First, the
ability of the EnKF algorithm to fit the model state to the observations is discussed. Second,
a quantitative verification of the short-range forecast using the above-mentioned scores is per-
formed with the main aim of estimating the impact of the initial conditions obtained in the
previous assimilation step.
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(a) Altimeter (RMSI, Spread, Bias)
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(b) Dewpoint (RMSI, Spread, Bias)
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(c) Wind (RMSI, Spread, Bias)
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Figure 5.5: Observation-space diagnostics for 1-h assimilated conventional data during a period
of 24 hours on the 14 October 2012. Values for RMSI, Bias and total spread for each DA
experiments are depicted for (a) 2m temperature, (b) 2m dewpoint and (c) 10m y-component of
wind observations. RMSI for the forecast period is also added. For each these observations there
are an additional panel showing the total number of available observations (dashed black lines),
the number of assimilated observations (solid dark lines) and the percentage of assimilated
observations (gray lines).
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5.5.1 Observation-Space Diagnostics
With the primary purpose of checking that the assimilation process is performing as expected,
observation-space diagnostic statistics of the root mean squared innovation (RMSI), total en-
semble spread and bias are calculated [Dowell and Wicker, 2009, Dawson II et al., 2012, Yussouf
et al., 2013a, Wheatley et al., 2014]. The RMSI gives a measure of the overall fit of the forecasts
and analysis to the observations and it can be defined as:

RMSI =
√
< d2 > (5.5)

where d=yo−H(x) is the innovation, defined as the difference between observations and the
interpolated mean simulated values. H is the forward observational operator which converts the
numerical model fields (in model-space) to the equivalent observed measures (in observation-
space). H also performs the corresponding spatial interpolation which allows to compare the
model and the observations point-wise. The angle brackets indicate expected value over all
assimilated observations in order to quantify the impact of assimilating observations into the
system, the RMSI is computed before (prior; xf ) and after (posterior; xa) each analysis cycle.
The second statistic measure is the total ensemble spread (TS) defined by Dowell and Wicker
[2009] as:

TS =

√√√√σ2
obs+ <

1
N − 1

N∑
n=1

[H(xn)−H(x)]2 > (5.6)

where σobs is the observational standard deviation error assumed for each kind of assimilated
observation and N is the ensemble size (i.e., 36). Alternatively, the bias highlights systematic
errors associated with the ensemble performance. Analyses bias has been calculated through
the mean innovation as Yussouf et al. [2015]:

Bias =< −d > (5.7)

The hourly conventional data ingested from 00 UTC 14 October to 00 UTC 15 October
was firstly evaluated for every MADIS observation type by calculating the above-mentioned
statistics prior- and posterior- to each analysis cycle, generating in this way a sawtooth-like
pattern of these diagnostics. Prior and posterior RMSI values for the entire set of conventional
observations range from ∼ 0.5 to 1.5 (K, hPa or m s−1) during the assimilation period (Fig.
5.5). Diagnostics from the 2-m temperature and the x-component of the wind show similar
behavior with the dewpoint and y-component of the wind, respectively. These errors together
with the spread show a slight growth in the early part of the assimilation due to the spin-up
effect of the data assimilation system and afterwards they remain stable around the observa-
tional error, which is a sign of robustness and performance of the system.

RMSI was computed during the window assimilation (from 00 UTC 14 October to 00
UTC 15 October) for all DA experiments with the aim of showing the model error growth
between assimilation steps corresponding to the different experiments (Fig. 5.5). In general, it
can be shown that the inclusion of radar observations help reducing the RMSI through cross-
correlations, although this effect is very sensitive to the meteorological fields. The RMSI for the
10-m wind is greater reduced when radar observations are assimilated than the RMSI for 2-m
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dewpoint or temperature. The 24-h forecast verification among the different DA experiments is
also depicted in the same figure, showing that in general, the assimilation of reflectivity obser-
vations help to reduce the error of the above-mentioned variables (Fig. 5.5). It is also important
to note that the forecast error growth after all DA cycles is similar to those during the DA cycles.

The consistency ratio (CR; Dowell et al. [2004]) diagnostic is used to assess the consistency
between the prior ensemble spread and RMSI with the observation error:

CR = (TS)2

(RMSI)2 =
σ2
obs+ < 1

N−1
∑N
n=1[H(xn)−H(x)]2 >
< d2 >

(5.8)

where the total spread and RMSI are calculated over the prior states.
Thus, a consistency ratio of ∼1.0 suggests that the prior spread is a good approximation of the
forecast error for the assumed observation error. Consistency ratios computed for the whole
period of assimilation generally fall between 0.5 and 1.5 (Fig. 5.6). For altimeter observations,
large values of consistency ratio are observed during the first hours of the assimilation window,
gradually decreasing as the system assimilates new observations and until the last cycle of the
assimilation window, where proper values of consistency ratio were reached (Fig. 5.6a).

Diagnostic statistics were also calculated to the rapid-update (15-min) storm-scale radar
data assimilation (Fig. 5.7), for regions where reflectivity exceeds 20 dBZ. Initially, before the
first reflectivity assimilation cycle, the RMSI depicts a large value of 22 dBZ, attributable to
the lack of maritime convective systems identifiable on the radar fields. As the EnKF system
cycles forward in time, these errors start decreasing and at the end of the assimilation window
the RMSI reach approximately 3 dBZ (Fig. 5.7a). The BIAS is also corrected down to around
10 dBz, similar to Dong and Xue [2013]. Such high innovations reveal the limited ability of the
model to maintain the convective systems introduced by the assimilation filter. Analogous to
the conventional statistics results, the total spread does not depict any collapse or divergence
of the ensemble system, remaining stable most of the DA window indicating robustness of the
data assimilation design. Consistency ratio for the reflectivity shows an initial growth during
the spin-up period from 0.2 to 0.5, and then remain stable for the rest of the assimilation
period (Fig. 5.7b). These consistency ratio values (< 1) indicate that the ensemble system is
underdispersive for the reflectivity observations treated. In general, this property is a common
issue in real data assimilation studies at these scales [Aksoy et al., 2009, Snook et al., 2011,
Jung et al., 2012, Yussouf et al., 2013a, Wheatley et al., 2014].

5.5.2 Model-Space Diagnostics
A new set of initial conditions (analysis) were obtained at 00 UTC 15 October through the
posterior ensemble obtained from the last data assimilation cycle. At this time, a qualitative
evaluation of the reflectivity fields retrieved from each experiment with the observed reflectivity
corresponding to ALERIA and NIMES radars (Fig. 5.8) was performed. CNTRL simulates a
significant meso convective system (MCS) eastern Corsica Island (see S1 pattern in Fig. 5.8c-d)
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and over the Gulf of Genoa (see S2 pattern in Fig. 5.8c-d). A direct visual intercomparison
against SYN shows that reflectivity assimilation also contributes in reducing the intensity of
some convective structures offshore southern France and removing spurious convection gener-
ated by the model (see S3 and S4 patterns in Fig. 5.8b-d). On the other side, NODA (Fig.
5.4a) initially does not develop reflectivity structures because it is a cold start simulation, and
some time is needed to allow the model to generate convective structures. Thus, the assimila-
tion of conventional and radar observations allows to produce realistic convective structures at
the correct location. However, the intensity of some of these simulated convective structures is
overestimated compared to the observations (e.g., S2 pattern in Fig. 5.8c-d).

(a) Altimeter Consistency Ratio
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(b) Dewpoint Consistency Ratio

00
:0

0

01
:0

0

02
:0

0

03
:0

0

04
:0

0

05
:0

0

06
:0

0

07
:0

0

08
:0

0

09
:0

0

10
:0

0

11
:0

0

12
:0

0

13
:0

0

14
:0

0

15
:0

0

16
:0

0

17
:0

0

18
:0

0

19
:0

0

20
:0

0

21
:0

0

22
:0

0

23
:0

0

00
:0

0

Time (hours)

0.5

0.0

0.5

1.0

1.5

2.0

2.5

Co
ns

ist
en

cy
 R

at
io

CR_DEW
No. of DEW Observations

130

140

150

160

170

180

190

200

210

220

No
. o

f O
bs

er
va

tio
ns

(c) Wind Consistency Ratio
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Figure 5.6: Consistency ratios (solid lines) calculated using the prior ensemble mean during the
whole period of conventional DA on the 14 October 2012. Number of assimilated observations
(dashed lines) are also depicted. Grey areas indicate the range of consistency ratios closer to
the perfect score (CR=1).

Conventional and radar data assimilation in the EnKF modify substantially the dynamical
and thermodynamical environment represented by the numerical model. For this case, the
assimilation of such observations revealed a greater impact in the thermodynamic environment
(characterized by the equivalent potential temperature) than in the dynamic fields. The im-
pact in the thermodynamic environment linked to every type of observation assimilated, was
analyzed using differences between the assimilation-experiments (CNTRL, SYN) and the no-
assimilation experiment (NODA), or the differences between CNTRL and SYN experiments
(Fig. 5.9). In the first instance, the impact of assimilating both conventional and radar reflec-
tivity observations compared with the NODA experiment (Fig. 5.9b) is to warm the column of
air (∼ 12 K) located between 41.56◦N/10.81◦E and 41.15◦N/11.31◦E that is related with the
latent heat release from the MCS (S1 in Fig. 5.8c) generated by the assimilation of reflectivity
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data. A secondary warming corresponding to a smaller convective cell over eastern Corsica
island (Fig. 5.8c) is also present to the west of the above-mentioned main MCS. The second
main effect of assimilating reflectivity data (CNTRL experiment) is the modification of the
cold front system intrusion (westernmost part of the cross section). It can be shown that the
assimilation of such observations cools down (∼ -9 K) the cold front system which was the main
triggering mechanism of convection of this event, and also it is moved forward to the east of the
cross section. The impact of the assimilation from conventional observations (Fig. 5.9c), shows
that the cold front cooling was mainly due to these observations. Finally, the comparison of the
impact of assimilating reflectivity versus conventional data shows that the main impact of the
reflectivity data in the thermodynamical environment is to warm up the column for the largest
MCS and warming along the convective structure east of Corsica (Fig. 5.9d). Although the
assimilation of observations significantly affects the thermodynamic environment,it is also im-
portant to highlight the effect on the dynamical field, represented by the wind field. The cross
section of the wind shows how the assimilation of conventional observations increases the wind
along the cold front, shifting the cold front system eastwards. Thus, the impact of conventional
observations is mainly to cool the atmosphere and shift the cold front system eastwards.

(a) Reflectivity Sawtooth Pattern

(b) Reflectivity Consistency Ratio
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Figure 5.7: As in Fig. 5.5 and Fig. 5.6, but for the 15-min radar data assimilation experiment
from 18 UTC 14 October to 00 UTC 15 October 2012.
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A forecast initialized at 00 UTC 15 October was launched for each experiment and one of
the most notable aspects found was that the MCS (S1 in Fig. 5.8c) developed eastern Corsica
by the CNTRL simulation, gradually lost intensity while it was moving towards the Italian
coast (Fig. 5.10). When this MCS arrived to the coast at 02 UTC 15 October, a mismatch
between the shape and intensity of the system and the observations is clearly observed (Fig.
5.10c-d). At 04 UTC, the observed MCS still remained over the Italian coast while the CNTRL
simulated reflectivity field does not produce any significant signal at the same location. Thus,
deep convective structures inserted in the numerical model through reflectivity data assimilation
rapidly decay within 4-6 hours in the forecast. As time evolves, simulated convective systems
in both SYN and CNTRL experiments become more similar to the NODA ones. Therefore,
assimilating observations does not have significant effect after a few hours, in this case, after 6
hours approximately.

The inability of the forecast model to maintain structures generated by the assimilation
filter is a well known limitation of EnKF systems, even under favourable circumstances such
as the simulation of mostly isolated well-defined structures like cyclones, mesoscale convective
systems or supercells (e.g., Fujita et al. [2007], Snook et al. [2011], Wheatley et al. [2012],
Stensrud et al. [2013], Wheatley et al. [2015], Yussouf et al. [2016]). These studies typically
are focused on isolated weather systems that rarely interact with other convective systems or
complex geographical features. In addition, most storm-scale assimilation experiments in the
literature benefit from using dense observational networks with excellent monitoring strategies
that result in valuable quality controlled observational databases used in the assimilation pro-
cess. For the present study, we highlight the potential of EnKF techniques in a region with lack
of in-situ observations where most of them are located in high complex terrain. We also show
the weaknesses of current observational systems, in the Mediterranean region, helping in the
improvement of the predictability of severe weather events that produce high economical and
social losses. Better regional initiatives to promote building quality observational databases
would help overcome the challenges that the lack of observations and the complex geographical
features pose to storm-scale data assimilation in the Mediterranean. In addition to the inherent
model difficulty in maintaining the convective structures introduced by the data assimilation
system, there is another predictability challenge associated with this kind of case study. This
event was affected by multiple intermittent convective cells associated with the evolution of
the cold front that swept the Italian peninsula during the late hours of 14 and the entire 15
October. The final analysis obtained from the EnKF contains information of active convection
before the first hours of 15 October. In spite of the fact that conventional and radar assimila-
tion also helps to improve the thermodynamical and dynamical environment is not enough to
initiate new observed convection later on.

As it was mentioned in the introduction section, this event was characterized as a heavy
precipitation episode. For this reason and with the major aim of studying the impact of as-
similating the above-mentioned observations in the short range forecast, the 2-h accumulated
precipitation was computed for each experiment (Fig. 5.11). The CNTRL simulation reveals
a better agreement in the location of the maximum amount of 2h accumulated precipitation,
compared to SYN and NODA simulations, with the observations provided by the Italian rain-
gauges close to the Genoa Gulf (see O1 in Fig. 5.11d). SYN experiment shows a maximum
of 2h accumulated precipitation over the Genoa Gulf but shifted northwestwards relative to
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(a) NODA Experiment (b) SYN Experiment

(c) CNTRL Experiment (d) Observations

Figure 5.8: Ensemble-mean reflectivity for (a) NODA, (b) SYN and (c) CNTRL experiments
at analyses time (00 UTC 15 October 2012). The observed reflectivity field (d) at the same
time is also shown. Gray dashed circumferences depicts the influence range of the radars. Red
circles corresponds to areas of interest discussed in the manuscript. Gray line represents the
location of a vertical cross section used along this study.

the observations. In addition, the assimilation of reflectivity observations helps to reduce the
amount of precipitation depicted by the SYN simulation in some areas of the numerical domain
(e.g., O2 in Fig. 5.11b-c). At this time and due to its cold-start initiation, NODA simulation
was influenced by the spin-up period depicting a precipitation field that does not correspond
to the observations. At 06 UTC the NODA simulation depicts a maximum of 2h accumulated
precipitation close to the maximum observed in northern Italy but it is overestimated (see O3
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(a) NODA

(b) CNTRL vs NODA

(c) SYN vs NODA

(d) CNTRL vs SYN

Figure 5.9: Vertical cross section along the inner domain depicted in Fig. 5.8a, showing the
ensemble mean equivalent potential temperature and wind for a) the NODA experiment and
also for the differences between experiments b) CNTRL-NODA, c) SYN-NODA and d) CNTRL-
SYN at the analysis time (00 UTC 15 October 2012).
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(a) NODA Experiment (b) SYN Experiment (c) CNTRL Experiment (d) Observations

(e) NODA Experiment (f) SYN Experiment (g) CNTRL Experiment (h) Observations

(i) NODA Experiment (j) SYN Experiment (k) CNTRL Experiment (l) Observations

Figure 5.10: Ensemble-mean reflectivity for NODA, SYN, CNTRL experiments and the asso-
ciated reflectivity observations at 02 UTC (a,b,c,d), 04 UTC (e,f,g,h) and 06 UTC (i,j,k,l) on
15 October 2012.

and O5 in Fig. 5.11e,d). The assimilation of conventional and reflectivity observations improve
the location and intensity of the 2h accumulated precipitation forecast (Fig. 5.11g) and also
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improve some overestimated precipitation areas depicted by the SYN simulation (see O4 in Fig.
5.11f-d). Ten hours after the forecast initiation, CNTRL simulation still has the 2h accumulated
precipitation forecast that is closer to the observations than the SYN and NODA experiments
(Fig. 5.11k). Although NODA simulation depicts with good accuracy the maximum amount
of precipitation near the Genoa Gulf, (O6 in Fig. 5.11f-d), it under-performs the accumulated
precipitation in O7. In addition, NODA simulation overestimates the precipitation amount in
O8 and O9. By this time, the differences between SYN and CNTRL simulations are negligible.

To quantitatively assess the impact of data assimilation on the forecast, several categorical
and probabilistic verification scores (introduced in section 4.2) were used for the 2-h accumu-
lated precipitation field (Fig. 5.12). First, we focused our attention at the very short range
forecast (2-8 h). Over this short-range forecast period, the RMSE, BSS and RAUC scores
for the CNTRL experiment indicate best skills, followed by the SYN and NODA experiments
respectively. This score shows that CNTRL simulation has initially lower errors compared with
SYN and NODA results, which depict similar RMSE along the entire forecast period (Fig.
5.12a). These results are in agreement with the differences discussed above for Fig. 5.11. Dur-
ing the first 10 hours of forecast, CNTRL experiment still having the best scores in terms of
RMSE, and then the scores from all three experiments evolve essentially together becoming
indistinguishable until the end of the forecasts where the errors range from 4-5 mm.

To be able to quantify the results from our simulations in terms of the accuracy of their prob-
abilistic forecasts, the BSS using a threshold of 10 mm and also using as reference the NODA
experiment was computed (Fig. 5.12b). The BSS indicates that the CNTRL probabilistic fore-
cast (bounded to this threshold) exhibits a strong positive impact from the assimilation of both
radar reflectivity and conventional observations during the first 8-10 hours. On the other hand,
SYN results show a negative impact of the conventional observations assimilation, contrary
what one may expect from results depicted in Fig. 5.11a-d. However, Fig. 5.11b, shows hat the
maximum accumulated precipitation pattern simulated in the Genoa Gulf is shifted from the
observations towards the northwest of Italy, producing false alarms that penalize the forecast
skill in terms of BSS. After 10 hours of the initiation of the forecast, BSS shows similar behav-
iors for both CNTRL and SYN experiments. By this time the assimilation of conventional and
reflectivity observations does not have a positive effect compared with the NODA simulation.
The area under the ROC curve is also computed to evaluate the results obtained in terms of
probabilistic forecasts (Fig. 5.12c). Again, CNTRL experiment depicts the best verification
scores within the first hours of simulation, with values compressed between 0.84-0.86, reaffirm-
ing that the assimilation of conventional and reflectivity observations improve the short-range
forecasts.

Finally, to complete our attempt to quantitatively measure the skill of our experiments in
terms of 2-h accumulated precipitation, the Taylor diagram (Fig. 5.13) was computed at 02, 04
and 06 UTC 15 October. This diagram allows to analyze the accuracy of the ensemble mem-
bers, quantifying the correspondence with the observations in terms of: Pearson correlation,
RMSE and standard deviation. Results at 02 UTC show that ensemble members from the
CNTRL simulation are characterized to have the highest correlation values (0.6-0.8) and lowest
RMSE compared to the SYN and NODA experiments (Fig. 5.13a). Regarding the spread of
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(a) NODA Experiment (b) SYN Experiment (c) CNTRL Experiment (d) Observations

(e) NODA Experiment (f) SYN Experiment (g) CNTRL Experiment (h) Observations

(i) NODA Experiment (j) SYN Experiment (k) CNTRL Experiment (l) Observations

Figure 5.11: Ensemble-mean 2-h accumulated precipitation for NODA, SYN, CNTRL experi-
ments and the associated 2-h accumulated precipitation estimates from raingauges observations
valids at 02 UTC (a,b,c,d), 06 UTC (e,f,g,h) and 10 UTC (i,j,k,l) on 15 October 2012.
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the ensemble, the CNTRL ensemble depicts the largest standard deviations ranging from 2.4
to 5.7 mm, indicating that the assimilation of both conventional and reflectivity observations
introduces extra variability to the ensemble. At this time, the NODA experiment has the worst
performance, with correlation ranging from 0.2 to 0.4 and standard deviations values for all the
ensemble members below the mean value associated with the observations. As the forecasts
advanced in time the three different ensemble clusters (NODA, SYN and CNTRL) converge,
becoming almost indistinguishable.

(a) RMSE (b) BSS

(c) RAUC

Figure 5.12: Statistical verification scores a) RMSI, b) BSS and c) RAUC used for the forecast
verification of the 2-h accumulated precipitation over the Italian region within the inner domain
of simulation.

5.5.3 Sensitivity on the Reflectivity DA Period Length
Reflectivity assimilation window in the CNTRL simulation was set up to 6 hours performing
assimilation cycles every 15-min. With the main purpose of quantitatively assess the impact
of the assimilation window length on the short-range forecast, two additional experiments were
performed. Although the assimilation period was modified it still having the same assimilation
frequency (see Fig. 5.4 II). On the one hand, the CNTRL_4h experiment assimilates reflec-
tivity observations during 4 hours, from 20 UTC 14 October to 00 UTC 15 October. And in
the other hand, CNTRL_2h experiment only assimilates observations during 2 hours, from 22
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UTC 14 October to 00 UTC 15 October.

(a) (b) (c)

Figure 5.13: Taylor diagrams performed by the CNTRL (green points), SYN (blue points) and
NODA experiments (red points) for the 2-h accumulated precipitation valid at a) 02 UTC, b)
04 UTC and c) 06 UTC on 15 October 2012.

The analysis in the CNTRL_2h at 00 UTC 15 October reveals that the 2-h accumulated
precipitation field missed in locating the maximum amount of observed precipitation, shifted
northwards. This simulation results also show signs of underestimation in the amount of precip-
itation near the Genoa Gulf and northern Italy in comparison with the raingauges observations.
However, when the assimilation window is elongated with two additional hours (CNTRL_4h),
errors in the location of the maximum amount of precipitation and the underestimation values
in some areas of the numerical domain are reduced significantly. These uncertainties in the CN-
TRL_2h and CNTRL_4h experiments are related with a poor representation of the northern
part of the cold front system, covered by NIMES radar. This fact reveals the key role of NIMES
radar in improving the depiction of the atmosphere state and the corresponding forecast. To
evaluate quantitatively this effect from the probabilistic point of view, RAUC statistics are
performed (Fig. 5.14). Results over the 2-h accumulated precipitation field confirm that CN-
TRL_2h gives the worst RAUC score, followed by the CNTRL_4h experiment indicating the
relevance of the duration of the reflectivity assimilation period. These results agree with Dong
and Xue [2013] regarding the importance of assimilating reflectivity observations during assim-
ilation window periods longer than 2h to obtain accurate forecasts using the EnKF system.
In addition, RMSI for the assimilation and forecast periods are also depicted together with
the other DA experiments, showing that CNTRL_4h and CNTRL_2h are indistinguishable
verifying over 2-m temperature, dewpoint and 10-m wind (Fig. 5.5). However, more studies
with similar features (such as, lack of observations, development of the thunderstorm over the
sea and influence of complex orography) need to be performed to confirm these conclusions.
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Figure 5.14: As in Fig. 5.12 c, but for the sensitivity experiments: CNTRL (triangle marker),
CNTRL_2h (dot marker) and CNTRL_4h (square marker).

5.6 Summary and Conclusions

During 14 and 15 October 2012, the HyMeX IOP13 heavy precipitation event advanced from
southern coastal areas of France and towards central and northern populated areas of Italy.
This event was associated with the intrusion of a cold front system that evolved mainly over
the Western Mediterranean sea favoring intermittent mesoscale convective systems to develop
that moved eastwards hitting the coastal area of Italy.

One of the most relevant source of uncertainties in numerical weather prediction is related
with the predictability of first kind [Mu and Duanand Jiacheng, 2002]. This work aims to
explore, for the first time, the ability of a multiscale EnKF DA to improve the predictability of
severe weather events initiated over large maritime areas affected by high complex topography
, such as the Mediterranean basin, where a lack of in-situ observations is present. Under such
data sparsity observations available in these regions cannot be quality controlled at the same
level as the operational network used in USA National Prediction Centers and poses a serious
challenge to the prediction of Mediterranean severe weather events initiated over the sea. With
the main objective of improving the representation of the atmosphere state and thus improving
the short-range numerical forecasts of this maritime event, several multiscale numerical data
assimilation experiments using the EnKF algorithm were performed. The impact of assimi-
lating in-situ conventional observations (ACARs, rawinsondes, METARs and maritime buoys)
from MADIS database was evaluated. The impact of assimilating such observations (SYN)
could be significant due to the advection of important synoptic/mesoscale features from coastal
areas towards the sea by the assimilation cycle. Reflectivity data from two radars, one located
southern France (NIMES) and the other in Corsica Island (ALERIA), together with the con-
ventional observations were also assimilated (CNTRL). The spatial radar range of these radars
covers a significant part of the sea where the cold front was located and provides information
about active convective cells, that moved towards the Italian coast. To assess the quality of the
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underlying analysis fields, a numerical simulation without assimilating any kind of observations
was also performed (NODA).

Results from these numerical experiments revealed that accumulated precipitation fields
from CNTRL run (over the first 8-10 hours of the simulation) were closer to the raingauge
observations than the SYN and NODA experiments. Close inspection of the simulated reflec-
tivity fields indicates that CNTRL simulation reproduced more precisely the observations of
the mesoscale convective system over the sea, producing precipitation that SYN and NODA ex-
periments did not simulate. The assimilation of conventional and reflectivity data also modified
the dynamical and thermodynamical environments. Equivalent potential temperatures showed
that the intensity and position of the cold front was modified (intensifying and moving forward
such system) mainly by the conventional data assimilation effect. In contrast, reflectivity data
assimilation had the major impact in warming the portion of the atmosphere associated with
the development of deep convection.

To quantitatively assess the accuracy of each numerical experiment, several verification
scores, such as RMSE, RAUC, BSS and Taylor diagrams, were computed. These scores indi-
cate that the assimilation of both conventional and reflectivity observations have a major impact
on the forecast, achieving the best verification scores among the other experiments during the
first 10 hours. Another important feature to highlight is the behavior of the forecasts for the
CNTRL, SYN and NODA experiments after the first 8-10 h from the final analysis at 00 UTC.
The forecasts of the three experiments basically converge after 10 hours and they become essen-
tially indistinguishable. Hence, the assimilation of radar and conventional observations does not
have a significant impact beyond 10 hours of free forecast. This is likely due to both the diurnal
cycle minimum and the effects from our lateral boundary conditions from the large scale model.

Finally, we investigated the impact of the data assimilation window length on the CNTRL
experiment. Two experiments were performed reducing the reflectivity window length from
6 to 4 and 2 hours. Results showed that a 2-h window period was not enough to accurately
represent the state of the atmosphere, mainly because during such short time period, the model
can not represent sufficiently the convective structures responsible for the reflectivity intended
to be assimilated.

In this study, the assimilation of high-resolution reflectivity observations have shown a great
impact on the short-range forecast of maritime originated intermittent deep convective cells.
However, a few number of radar instruments are located near coastal areas and they only
cover a relative small area of maritime surface. For this reason, to further study the impact
of assimilating observations to high impact weather initiated and developed over the sea, the
assimilation of observations retrieved from meteorological instruments on board satellites is
left for future studies. Among the available satellite products, we are interested in rapid-scan
atmospheric motion vectors (RS-AMVs), which provide wind vector estimates over areas not
covered by other observation means. These observations will be assimilated every 20 minutes
together with conventional observations. The aim of this current research is to assess the im-
pact of RS-AMVs on the predictability of maritime severe weather events.
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Chapter 6

Value of satellite data assimilation:
Rapid Scan Atmospheric Motion
Vectors1

In this chapter, the potential value of assimilating satellite derived observations over maritime
areas, where most of the severe weather events affecting the Mediterranean basin are initi-
ated and developed, is assessed using the EnKF. Among the wide spectrum of maritime severe
weather events, tropical-like Mediterranean cyclones (medicanes) draw particular attention,
specially due to the low numerical predictability associated to this kind of phenomena. In
particular, the 7 October 2014 medicane event, also called Qendresa, was selected as case study
due to its inherent low predictability.

During late hours of 7 November 2014 a small-scale cyclone was detected over the Sicilian
channel, affecting the Islands of Lampedusa, Pantelleria and Malta. Gust winds values ex-
ceeding 42.7 m s−1 and a pressure drop above 20 hPa in 6 h were registered in Malta. Clear
signature of a well-defined cloud-free eye surrounded by convective activity of axisymmetric
character was identifiable through IR satellite imagery during the late stages of the cyclone
lifecycle, resembling the properties of a hurricane. The cyclogenesis and posterior development
of this small-scale cyclone, as well as its physical nature, are investigated with numerical sen-
sitivity experiments.

These extreme maritime weather events are typically associated with a poor representation
of the initial conditions of the atmospheric state mainly due to the lack of in-situ conven-
tional observations. For this reason, they have been characterized to have a low numerical
predictability [Carrió et al., 2017, Pytharoulis et al., 2018]. With the main aim of improving
the predictability of such event, this study attempts to improve the initial conditions represen-
tation through the assimilation of high spatial and temporal observations from meteorological
instruments on board satellites, covering the entire Mediterranean Sea. In particular, the as-
similation of three-dimensional wind vector information from satellite retrievals, referred to as

1The content of the first part of this chapter is based on the paper Carrió, D. S, Homar, V., Jansa, A.,
Romero, R. and Picornell, M.A., 2017: Tropicalization process of the 7 November 2014 Mediterranean cyclone:
Numerical sensitivity study. Atmos. Res., vol. 197,p. 300-312.

165



Atmospheric Motion Vectors (AMVs), is proposed to improve the entire atmosphere dynamics
and in particular, the upper level dynamics (e.g., Potential Vorticity streamer or mid and upper
level troughs), that was found to play a key role in this particular case [Carrió et al., 2017] for
accurately forecast the track and intensity of this medicane.

6.1 Introduction
Among the entire set of high-resolution observation platforms available, the assimilation of both
ground-based radar [e.g., Snyder and Zhang [2003]] and satellite [Jones et al., 2015] observations
have been demonstrated to be very valuable in order to enhance the predictability of tropical
cyclones, heavy precipitation events or even tornadoes. Several studies have shown the benefits
of assimilating radar data and found that both radial velocity and reflectivity observations pro-
vide information leading to improvements of convective-scale analyses and the corresponding
forecasts [Snyder and Zhang, 2003, Dowell et al., 2004, Tong and Xue, 2005, Dawson II et al.,
2012, Aksoy et al., 2009, Yussouf et al., 2013a]. Most of the radar data assimilation studies
are focussed on performing an accurate analysis of mature convection with the main aim of
improving the short-range forecasts of severe weather events, such as storm-scale tornadic cir-
culations. However, the correct representation of the early near-storm environment, that is
equally or more important to enhance the predictability of such events, has received somewhat
less attention.

One of the main disadvantages of radar data assimilation is the lack of influence from the
nonprecipitation phase of cloud development during convective initiation. It does not provide
significant information from the near-storm environment. Improving the time and location
forecast of convection initiation has demonstrated to be a significant challenge [Kain et al.,
2013], and for this reason the research line focused in determining a way to include information
relating to convection initiation into the numerical model is receiving greater interest in the
research community [Mecikalski et al., 2013].

From the convection initiation and near-storm environment problems, the assimilation of
high spatial and temporal frequency satellite observations emerged as a potential solution [Vu-
kicevic et al., 2004, 2006, Polkinghorne et al., 2010, Polkinghorne and Vukicevic, 2011, Zupanski
et al., 2011, Jones et al., 2013, Zhang et al., 2013]. Assimilation of satellite observations are ac-
tually performed following two different approaches. The first approach consists in assimilating
direct satellite infrared and microwave radiances via a radiative transfer model (RTM) built
into the forward operator [Vukicevic et al., 2004, McNally et al., 2006, Otkin, 2010, Zupanski
et al., 2011]. This approach avoids uncertainties associated to various retrieval algorithms that
differ from satellite to satellite [Derber and Wu, 1998, Errico, 2000a] and generally performs
best in clear-sky regions. The assimilation of cloudy radiances increases the uncertainties and
adds the complication of potential differences in cloud microphysics assumptions between the
model and the RTM [Zupanski et al., 2011]. Satellite radiances usually contain high correlated
errors between different frequency bands [Bormann and Bauer, 2010], hampering its proper
assimilation without introducing significant errors. Furthermore, radiance observations are fre-
quently biased, which is particularly significant when convective-scales are considered, limiting
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considerably the forecast skill. Although recent bias correction methods have shown benefits
in global data assimilation configurations (e.g., Derber and Wu [1998], Fertig et al. [2009],
Miyoshi et al. [2010]), the procedure for regional data assimilation is not well established. The
second method used to assimilate satellite data is through the use of derived products, known
as retrievals (such as profiles of geophysical quantities (T, q, CO, ...) or cloud water paths).
Retrievals are easier to interpret because they provide information that can be directly related
with atmospheric variables, and its assimilation avoids the use of relatively complicated RTM.
Although both methods are slightly different and contain different types of errors associated,
the overall information drawn from them has been found to be equivalent [Migliorini, 2012]. For
the above-mentioned reasons, in this study only satellite-derived products will be considered.

Over the last years, much efforts have been dedicated to improving the forecasting of Tropical
Cyclones (TCs), which can cause flooding, heavy rain and strong winds resulting in numerous
casualties and huge property damage. Despite the recent improvements of numerical weather
prediction (NWP) systems, the correct forecasting of TC track and intensity remains a big chal-
lenge [DeMaria et al., 2014]. In addition, TCs life cycle occurs mainly over the ocean, where a
lack of in-situ observations are present, and thus limiting our ability to determine potentially
relevant aspects of the atmospheric state. Data assimilation techniques play a crucial role in
improving the knowledge of initial conditions and the subsequent forecasts through the effective
use of the available observations. Thus, assimilating special observations collected during field
experiments (e.g., aircrafts or rawinsondes) and satellite-derived observations over the ocean
is expected to produce a more accurate representation of the initial conditions and their re-
spective forecasts of these extreme weather events. Among the wide variety of satellite-derived
products, atmospheric motion vectors (AMVs) have been found to improve TC track forecasts
in global numerical weather prediction systems (e.g., Le Marshall et al. [2008], Goerss [2009],
Langland et al. [2009]). AMVs provide information of the local horizontal wind covering with
great detail the mid- and upper tropospheric layers over the ocean. They are derived from
sequential satellite images by tracking the motion of targets including cirrus clouds, gradients
in water vapor and small cumulus clouds [Velden et al., 1997]. Much attention has been paid
recently to the impact of assimilating AMV observations, as well as investigating the mitiga-
tion of the negative impacts of correlated data from remote sensing instruments. These studies
highlight the impact of such observations on the TC track and structure, leaving the discussion
about the intensity of the cyclone in the background [Houze Jr et al., 2006].

A rare type of Mediterranean cyclone has drawn the attention of the meteorological scientific
community. These cyclones share some morphological characteristics with hurricanes such as a
warm core, axisymmetry and cloud-free eye, and consequently, they have been named Mediter-
ranean hurricanes [Emanuel, 2005] or simply medicanes. These cyclones are relatively small
in size and are associated to strong winds and heavy precipitations [Ernst and Matson, 1983,
Rasmussen and Zick, 1987, Lagouvardos et al., 1999, Fita et al., 2007], generating high impacts
on exposed people and property assets [Jansa et al., 2001, Gómez et al., 2003, De Zolt et al.,
2006]. Although several studies have investigated this kind of phenomena [Jansa et al., 2014],
physical mechanisms of medicanes are still poorly understood, and so numerical predictability
of such events is considerably low. This is mainly due to the small size of the cyclone, the strong
heat fluxes from the sea and the lack of in-situ observations present in the Mediterranean sea.
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An additional difficulty is the fact that the scarce set of observations available are located over
complex topography surrounding the basin, seriously affecting the quality control process of
such observations.

It is important to note that, although these observations have already been assimilated for
some TCs events (e.g., Pu et al. [2008], Romine et al. [2013], Wu et al. [2014]), the conclu-
sions obtained from these studies might not be suitable for medicane events. For this reason,
the main objective of this chapter is to quantitatively assess, for the first time, the effect of
assimilating high temporal and spatial resolution AMV satellite-derived observations using the
EnKF. This renders a more accurate representation of the atmospheric state, at the time the
cyclone initiates, and consequently improves the predictability of this medicane event.

 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Potential Vorticity (PVU, shaded) at 300 hPa, geopotential height (gpm, 
solid line) and temperature (°C, dashed line) from NCEP analyses at 500 hPa on 00 
UTC (a) 5, (b) 6, (c) 7, (d) 8 November 2014. 
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Figure!3.!Potential!Vorticity!(PVU,!shaded)!at!300!hPa,!geopotential!height!(gpm,!solid!line)!
and!temperature!(°C,!dashed!line)!from!NCEP!analyses!at!500!hPa!on!00!UTC!(a)!5,!(b)!6,!(c)!7,!
(d)!8!November!2014.!
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Figure 6.1: Potential Vorticity (PVU, shaded) at 300 hPa, geopotential height (gpm, solid line)
and temperature (ºC, dashed line) from NCEP analyses at 500 hPa on 00 UTC (a) 5, (b) 6,
(c) 7, (d) 8 November 2014.

6.2 Description of the 7 November 2014 Medicane
From 5 to 8 November 2014, the Western Mediterranean was under the influence of an intense
upper-level trough and general cyclonic flow at low levels. The Global Forecast System (GFS)
analyses, produced by the National Centers for Environmental Prediction (NCEP), are used
to diagnose the synoptic setting of the event. The synoptic situation at mid-levels over the
Western Mediterranean on the 5 and 6 November 2016 was dominated by a prominent ridge
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over the Atlantic and an intense trough moving southwards along western Europe, with an
associated intense PV streamer extending from northern Europe and reaching the southern
Algerian lands during 6 November (Fig. 6.1). The general cyclonic circulation over the West-
ern Mediterranean was influenced by the North Atlantic Subtropical High and high-pressures
over the Eastern Mediterranean (Fig. 6.4). The cold and warm fronts associated with the
cyclonic circulation were reinforced by a persistent northward advection of a warm and moist
plume across the central Mediterranean during 5, 6 and 7 November. During 6 November, the
upper-level trough became negatively tilted and the PV streamer eventually disconnected from
the northern nucleus, evolving into an intense (reaching 8 PVU; 1 PVU = 10−6 K m2 s−1 kg−1)
upper-level cut-off during the late hours of 7 November (Fig. 6.1).
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Figure 1. IR-MSG satellite imagery at (a) 0700 UTC, (b) 1400 UTC and (c) 2100 UTC, 7 
November 2012.  
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Figure 1. IR-MSF satellite imagery at (a) 0700 UTC, (b) 1400 UTC and (c) 2100 UTC, 
7 November 2014. Figure 6.2: IR-MSG satellite imagery at (a) 0700 UTC, (b) 1400 UTC and (c) 2100 UTC, on

7 November 2014. Images courtesy of www.sat.dundee.ac.uk

During the first hours of 7 November, the enhanced vorticity advection aloft forced gen-
eral uplifts and further low-level cyclogenesis over the Sicily area. Infrared Meteosat Second
Generation imagery show that, in addition to the convective activity already identifiable along
the cold and warm fronts, deep convective systems formed during the night and first hours
of 7 November over the Sicily area (Fig. 6.2a). During the midday hours of 7 November, a
small well-defined spiral-to-circular cloud shape formed just south of Sicily and evolved east-
northeastward (Fig. 6.2b), reaching its maximum measured intensity over Malta. The small
cyclonic circulation, which possess distinct circulation from the larger cyclone, continued pro-
gressing until the last hours of 7 November. A clear and well-defined eye was visible all along
its trajectory, although deep convection around the eye was only intermittent. Finally, the
small cyclonic system dissipated as it crossed the Catanian (eastern) coast of Sicily (Fig. 6.2c),
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moving over land.

Since the small cyclone initiated and moved over the sea (Fig. 6.3), a quite limited num-
ber of in-situ observations are available. METAR reports from land locations close to the
cyclone path (i.e., Pantelleria, Lampedusa, Malta and Catanian coast; see Fig. 6.3 for geo-
graphical references) provide direct measurements of the small cyclone. During the first hours
of 7 November, an incipient depression was recorded in Pantelleria, still fairly shallow at this
time. Despite the center of the cyclone progressed eastwards some 100 km north of Lampedusa,
surface pressure records in the island show a 10 hPa drop in 1.5 h.

 
 

 
 
 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Numerical domain used in all experiments, centered over the Central 
Mediterranean Sea and including the locations referred to in the text. The top-right 
embedded diagram shows the path evolution of the cyclone viewed from satellite 
imagery. 
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Figure! 2.! Numerical! domain! used! in! all! experiments,! centered! over! the! Central!
Mediterranean! Sea! and! including! the! locations! referred! to! in! the! text.! The! top>right!
embeded!diagram!shows!the!path!evolution!of!the!cyclone!viewed!from!satellite!imagery.!

Figure 6.3: Western Mediterranean geographical configuration where the medicane took place.
The top-right embedded diagram shows the observed track of the medicane viewed from in-
frarred satellite imagery.

However, the cyclone center passed right over Malta in the afternoon of 7 November, and
so the pressure record measured by the station is a good representation of the surface pressure
section across the cyclone at that time. The barometer in Malta recorded a pressure drop of
nearly 20 hPa in 6 h, from 1046 to 1645 UTC, and a minimum recorded pressure for the event
of 985 hPa at 1645 UTC (Fig. 6.5c). The wind record in Malta provides a clear signature of the
structure of the eye, with intense wind speeds (gusts exceeding 42.7 m s−1) that precedes and
follows a relatively calmed period around 1645 UTC. Ten hours later, the signature over the
Catania pressure record is much attenuated, with winds still showing a calmed period followed
by gusts reaching the 40 m s−1.

The intensity, pressure record and some morphological characteristics such as the central
eye and cloud symmetry, more clear at the end of the process than at the beginning (Fig.
6.2d), contribute to the idea of a cyclonic entity, with mostly tropical mechanisms driving the
circulation and pressure pattern, at least at the end of the cyclone life cycle. However, the lack
of continuous and persistent deep convective activity in the central part of the system, as well
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as the presence during that phase of dry air intrusions turning around the cyclone center, like
in many extratropical mature disturbances (Fig. 6.2b), suggest a certain coexistence of various
cyclogenetic mechanisms.

 
 
 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. Surface pressure (hPa, solid line), sustained wind and gusts (m s-1, light and 
dark grey bars respectively) from METAR stations, at (a) Pantelleria, (b) Lampedusa, 
(c) Malta and (d) Catania. Indicated times in UTC of 7 November 2014. Note the 
temporal scale changes among panels. 

!
!
!
!
!

!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!
!

970

975

980

985

990

995

1000

1005

1010

1015

0

10

20

30

40

50

60

70

00
:2
0

02
:2
0

04
:2
0

06
:2
0

08
:2
0

10
:2
0

12
:2
0

14
:2
0

16
:2
0

18
:2
0

20
:2
0

22
:5
0

00
:5
0

02
:5
0

04
:5
0

06
:5
0

08
:5
0

10
:5
0

12
:5
0

14
:5
0

16
:5
0

18
:5
0

20
:5
0

22
:5
0

00
:5
0

970

975

980

985

990

995

1000

1005

1010

1015

0

10

20

30

40

50

60

70

00
:1
5

01
:1
5

02
:1
5

03
:1
5

04
:1
5

05
:1
5

06
:1
5

07
:1
5

08
:1
5

09
:1
5

10
:1
5

11
:1
5

12
:1
5

13
:1
5

14
:1
5

15
:1
5

16
:1
5

17
:1
5

18
:1
5

19
:1
5

20
:1
5

21
:1
5

22
:1
5

970

975

980

985

990

995

1000

1005

1010

1015

0

10

20

30

40

50

60

70

00
:1
5

00
:4
5

01
:1
5

01
:4
5

02
:1
5

02
:4
5

03
:1
5

03
:4
5

04
:1
5

04
:4
5

05
:1
5

05
:4
5

06
:1
5

970

975

980

985

990

995

1000

1005

1010

1015

0

10

20

30

40

50

60

70

00
:1
5

00
:4
5

01
:1
5

01
:4
5

02
:1
5

02
:4
5

03
:1
5

03
:4
5

04
:1
5

04
:4
5

05
:1
5
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Figure 4. Temperature (°C, dashed line) at 925 hPa and sea level pressure (hPa, solid 
line) from NCEP analyses at 00-12 UTC on (a-b) 6 and (c-d) 7 November 2012. 
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Figure 4. Temperature (ºC, dashed line) at 925 hPa and sea level pressure (hPa, solid 
line) from NCEP analyses at 00-12 UTC on (a-b) 6  and (c-d) 7 November 2014. 

Figure 6.4: Temperature (ºC, dashed line) at 925 hPa and sea level pressure (hPa, solid line)
from NCEP analyses at 00-12 UTC on (a-b) 6 and (c-d) 7 November 2014.

With the main aim of investigating and better diagnose the physical mechanisms involved
in this intense and localized Mediterranean cyclogenesis, high-resolution numerical sensitivity
experiments were performed [Carrió et al., 2017]. Results indicate the relevant role of the PV
effect on the cyclogenesis during the early stages of the event, helping to set up a favorable
environment for deep convection, intense latent heat release and thus medicane development.
Conversely, neither the latent heat release nor the surface heat fluxes seem to contribute sig-
nificantly to the genesis or evolution of the small-scale cyclone as individual factors. However,
the most crucial phase of deepening and circular-shaping of the cyclone is attributable to the
synergism between PV and LHR factors. We conclude that during the first hours of 7 Novem-
ber, the baroclinic effects associated with the PV anomaly contribute to the early development
of the cyclone, but it is the synergism between PV and latent heat release the main contributor
to the cyclogenesis and posterior intensification of the mature system into a medicane.
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Figure 5. Surface pressure (hPa, solid line), sustained wind and gusts (m s-1, light and 
dark grey bars respectively) from METAR stations, at (a) Pantelleria, (b) Lampedusa, 
(c) Malta and (d) Catania. Indicated times in UTC of 7 November 2014. Note the 
temporal scale changes among panels. 
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Figure 4. Temperature (°C, dashed line) at 925 hPa and sea level pressure (hPa, solid 
line) from NCEP analyses at 00-12 UTC on (a-b) 6 and (c-d) 7 November 2012. 
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Figure 4. Temperature (ºC, dashed line) at 925 hPa and sea level pressure (hPa, solid 
line) from NCEP analyses at 00-12 UTC on (a-b) 6  and (c-d) 7 November 2014. 

Figure 6.5: Surface pressure (hPa, solid line), sustained wind and gusts ( m s−1, light and dark
grey bars respectively) form METAR stations, at (a) Pantelleria, (b) Lampedusa, (c) Malta
and (d) Catania. Indicated times in UTC of 7 November 2014. Note the temporal scale changes
among panels.

However, details on the numerical sensitivity experiments is beyond the scope of this chap-
ter (see Carrió et al. [2017] for further details). In the present chapter, we focus our attention
on predictability aspects of this small-scale intense cyclone. It is hypothesized that this low
predictability is associated with the difficulty of numerical models depicting accurately the ini-
tial conditions of the cyclone structure that is initialized and developed over the sea, where a
poorer representation of the atmospheric state due to the lack of in-situ observations is present.
In particular, the correct prediction of the northward loop of the cyclone in the later stages of
its life cycle remains a challenge for most current numerical models. Thus, with the main aim
of improving the initial conditions of this event and in consequence, the associated forecast,
this chapter deals with assessing the skill of assimilating spatial and temporal high-resolution
satellite derived observations using the EnKF.

6.3 Rapid-Scan Atmospheric Motion Vectors (RSAMV)
With the main objective of improving the predictability of the presented medicane event, two
different observational sources are going to be accounted: the in-situ conventional and the
satellite-derived observations. On the one hand, conventional in-situ observations are obtained
from the global Meteorological Assimilation Data Ingest System (MADIS), where meteorolog-
ical variables such as temperature, humidity, pressure and both wind speed and direction are
collected from rawinsondes, buoys, ship reports, aircrafts (ACARs) and also meteorological
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aerodrome reports (METARs), among others. The main advantage of using these MADIS ob-
servations is the fact that they are quality controlled through spatial and temporal consistency
checks2. For this study, only observations from buoys, METARs and rawinsondes have been
taken into account, providing data every hour and covering the entire Mediterranean region.
However, large areas of the region, mainly over the sea, remain unobserved by in-situ instru-
ments (Fig. 6.6).

Figure 6.6: Spatial distribution of in-situ conventional observations from MADIS database
(buoys, METARs and rawinsondes) assimilated every hour between 12 UTC on 06 November
and 00 UTC on 07 November 2014.

On the other hand, as satellite-derived product, the atmospheric motion vectors (AMVs)
(Fig. 6.8), which estimate local horizontal winds (both speed and direction values), were cho-
sen as a potential source of information to enhance the track and intensity of the medicane event.

2more details on the quality control procedures can be found on-line at
http://madis.noaa.gov/madis_qc.html.
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Atmospheric Motion Vectors: Product Guide 

2.3    AMV in Meteosat Second Generation (MSG) 

The product is based on the measurement of clouds or atmospheric element displacement between 
two or more consecutive images. The displacement is derived by means of matching a target area 
containing the tracer to the search area, and an interpolation in the matching surface. 

The height at which the vector is measured is defined by the temperature of the tracer and converted 
to a pressure level via the forecast temperature-to-pressure profile of the atmosphere. Corrections for 
semi-transparent clouds, atmospheric absorption and cloud base for low-level clouds are also factored 
into the derivation. 
The AMV baseline product will be derived continuously from five spectral SEVIRI channels. 
Illustrations for each of these five spectral channels follow: 

Figure 5: AMV Final Product winds for Channel 2 on 20 October 2014 at 10:45:00 UTC. All winds have a  
Quality Index greater than/equal to 0  

Page 9 of 15 

Figure 6.7: Representation of global AMV winds (Channel 2) at different vertical levels from
EUMETSAT database. This figure represents the global wind situation present on 20 October
2014 at 10:45:00 UTC. Image courtesy of EUMETSAT.

Taking into account that upper level dynamics played a key role in the genesis and develop-
ment of this medicane event [Carrió et al., 2017] and the fact that AMV observations provide
information throughout the entire atmosphere, the assimilation of such observations is expected
to improve significantly the predictability of this medicane. Furthermore, the assimilation of
this kind of observations have recently showed potential benefits in enhancing forecasts of trop-
ical cyclone tracks and intensity [Pu et al., 2008, Goerss, 2009, Langland et al., 2009, Romine
et al., 2013, Wu et al., 2015]. Although the assimilation of AMVs has been tested mainly over
tropical cyclones, this chapter assesses, for the first time, the effect of assimilating AMVs over
smaller cyclones, such as medicane events, that are less predictable than tropical ones.

Numerical weather forecasts have recently advanced significantly due to improvements in
the model grid resolution, the use of more sophisticated model parameterizations and physics
schemes and also due to the incorporation of observations with high density and temporal reso-
lution through advanced data assimilation algorithms. AMVs provide high spatial and temporal
resolution wind information through the entire atmosphere and has proven to be very useful to
enhance tropical cyclone forecasts.
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Figure 6.8: Schematics of the tracking algorithm to obtain AMVs using infrared imagery.
First, at time T a certain cloud pattern is identified by the target box (yellow box). Then, at
time T+∆T and using cross-correlation in the Fourier domain, the new position of the target is
found. The wind vector is determined as the displacement of the target boxes in two consecutive
images.

However, the present study focuses on the improvement of the predictability of a short
life-span small vortex structure (medicane). Taking into account this fact, the assimilation of
standard AMV product, which has a temporal resolution of 1 hours, is avoided. Instead, a
more frequent product from the EUMETSAT database, referred to as rapid-scan atmospheric
motion vectors3 (RSAMVs), which provide data every 20-min, is used (Fig. 6.9). In the present
study RSAMVs observations at all heights below the tropopause are obtained from 5 channels
(water vapor 6.2 µm, water vapor 7.3 µm, infrared 10.8 µm, visual 0.8 µm and high resolution
visual channel), all combined into one product. The spatial coverage of this product is limited
along the latitudes from 35ºN to 90ºN, and for this reason no wind information is depicted in
the bottom part of the numerical domain showed in Fig. 6.9.

Different spectral channels can cover the same atmospheric layer, as showed in Fig. 6.9(c-d)
which provides wind information from 800 to <350 hPa. The retrieval algorithms applied to
the 3 channels at common levels can depict slightly different wind values. In other words, the
wind values at a single location at 500 hPa from these three channels can be different between
them. To avoid possible inconsistency, instead of using the RSAMV final product, the infrared
10.8 channel Fig. 6.9e, which contains wind information throughout the entire troposphere
was selected to be assimilated. Before assimilating RSAMVs from the IR channel, it is also
important to reject no-physical or outliers observations that could deteriorate the quality of
the analysis and the successive forecast.

3This product is obtained using the Spinning Enhanced Visible and Infrared Imager (SEVIRI) instrument
on board the Meteosat Second Generation (MSG) satellite, which has a scanning frequency as low as 5 minutes.
In fact, the final product is obtained averaging 4 consecutive images.
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a) b)

c) d)

e) f)

Figure 6.9: Raw EUMETSAT’s RSAMV observations depicted at different vertical levels by
different channels at 1200 UTC on 07 November 2014 over the Mediterranean region: a) high
resolution visual channel 0.75 µm, b) visual 0.8 µm, c) Water vapor 6.2 µm, d) water vapor
7.3 µm and e) infrared 10.8 µm. RSAMV final product (combination of all spectral channels)
is also depicted in figure panel f). Wind information is only valid at the center of the wind
vectors.
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In this study, the above-mentioned raw observations are processed through four main quality
control (QC) checks. The first check consists in excluding surface observations when the model
terrain and the observational height differ by more than a certain threshold. This methodology
is applied to avoid influential inconsistencies between the physical representation of topogra-
phy in the numerical domain and the actual heights affecting the SEVIRI measurements. This
threshold can play a crucial role in areas of complex topography, such as the Pyrenees or the
Alps range mountains. In this case, we have used a threshold of 500 m to avoid rejecting
most of the in-situ conventional observations. The second check, following other studies such
as Romine et al. [2013], consists on reducing instabilities or noise generated by the assimila-
tion of observations near the domain boundaries. To deal with this potential problem, the
observations located within 5 grid lengths of the lateral boundaries of the numerical model
domain are excluded. An additional quality control check is applied to reject outliers obser-
vations (e.g., observations with non-physical values). It is also avoids observations which have
accurate values but the mean of the ensemble members is so far from the observation value
that assimilating it would result in unacceptably large increments that might destabilize the
model. This methodology is based on the square differences between the prior ensemble mean
and the observation values. In our case, if the squared difference exceeds 3 times the sum of
the prior and observation error variances, then the observation is rejected. Finally, with the
main objective of minimizing the effect of spatial correlated errors associated to high density
observations such as RSAMVs, a superobbing technique consisting in reducing the data den-
sity through spatially averaging the observations within a predefined prism is applied (e.g., Pu
et al. [2008], Romine et al. [2013], Wu et al. [2014, 2015], Honda et al. [2018]). In this way, in
addition to the reduction of correlated errors, the superobbing allows to convert the original
and high data spatial resolution to a lower spatial resolution that the numerical model can
resolve. In this study RSAMVs are finally thinned using a prism with horizontal dimensions of
(128 x 128) km2 and 25 hPa vertical extent. After several sensitivity simulations changing the
horizontal resolution of the prism used to average the RSAMVs, we found that the size of 128
km provided the most accurate analysis, among various tests performed, of the environment
conditions preceding the medicane event.

6.4 Numerical Tools and Experimental Setup

The numerical simulations presented in this chapter are performed using the version 3.7 of
the WRF-ARW model [Skamarock et al., 2008]. These simulations also used a multi-scale
ensemble system based on two one-way nested domains to better account of meso- and storm-
scale processes involved in the genesis and evolution of the medicane event Fig. 6.10. The
parent domain is centered over the Central part of the Mediterranean Sea, covering most of the
European region and the northern part of Africa, with a horizontal grid resolution of 16 km
and 51 terrain-following η levels up to 50 hPa (245x245x51). The nested domain is centered
over Sicily (southern Italy) with a grid resolution of 4 km (253x253x51). Following the same
methodology explained in the previous chapter, the numerical experiments are performed using
a 36-member ensemble using the same microphysics and parameterization schemes, with initial
and boundary conditions obtained from the (EPS-ECMWF), which has an horizontal and
vertical spectral triangular truncation of T639L62 (∼ 31 km horizontal grid resolution).
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Figure 6.10: Numerical domains used in all the multi-scale simulations performed in this study.

The conventional observations were hourly assimilated from 12 UTC 06 November to 00
UTC 07 November 2014, while RSAMV observations were assimilated every 20-min within the
same assimilation windows. In each assimilation cycle the data assimilation algorithm updates
a set of model prognostic variables, such as three dimensional wind fields, perturbation tem-
perature/geopotential or water vapor, and also some diagnostic fields such as 10-m wind, 2-m
temperature and moisture, among others. One of the major problems in using a limited en-
semble size is the underrepresentation of the covariances due to spurious correlations obtained
from the ensemble itself, which plays a key role in the performance of the EnKF algorithm.
This underrepresentation is typically the main cause for poor analysis results [Hacker et al.,
2007] and in consequence poor weather forecasts. To reduce the negative effect of sampling er-
rors, we applied a localization technique [Houtekamer and Mitchell, 1998a], which is based on
a distance weighting function that tends to zero as the distance from the observation location
increases [Sobash and Stensrud, 2013]. In this study a Gaussian localization function referred
as the fifth-order piece-wise rational function [Gaspari and Cohn, 1999] is used. Finally, it is
also important to note that filter data assimilation algorithms are known to reduce the spread
of the ensemble after each analysis cycle, contributing to the under-dispersion of the system
[Anderson and Anderson, 1999]. With the objective of reducing this spread reduction and
contribute to keeping the prior ensemble spread, an adaptive spatially and temporally varying
inflation is applied to the prior ensemble state in each assimilation cycle [Anderson and Collins,
2007, Anderson et al., 2009].
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Figure 6.11: Schematic representation of the different numerical experiments designs performed
in this study. NODA_0700 experiment starting at 00 UTC 07 November (a), NODA_0612
experiment starting at 12 UTC 06 November (b), SYN experiment starting at the same hour
than NODA_0612 but hourly assimilating conventional data since 00 UTC 07 November. Then,
a free forecast similar to NODA_0700 is performed (c). The RSAMV experiment (d), in which
20-min satellite data assimilation is performed during the assimilation window. Finally, a
CNTRL experiment is performed accounting for both conventional and RSAMV observations
during the assimilation windows (e). The shaded area corresponds to the assimilation windows
between 12 UTC 06 November to 00 UTC 07 November. Black stars and dots represent the
initiation time of the experiment and the time the final analysis from which the free forecast is
launched, respectively.

This chapter evaluates the impact of assimilating conventional and specially RSAMV ob-
servations. For this reason we use the following experiments (Fig. 6.11): a) NODA: with no
data assimilation; b) SYN: with hourly assimilation of conventional observations; c) RSAMV:
with 20-min assimilation of exclusively RSAMVs; and d) CNTRL: with the assimilation of both
conventional and RSAMV observations. The comparison among these experiments will allow
to quantify the effect of each observational types. It is noteworthy that this kind of DA exper-
iments are very sensitive to the choice of some assimilation parameters, such as the covariance
location or the inflation factor. Initial tests are planned to obtain the optimal value of such pa-
rameters. However, it is also important to bear in mind that the above-mentioned experiments
are computationally very highly-demanding. For this reason, we decided to perform several
numerical experiments using a reduced ensemble size (i.e., "toy experiments").
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6.4.1 NODA Experiment
With the main objective of assessing the value of assimilating different types of observations,
it is required to have an analogous numerical forecast but without assimilating any kind of ob-
servations. In this way, we can compare the experiments in which observations are assimilated
with the experiment where no data is assimilated, and obtain the effect of such observations.
NODA_0700 experiment is simply a direct downscaling from ECMWF-EPS at 00 UTC 07
November to 12 UTC 08 November 2014 (Fig. 6.11a). It is important to highlight that the
choice of starting the NODA experiment at 00 UTC 07 November, instead of starting at 12
UTC 06 November, was made intentionally to extract general conclusions applicable to an op-
erational framework. In other words, we are interested in comparing the DA experiments using
observations until 00 UTC 7 November that could operationally be performed during the first
hours of 7 November, with the most accurate experiment without assimilating observations
that could also be run at the same time. Therefore, the differences between each DA analysis
and forecast and the NODA will directly be attributed to the impact of the observations and
DA configuration used in each DA experiment.

To better understand how the assimilation of the different observations are modifying the
atmospheric state in each data assimilation cycle, an additional experiment was designed to be
directly compared with the different DA experiments within the assimilation windows. This
new experiment is analogous to NODA_0700, but instead of starting at 00 UTC 07 November,
it starts at the same time than the DA experiment at 12 UTC 06 November, and for this reason
it is referred as NODA_0612 (Fig. 6.11b).

6.4.2 SYN Experiment
This experiment is intended to improve synoptic and meso scale environment through the as-
similation of in-situ conventional observations (METARs, rawinsondes and buoys). To achieve
this objective, this experiment consists in two main stages: analysis update and free forecast.
The analysis update is designed to hourly assimilate conventional observations within an as-
similation windows ranging from 12 UTC 06 November to 00 UTC 07 November 2014. At the
end of this process, a new representation of the atmospheric state due to the assimilation of
such conventional observations (i.e., a new analysis) is obtained. Then, a free 36 hours nu-
merical forecast is run using the analysis ensemble obtained at 00 UTC 07 November as initial
conditions (Fig. 6.11c).

6.4.3 RSAMV Experiment
The following experiment (RSAMV) is analogous to the SYN experiment, but assimilating
Rapid-Scan Atmospheric Motion Vectors from the EUMETSAT database (Fig. 6.11d). In
addition, it is noteworthy that the updated frequency for these observations has increase to
20-min instead of the 1-h used in the SYN experiment. Typically, this kind of observations are
potentially useful improving the intensity and the track of TCs when assimilated once the event
is developed and well-defined. However, in this case we asses the impact of such observations
on the pre-convective environment that leads to the initiation and posterior evolution of the
medicane.
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6.4.4 CNTRL Experiment

Finally, the CNTRL experiment is designed with the main objective of investigating the po-
tential effect of assimilating both in-situ conventional and RSAMV observations using a data
assimilation cycle frequency of 20-min (Fig. 6.11e). This full experiment has the advantage of
taking benefit of the RSAMV observations to improve the representation of the atmospheric
circulation at upper levels and also accounting for the surface conventional observations im-
proving the analysis at low levels (e.g., surface pressure, temperature gradients or surface heat
fluxes among others), mainly over the sea surface, where analysis errors are larger than over
land. Bearing in mind that conventional observations are only available on the hour (i.e., 12
UTC, 13 UTC, ... 23 UTC, 00 UTC) and RSAMV are only available every 20-min (i.e., 1200
UTC, 1220 UTC, 1240 UTC, 1300 UTC, ...), we assimilate both conventional and RSAMV
on the hour and we assimilate only RSAMV at XX20 UTC and XX40 UTC. As in the above-
mentioned data assimilation experiments, after obtaining the last analysis at the end of the
assimilation window, we proceed running a 36-h free numerical forecast.

6.4.5 "Toy" Experiments

To better understand exactly how the EnKF system is modifying the model state in each as-
similation cycle, depending on the key assimilation parameters tuned, such as the covariance
location, the inflation factor, the observation error, and also the kind of the observation in-
gested, we performed a number of sensitivity experiments using the 10-member ensemble. We
started with the simplest case, in which we only assimilated hourly sparse maritime buoys and
tuning the observational error assigned to them. Then we investigated the impact of the co-
variance location in the horizontal and vertical directions, and finally we assessed the impact
of increasing the inflation factor applied to the background field. This procedure was repeated
using the entire set of in-situ conventional observations and also using all available observations
(conventional + RSAMVs). Overall, we performed over 30 toy experiments, from which only
the most relevant ones are detailed in this study (see Table 6.1). The lack of in-situ observa-
tions in the vicinity of the medicane genesis and evolution hinders the use of a quantitative
verification metric to assess the impact of all assimilation parameters and configurations tested.
To deal with this challenge, we use ECMWF-ERA5 reanalysis, which provides hourly analysis
from the assimilation of vast amounts of observations on a 30 km grid resolution (Fig. 6.12).

It is important to recall that these "toy" experiments are intended to find the "optimal"
parameters needed to run a numerical experiment that provides the best analysis. We hypoth-
esize that the conclusions obtained from these "toy" experiments could be extrapolated to an
ensemble using higher probabilistic resolution (i.e., using a large number of ensemble members).
Following this hypothesis, these parameters could be used in the full data assimilation experi-
ment using 36-member ensemble to obtain an initial condition resembling the true atmospheric
state which will be used to start a short-range forecast to enhance the predictability of the
medicane event that took place on 7 November 2014 southern Sicily.
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Table 6.1: List of toy sensitivity experiments performed using different types of observations
(Buoys, SYN (Buoys+METARs), All (Buoys+METARs+RSAMVs)) and different assimilation
parameters, such as the horizontal and vertical covariance location (HL/VL) for conventional
(C) and RSAMV (R) observations, the inflation factor (INF) and the observational error as-
signed (OER).

Observation Types Assimilation Parameters

Exps. Buoys SYN All HL(C/R) VL(C/R) INF OER

1 X 7 7 100 3 1.5 0.75
2 X 7 7 100 6 1.5 0.75
3 X 7 7 150 3 1.0 1.00
4 X 7 7 150 3 1.0 2.50
5 X 7 7 150 3 1.0 0.75
6 X 7 7 150 3 1.5 1.00
7 X 7 7 150 3 1.0 0.75
8 X 7 7 250 3 1.5 0.75

9 7 X 7 150 3 1.5 0.75
10 7 X 7 150 3 1.8 0.75

11 7 7 X 150/200 3/3 1.8 0.75
12 7 7 X 150/200 3/1 1.8 0.75
13 7 7 X 150/50 3/1 1.8 0.75
14 7 7 X 150/80 3/1 1.8 0.75
15 7 7 X 150/50 3/0.450 1.8 0.75
16 7 7 X 150/50 3/3 1.8 0.75

6.5 Results
In this section the potential effect of assimilating both in-situ conventional and RSAMV ob-
servations in improving the numerical predictability of the medicane event is presented. This
effect is assessed in terms of the skill of the model in accurately predict the track of the cyclone
and the maximum intensity reached during the mature phase of the cyclone. However, as sus-
ceptible parameters such as the covariance location or the inflation factor are tunned, numerous
sensitivity numerical experiments were initially performed to be able to discover the ’optimal’
values required to obtain the best estimation of the atmospheric state due to the observations
available. For this reason, this section is divided in two main subsections: In the first section
results of the ’toy’ experiments are presented and the effects of using different parameters in
the analysis are discussed. From this experiments we can infer which parameters must be used
in our full (i.e., using a 36-member ensemble) numerical experiments. Thus, in the second sub-
section it is presented the initial conditions obtained using the assimilation parameters selected
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in the ’toy’ results section and its corresponding numerical forecast, from which the accuracy
of the cyclone’s track and its intensity is evaluated.

(a) (b)

(c) (d)

Figure 6.12: MSLP evolution of the medicane event depicted by ERA5 datasets at (a) 00 UTC,
(b) 06 UTC, (c) 12 UTC and (d) 18 UTC on 7 November 2014.

6.5.1 "Toy" Experiment Results
We started designing a simple numerical experiment which consisted in exclusively assimilating
altimeter measurements (i.e., pressure) from the scarce maritime buoys available in the Mediter-
ranean Sea. Typically, we assigned an error of 2.5 hPa to this kind of observations. However,
after comparing these maritime observations with surface meteorological fields obtained from
ERA5 reanalysis, we observed a very good agreement between them, suggesting a strong impact
of these measurements on the ERA5 reanalysis, and thus implying a low associated observa-
tional error. As a consequence, the observational error of pressure reading from buoys is set
to 0.75 hPa. With an analogous argument, the observational error for all observed variables,
such as temperature, wind speed, and humidity is set to 0.75 in the corresponding units. It
is important to note that the accuracy of EnKF is highly dependent on the background error
covariances which are computed from the ensemble prior. The use of a reduced ensemble size
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yields to sampling errors that introduce spurious correlation values in the covariances, deterio-
rating the quality of the analysis. For this reason a covariance location, to reduce such negative
effect is used. For this first test, we decided to use an horizontal and vertical covariance location
of 150 and 3 km, respectively. In addition, to maintain the ensemble spread in this experiment,
an adaptive spatially and temporally varying inflation of mean and standard deviation of 1.0
and 0.6, respectively, was applied to the prior state.

To evaluate the performance of such experiments we computed the squared correlation
coefficient R2 between observations and model values. The squared correlation coefficient is
computed using the prior and posterior states to show the effect of the assimilation on the
model state (Fig. 6.13). In this case, it is shown how, at the end of the assimilation window,
the effect of the assimilation of maritime buoys is to push the prior state towards the observa-
tions, increasing the squared correlation coefficient from 0.961 to 0.973. However, this effect still
has some room for improvement until reaches values of squared correlation coefficient closer to 1.

(a) (b)

Figure 6.13: Squared correlation coefficient computed before (grey dots) and after (black dots)
the assimilation of pressure data from maritime buoys, referred as prior and posterior, at (a)
21 UTC 06 November 2014 and (b) 00 UTC 07 November. The black line represents the prior
linear regression line and the red line represents a perfect linear regression line.

Another method to evaluate the impact of the observation assimilation is through comput-
ing the increment fields, defined as the difference between the posterior and prior states, at
each assimilation cycle. In this case, we computed such increments over the MSLP field (Fig.
6.14). The EnKF moves the prior state towards the observations and thus, modifies the prior
state according to such observations. This effect can be visualized focusing how the surface
pressure field is modified after the assimilation of the observation located southern Sicily, which
is marked in red in Fig. 6.14a). How close the posterior state resembles the observations de-
pends critically of the covariance location used, inflation and assigned observational error. In
this case, parameters corresponds to those labeled EXP_3 in Table 6.1.
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(a) (b)

PSFC (hPa)

(c)

PSFC (hPa)

Figure 6.14: Effect of assimilating pressure observations from maritime buoys at 21 UTC 06
November 2014. The prior state (a) is modified by the EnKF, contributing with some pressure
increments (c) to finally obtain the updated posterior state (b). Minimum and maximum
surface pressure contours are set to 980 and 1040 hPa, respectively.

Thus, using the evolution of the prior and posterior states along the assimilation window
we can check how the EnKF is modifying the model state in time to finally get a sufficiently
accurate representation of the atmosphere (i.e., the new analysis), used thereafter as initial
conditions of the forecast phase. The forecast is then evaluated by means of the track and
the intensity reached by the cyclone, if the initial conditions obtained during the assimilation
phase were good enough or if they could be further improved. The problem of this process
is that it requires a lot of computational resources and huge disk space to store all the model
outputs. Bearing in mind that ERA5 could accurately depicts the medicane event, we decided
to use an alternative method to assess the quality of the EnKF analysis based on comparing the
posterior states against the ERA5 fields at the same time. In this way, we avoided to perform
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the forecast for each experiment to verify that the final analysis was an accurate representation
of the atmospheric state in that moment.

For this experiment (i.e., Exp_3) the final analysis state does not depict the low pressure
system at the same location appeared in ERA5 (Fig. 6.15). Looking carefully at the evolution
of this low pressure system in ERA5 it is observed how initially this system evolved northwards,
while it became smaller in size and deeper. Then, when the system reached the southern part
of Sicily (offshore), it remained stationary during several hours and then displaced southwards
becoming even more intense and smaller in size. The evolution of the cyclone trajectory de-
picted in Exp_3, show how it initially evolves towards the north as in ERA5. However, after
some time the cyclone’s trajectory keep moving northwards instead of changing its trajectory
to the south as observed on satellite (Fig. 6.2) and well represented by ERA5, and thus it ends
in the western part of Sicily at 00 UTC 7 November.

Often, the posterior state was not sufficiently adjusted to the observations, with marginal
increments obtained. A quick check of the prior reveals a clear insufficient spread compared
to the typical observational error. In terms of the EnKF equation this fact is translated in
having an smaller background error covariance matrix (B) compared with the observational
error covariance matrix (R), that means the assimilation system is giving more weight to the
prior state than to the observations, in terms of the Kalman equation. This explains the small
increment obtained. To deal with this under-dispersive behavior a covariance inflation factor
is applied to the prior state to increase the uncertainty associated to the numerical model.
By default a Gaussian inflation factor with mean 1.0 and standard deviation 0.6 is used. We
tested several inflation factors varying both the inflation mean and also the standard devia-
tion associated, and we finally found that the combination of inflation parameters (mean=1.8,
sd=0.2) was the best choice to fit the posterior state to the observations for this particular case.

Another fundamental parameter is the covariance location that is mainly used to avoid
spurious correlations originated from reduced ensemble size. We start evaluating the effect of
changing the covariance location in the horizontal scale and then we tested different values for
the vertical scale. Basically, the function of this location covariance procedure is to spatially
limit the effect of assimilating the observations. When covariance location values are small (i.e.,
∼ 100 km), the area of influence of each observations is reduced to its neighborhood and as
the location value is enlarged, more complex large areas are formed (Fig. 6.16). Indeed, small
covariance location produce small increments (posterior-prior) around assimilated observations.
For example, Fig. 6.16a clearly depicts the location of each maritime buoy on the surface
pressure. The two areas marked with a green and purple box in this figure, show an increment
(green box) or decrement (purple box) of the surface pressure due to exclusively the observation
within the same box. However, when a larger covariance location is used (e.g., 250 km) the
effects in the two highlighted boxes are completely modified (Fig. 6.16c). Now, the green box
does not show significant increments and the purple box even shows the opposite effect to the
one in Fig. 6.16a. Thus, using a large covariance location when the ensemble system is small
in size can produce no realistic increments due to the utilization of a poor accurate background
error covariance matrix.
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a) b)

c) d)

e) f)

g) h)

Figure 6.15: Representation of the surface pressure for the posterior state (a,c,e,g) and
ERA5 (b,d,f,h) within the assimilation windows at 12 UTC (a-b), 16 UTC (c-d), 20 UTC
6 November(e-f) and 00 UTC 7 November.
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We tested a number of different horizontal location parameters (e.g., 500, 450, 400, 300,
250, 200, 150, 100, 50), some of them based on different studies [Yussouf et al., 2013a, Wheat-
ley et al., 2015, Yussouf et al., 2016, Romine et al., 2013]. At the end, for the presented "toy"
experiments, using a 150 km covariance location was the option which takes more benefit of the
background error covariances. Once we finished evaluating the effects of the horizontal covari-
ance location, we started testing the effect of the vertical covariance location using the following
values: 500m, 1 km, 3 km, 6 km and 9 km. I addition, using a vertical covariance location of
3 km provided the best results in terms of the final analysis qualitatively compared with ERA5.

(a) (b)

(c)

PSFC (hPa)

Figure 6.16: Surface pressure increments due to different covariance locations (a) 100 km, (b)
150 km and (c) 250 km, used during the assimilation window at 00 UTC 7 November. Green
and purple boxes indicate two sensitivity areas where these increments change in function of
the location covariance parameter selected.

In order to increase the number of observational sources considered, we assimilate other
sources of conventional measurements such as METARs and rawinsondes, which include tem-
perature, wind speed and direction, and also dew point temperature. Assimilating all this
information together was key to obtain a sufficiently accurate representation of the mesoscale
dynamic and thermodynamic environment at 00 UTC 7 November. After assimilating all con-
ventional observations, we decided to add hourly superobbed RSAMV and assess its impact
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on these "toy" experiments. In a first attempt to evaluate the impact of such observations
the squared correlation verification showed how the posterior reaches a higher correlation value
with observations than the prior. Then, an additional verification was used comparing the prior
and posterior vectorial wind field (speed and direction) with the observations. This compari-
son allowed to assess the effect of the assimilation of RSAMV and spatially identify where the
model is more benefited by the assimilation. According to the RSAMV correlation values in
Fig. 6.17, the EnKF assimilation is correctly modifying the prior state to obtain a posterior
state closer to the observations. This improvement is easily quantified by the prior squared
correlation coefficient (0.874) that becomes 0.996 after the assimilation.

Figure 6.17: As in Fig. 6.13 at 00 UTC 7 November 2014, but now referred to the RSAMV
observations.

In the second step the EnKF adjust the prior state to the observations through the assimi-
lation of RSAMV observations. Wind increments are computed for different atmospheric layers
along the entire troposphere. However, only increments in the layer 500-300 hPa and <300 hPa
are depicted for the sake of brevity (Fig. 6.18). Results show a good performance of the EnKF
in which the prior wind vectors are adjusted in good agreement with the observations for all
atmospheric layers where RSAMVs are available. This performance of the EnKF is obtained
using all the assimilation factors values described in this section, and in particular, a covariance
inflation using a mean of 1.8 and a standard deviation of 0.2. A smaller covariance location,
a worse correlation between observations and the posterior state is found. It is expected that
the assimilation of RSAMV improves the representation of the upper level dynamics (e.g., rep-
resentation of the upper level trough) that play a key role in the steering of the cyclone, and
thus contributes to a correct simulation of the cyclone’s track and intensity.
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(a)

(b)

Figure 6.18: Prior (grey arrows), observation (red arrows) and posterior (black arrows) wind
speed and direction at (a) 500-300 hPa and (b) <300 hPa, due to the assimilation of RSAMV
at 00 UTC 7 November 2014.
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For the sake of brevity, we have summarized the results obtained from some of the experi-
ments listed in Table 6.1. First, the evolution of the squared correlation for most experiments
was computed (Fig. 6.19). Exp_5 and Exp_6 achieve the highest square correlation values.
These experiments consider an observational error of 0.75 and 1.0 respectively. In a first in-
stance, it can be surprising that the experiment using larger observational error depicts the best
squared correlation value, but this fact can be explained by the utilization of the covariance
inflation factor. Exp_6 uses an inflation of 1.8, whereas Exp_5 uses 1.5, and thus the reliability
of the background state is reduced and the EnKF system ends up providing more weight to the
observations. This explains that the squared correlation at the end of the assimilation window
is higher in Exp_6 than in the others.

Figure 6.19: Evolution of the squared correlation during the entire assimilation window for
selected numerical "toy" experiments listed in Table 6.1.

However, correlation is just a partial metric of the quality of the analysis, and further verifi-
cation scores must be considered in order to add significance to the selection of the assimilation
configuration to be adopted. Alternative diagnostics are the root mean square error, the total
spread and the bias, all three described in Chapter 5. A detailed analysis of the spread and the
root mean squared error for the prior state in EXP_6 (Fig. 6.20) reveals an excessive spread
which is translated into a large prior variance which spuriously restricts its influence on the
posterior state. This is depicted in the consistency ratio with values above 1 (Fig. 6.21).
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(a) (b)

Figure 6.20: Sawtooth plots depicting the evolution of the RMSE, Bias and total spread during
the assimilation window for the experiments (a) EXP_5 and (b) EXP_6. It is also depicted
the percentage of the number of observations assimilated at each assimilation cycle.

(a) (b)

Figure 6.21: Consistency ratio (total spread/root mean square error) evolution for the exper-
iments (a) EXP_5 and (b) EXP_6. CR values between 0.5-1.5 are considered to represent a
good performance of the data assimilation system.

The other additional diagnostic used to evaluate the goodness of the data assimilation
experiment is through the above-mentioned comparison between the posterior state and the
ERA5 fields at the analysis time (i.e., 00 UTC 7 November). We have compared the final
analysis (posterior states) obtained from the different experiments listed in Table1 with ERA5
analysis, but for the sake of brevity we only show the most interesting results (Fig. 6.22). From
this comparison, and taking into account the sawtooth plots and the squared correlation results,
we chose the assimilation parameters associated to the experiment that perform highest values
of squared correlation, CR closer to 1 and posterior ensemble mean state similar to ERA5 at
00 UTC 7 November.
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PSFC (hPa)

PSFC (hPa)

a)

g)

Figure 6.22: Comparison of posterior state of surface pressure obtained by different experiments
listed in Table1 (a) EXP_5, (b) EXP_6, (c) EXP_13, (d) EXP_14, (e) EXP_15, (f) EXP_16
and ERA5 analysis (g) at 00 UTC 7 November 2014.

As shown in Fig. 6.22b, EXP_6 (which depicts the highest squared correlation value in Fig.
6.19) is not depicting the small low pressure system located near Tunisia depicted in ERA5
(Fig. 6.22g).
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Using all the above-mentioned diagnostics (evolution of the squared correlation, sawtooth
and consistency ratio plots and comparison of the posterior state at 00 UTC 7 November) we
found that the experiment that better depicts the state of the atmosphere was the EXP_13.
This experiment assimilated all the available observations using an horizontal and vertical lo-
cation of 150 and 3 km, respectively, an inflation factor with mean of 1.8 and 0.3 standard
deviation, and assigned an observational error of 0.75 K, hPa and m s−1. Thus, this set of
parameters is used to assimilate in-situ conventional and RSAMVs in the full ensemble size,
i.e., using 36-members.

6.5.2 Full-Size Experiment Results
Bearing in mind all the information obtained from the results of the "toy" numerical experi-
ments, we decided to perform the SYN, RSAMV and CNTRL experiments introduced in the
section 6.11, using the full ensemble size, i.e., 36 members instead of using 10 members. The
quality of the assimilation is assessed using sawtooth plots, evolution of square correlation
and performing increment plots from the posterior and prior states. In addition, the value of
the assimilated information and the accuracy of the resulting analysis is assessed indirectly by
means of a verification of the associated forecast. This evaluation is performed in terms of the
cyclone’s track and intensity in comparison with the METAR information from Malta airport
and IR imagery from MSG.

The inflation factor accounts for the lack of spread in finite size prior ensembles, with its
value increasing with the inverse of the ensemble size. An experiment run with the full 36
member ensemble and the optimal inflation factor identified for the 10 member "toy" system
confirms this behavior as it produces excessive spread when compared to ensemble mean errors.
Therefore, the 1.8 value previously identified is taken as an upper bound of the optimal inflation
factor for the full 36 member system. Additional tests rendered a value of 1.15 as an inflation
that renders spreads comparable to analysis error levels.

6.5.2.1 Analysis Diagnostics

We start assessing the quality of the full 36-member ensemble using the time series of METAR
station averaged root mean square error, bias and total spread (square root of the sum of ob-
servation error variance and ensemble variance) for both background and analysis model states
(Fig. 6.23). The EnKF effectively push the prior model state towards the observations, reduc-
ing the RMSE and bias in each assimilation cycle. During the first hours the RMSE depicts a
slight variation due mainly to spin-up effects of the data assimilation system, but then these
error values remain stable around the observational error, which is a sign of the stability of the
system.

The evolution of the total spread of the system is very similar to the evolution of the RMSE,
resulting in consistency ratio values near 1.0 (Fig. 6.24). Recall that a consistency ratio of 1.0
indicates that the prior spread is a good approximation of the forecast error taking into account

194



the observational error assigned. In this case, the consistency ratio improves in each assimila-
tion cycle, reaching values closer to 1.0 at the end of the assimilation window.

(a) (b)

(c) (d)

(e)

Figure 6.23: Sawtooth plots depicting the evolution of the RMSE, Bias and total spread during
the assimilation window for the variables: (a) altimeter, (b) dew, (c) temperature, (d) U-wind
and (e) V-wind.

In order to add some confidence to the verification of the assimilation performance, an
additional diagnostic is used. The evolution of the squared correlation for each type of data
assimilated (METARs, maritime (buoys), U-component and V-component of the wind from
RSAMVs) is computed at each step of the assimilation window (Fig. 6.25). Results show high
squared correlation values for almost the assimilation cycles, indicating a good correspondence
between the posterior model state and the observations. In the case of the U-component of
the three dimensional wind, a lower correspondence between the model and the observations
during the first assimilation cycles is observed. However, as new RSAMVs observations are
assimilated in the following steps, the squared correlation increases. At the end of the assimila-
tion window, the squared correlation values for the U-component become practically the same
as the V-component values.
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(a) (b)

(c) (d)

(e)

Figure 6.24: Evolution of the CR during the assimilation window for the variables: (a) altimeter,
(b) dew, (c) temperature, (d) U-wind and (e) V-wind. The percentage of the number of
observations assimilated at each assimilation cycle is also depicted.

Although the information provided by the squared correlation plots summarizes the total
effect of the data assimilation process for each kind of observation, it does not provide any
geographical distribution of the quality of the assimilation (i.e., where the posterior values re-
sembles more the observations). In this sense, we locate where the assimilation of RSAMVs
is contributing to improve the analysis. To this purpose, the prior, the posterior and the
RSAMV observation are depicted over the numerical domain at different atmospheric layers
(Fig. 6.26). This verification shows an improve agreement between the posterior state and the
RSAMVs, with maximum increments located mainly above 300 hPa. This confirms the key
role of RSAMVs in determining upper level dynamical structures.
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Figure 6.25: Evolution of the squared correlation for different observations assimilated during
the entire assimilation window.

The surface pressure field at the end of the assimilation window was represented and com-
pared with the corresponding ERA5 field. Results indicate that a low pressure system initiated
over the Tunisian coast and continued developing northward. However, this low pressure sys-
tem remained moving northwards instead of changing its trajectory towards the south as ERA5
depicts. Finally, at the end of the assimilation window, the low pressure system was located
over the western part of Sicily (Fig. 6.27).

All the above-mentioned verification results suggested that the data assimilation system
was properly working. In this sense, the final analysis obtained at the end of the assimilation
window at 00 UTC 7 November for each DA experiment (i.e., SYN, RSAMV and CNTRL)
using these set of parameters is used to initialize a 36-h free forecast ensemble. To assess the
quality of these forecasts we analyzed the effect of the assimilation in two main aspects of the
medicane event: the cyclone track and its intensity.

197



(a)

(b)

Figure 6.26: Prior (grey arrows), observation (red arrows) and posterior (black arrows) wind
speed and direction at (a) 500-300 hPa and (b) <300 hPa, attributed to the assimilation of
RSAMV at 00 UTC 7 November 2014.
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(a) (b)

PSFC (hPa)

(c)

PSFC (hPa)

Figure 6.27: Effect of assimilating pressure observations at 00 UTC 07 November 2014 over the
PSFC field. The mean prior state (a) is modified by the EnKF adding some pressure increments
(c) to finally obtain the updated mean posterior state (b).

6.5.2.2 Cyclone Track

Once we obtained the EnKF analyses at 00 UTC 07 November, we started a 36-h free forecast
for each of the numerical experiments (i.e., NODA_0700, SYN, RSAMV and CNTRL). Due
to the inherent difficulty to accurately predict the observed trajectory of this medicane event
[Pytharoulis et al., 2018], it is investigated the potential impact of assimilating different kind
of observations to perform the trajectory of the medicane (Fig. 6.28).

Among the entire set of analysis obtained from the different numerical experiments, NODA_0700
was initially expected to produce an accurate representation of the medicane trajectory. How-
ever, forecast results show that most ensemble members do not properly simulate the observed
trajectory and its particular loop-ending on the eastern coast of Sicily that is produced when
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the cyclone made landfall and started its dissipation phase (Fig. 6.28a). In general, most en-
semble members show a rapid northwards evolution towards the central part of Sicily and then
abruptly change direction towards the southeast. For the SYN experiment, which assimilates
conventional observations, the cyclone trajectories follow a ’U’ shape (i.e., first moving towards
the southeast, then moving to the east and finally moving towards the northeast) similar to
the trajectory observed over satellite imagery (Fig. 6.28b). Although the shape of the trajec-
tory agrees with observations, the location is not accurate. In general, trajectories are shifted
towards the east. In the case of the RSAMV experiment, in which only wind observations
from satellites are assimilated, a similar behavior is detected, but now more diversity among
ensemble members is observed (Fig. 6.28c).

(a) (b)

(c) (d)

Figure 6.28: Trajectory of cyclones generated by each ensemble member (blue solid lines)
by the (a) NODA_0700, (b) SYN, (c) RSAMV and (d) CNTRL experiments from 11 UTC 07
November to 12 UTC 08 November 2014. Black solid lines depict the trajectory of the medicane
observed from satellite imagery.

Some ensemble members simulate intense cyclones that follow a trajectory that completely
differ from observations. Finally, the CNTRL experiment, which assimilates conventional and
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satellite wind observations, shows cyclone trajectories resembling the SYN experiment and
without significant discrepancies (Fig. 6.28d). In the case of the data assimilation experiments
(i.e., SYN, RSAMV and CNTRL), no cyclone signature was identifiable during the first hours
of forecast. It was not until 11 UTC 7 November, when small vortex circulations appeared.
For this reason, the trajectories depicted in (Fig. 6.28) corresponds to the period from 11
UTC 7 November to 12 UTC 8 November. It is also noteworthy that for the data assimila-
tion experiments not all ensemble members depict cyclonic circulations. In fact, for the SYN
experiment only 17/36 ensemble members generate a small-scale isolated cyclone, while in the
RSAMV, a reduced number of members simulate cyclones (16/36), and finally in the CNTRL
experiment, this number is increased to 21/36. These results reveal the positive effect of as-
similating both conventional and RSAMVs to improve the predictability of this medicane event.

(a) (b)

(c) (d)

Figure 6.29: Best cyclone’s trajectory depicted by each experiment (a) NODA_0700, (b) SYN,
(c) RSAMV and (d) CNTRL from 11 UTC 07 November to 12 UTC 08 November 2014.

Looking the ensemble of cyclone’s trajectories for each experiment we can state that some
of them depict evolutions of the cyclone significantly different to the observed one, but some
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of them also depict trajectories resembling the observations. Taking into account this, we have
also represented the best track simulated by the different experiments in comparison with the
trajectory observed by satellite imagery, (Fig. 6.29). Among these results, only the CNTRL
experiment is able to depict the curvature of the cyclone trajectory in a similar way to the
observed. However, the entire track of the cyclone has a notable southward bias.

In order to assess the error associated to the trajectory the distance between the center
of the simulated cyclone mean and the observed one are computed for each time step (Fig.
6.30). Before the moment of maximum intensity (i.e., approximately at 18 UTC) NODA_0700
experiment depicts a mean track error lower than the data assimilation experiments. However,
as we get closer to the maximum intensity of the cyclone, data assimilation experiments depict
lower error values than NODA_0700 until 00 UTC 8 November. In this period of time, mean
track error values from the assimilation experiments become indistinguishable between them.
After 00 UTC 8 November, the errors associated to the data assimilation experiments start to
growth and the error associated to NODA_0700 start to decrease until the end of the simula-
tion. Paying attention to the spread of each experiment (shaded areas), all data assimilation
experiments have larger spread than the NODA_0700 experiment.

Figure 6.30: Ensemble mean (solid lines) and spread (shaded areas) of track error (km) associ-
ated to NODA_0700, SYN, RSAMV and CNTRL experiments from 11 UTC 07 November to
12 UTC 08 November 2014.

An alternative way of quantitatively assessing the goodness of the track forecasts is based
on the probability density function ρ of the center of the cyclone at each time step for each
ensemble member using the Kernel Density Estimation (KDE) statistic method [Scott, 2015,
Silverman, 2018]. Once the probabilities were computed for each time step, we calculated the
integrated probability density using the additive law of probability, as performed in Chapter 3.
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In this way, we obtained the probability distribution of the cyclone center occurrence from 11
UTC 07 November to 12 UTC 08 November. Finally, to assess how accurate are the experiments
depicting cyclone’s trajectories close to the observed one, we computed a line integral of this
probability ρ over the observed trajectory using the following equation:

PCC =
∫
OP

ρdl (6.1)

where PCC is the accumulated forecasted probability along the actual cyclone track and
OP refers to the observed cyclone path. Results indicate that data assimilation experiments
render higher values of probability of having cyclone center occurrence close to the observations
than the NODA_0700 experiment, in agreement with the track error results (Fig. 6.31).

(a) (b)

(c) (d)

Figure 6.31: Probability of cyclone center occurrence computed using Gaussian KDE technique
for (a) NODA_0700, (b) SYN, (c) RSAMV and (d) CNTRL experiments from 11 UTC 07
November to 12 UTC 08 November 2014.
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6.5.2.3 Cyclone Intensity

Another aspect that is typically investigated in TC studies is the ability of the model to accu-
rately predict the intensity of the cyclone. Taking into account the inherent difficulty of the
models in properly predicting the intensity of TCs, the effect of assimilating conventional and
RSAMV observations is explored. Again, the lack of in-situ observations is the main challenge
to properly verify the intensity of the cyclone. However, the present medicane crossed over
Malta island where a pressure drop greater than 20 hPa in 6h, reaching a minimum of surface
pressure of 985 hPa, was registered by METARs (Fig. 6.2). Thus, in order to assess the skill
of the different experiments, the METAR information from the Malta airport. Specifically, the
surface pressure evolution measured by these METARs was compared against the ensemble
members of each numerical experiment (i.e., NODA_0700, SYN, RSAMV and CNTRL). To
achieve this comparison we took the surface pressure evolution of the closest trajectory point
to Malta airport for each ensemble member and compared them to the observations (Fig. 6.32).

Malta’s Airport

Closest trajectory point
 to Malta’s airport

Figure 6.32: Example of the methodology used to compare the surface pressure evolution
obtained by the numerical experiments at the closest trajectory point to Malta and the pressure
registered by the METAR located in Malta’s airport.

Results for NODA_0700 experiment show that the ensemble mean fits the observations
accurately during the first hours of the forecast, from 00 UTC to 15 UTC 7 November (Fig.
6.33a). However, during the intensification phase, the ensemble mean locates the surface pres-
sure minimum at the same time it was observed but it does not reach the minimum observed
value of 985 hPa. Then, the cyclone starts its dissipation phase in which the ensemble mean
is not well adjusted to the observations between 19 UTC 7 November to 06 UTC 8 November.
Analyzing the ensemble members one observes that the surface pressure minimum is reached
at different times between 12 UTC 7 November to 05 UTC 8 November. In other words, the
minimum surface pressure depicted by the NODA_0700 ensemble system has a large temporal
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spread, with most of the ensemble members simulating a pressure minimum earlier the observed
one, with other members showing some delay. It is also important to note that some of the
ensemble members reach surface pressure minimum values closer to observations. In contrast,
SYN experiment reduces significantly these outliers and most of the ensemble members lay
near the observed barogram (Fig. 6.33b). In this case, the assimilation of in-situ conventional
observations has contributed in a better prediction of the minimum of surface pressure.

(a) (b)

(c) (d)

Figure 6.33: Ensemble (grey solid lines) and ensemble mean (black solid lines) surface pressure
evolution at the closest grid point to Malta for (a) NODA_0700, (b) SYN, (c) RSAMV and
(d) CNTRL experiments. Surface pressure registered by METARs in Malta’s airport is also
depicted (blue solid lines). Grey shaded area represents the most intense period of the medicane
which we are most interested in.

Focussing at the time when the minim surface pressure was observed (17 UTC 7 Novem-
ber), several ensemble members also show the pressure minimum at the same time, although
the simulated cyclone is shallower than the observed. When only RSAMV observations are
assimilated, some members simulate deep cyclones, but again with great variability among en-
semble members (Fig. 6.33c). It seems that the assimilation of only RSAMV observations is
not enough to improve the low level relevant structures. Finally, CNTRL experiment shows
results similar to the SYN simulation, but in this case the ensemble members that correctly
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simulate the maximum depth of the cyclone at 17 UTC show lower surface pressure values than
the ones observed in the SYN experiment (Fig. 6.33d). The spread of the system for CNTRL
experiment is also reduced in comparison with the other numerical experiments.

(a) (b)

(c) (d)

Figure 6.34: Whisker plots depicting the lagged correlation values between the observations and
the ensemble members for the different experiments (a) NODA_0700, (b) SYN, (c) RSAMV
and (d) CNTRL. The correlation is calculated taking into account that the observation ’V’
shape signature is shifted 4 hours to the left and 4 hours to the right.

To quantitatively assess the goodness of these results we decided to use the lagged correlation
between the ensemble members and the observations depicted in (Fig. 6.33). The correlation
measures how the shape of the surface pressure evolution fits the one observed by METARs
and also accounts for the temporal shifting. Thus, a correlation of 1 would mean that the
specific ensemble member has the same ’V’ pressure shape evolution than the observations and
also that the minimum for both of them is found at the same time. Taking into account that
some ensemble members deepen faster or slower than observed, we compute lagged correlations
between ensemble members and observations (Fig. 6.34). For NODA_0700 experiment, the
correlation of the ensemble members and the observations is maximum when a 1h delay is
applied to the forecasts (Fig. 6.34a). In this case, the correlation value for the median of
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the ensemble is approximately 0.4, with some ensemble members depicting a correlation value
larger than 0.9 and others a value smaller than -0.2.

For the SYN experiment, the maximum correlation values for the ensemble members occur
when a temporal delay of 1h is applied (Fig. 6.34b). In this case, the ensemble median is
approximately 0.4 and the third quartile is now higher than in the NODA_0700 experiment.
When we only assimilate RSAMV observations, it can be seen that the highest correlation is
found for a temporal lag of -1h (Fig. 6.34c). However, in this case, the median of the ensemble
points out to a correlation value closer to 0.5. Finally, the CNTRL experiment shows again a
correlation maximum for a temporal lag of -1h, with a correlation value of 0.5 for the median of
the ensemble and maximum values of correlation close to 1 for some of the ensemble members
(Fig. 6.34d). All the above results, indicate that the CNTRL is the experiment which best
verifies the observations.

6.5.2.4 Influence of DA on the Forecast

In order to better understand how the assimilation of different types of observations using
the EnKF affects the forecast results of this low-predictability medicane event, we analyze
different meteorological fields among the numerical experiments performed in this study (i.e.,
NODA_0700, SYN, RSAMV and CNTRL) compare them against the ERA5 analysis. For the
sake of brevity, we performed the above-mentioned comparisons at two specific times, 00 UTC
and 18 UTC on 7 November 2014. We chose 00 UTC because is the initial condition state of all
forecasts. Then, we focused on 18 UTC because at that time, the cyclone reached its maximum
intensity over Malta island.

First, the MSLP obtained from the different numerical experiments were analyzed in com-
parison with ERA5 analysis (Fig. 6.35). Among all the experiments, NODA_0700 was the only
experiment that depicts an incipient low pressure system resembling the one in ERA5. Regard-
ing the data assimilation experiments (i.e., SYN, RSAMV and CNTRL), shallower and broader
low pressure systems which are also shifted northwards towards the western part of Sicily, were
observed. Differences between ERA5 and the data assimilation experiments clearly show a cir-
cular negative region of MSLP offshore Tunisia, indicating that these experiments clearly fail in
performing an accurate representation of the initial conditions of the atmosphere for this event.
At 18 UTC, the only experiment performing a deep cyclone structure is again the NODA_0700.
However, a MSLP dipole over Malta over the differences field between NODA_0700 and ERA5
indicate that the cyclone simulated by NODA_0700 is located northwestwards from the ERA5
cyclone. Instead, data assimilation experiments predict less intense low pressure systems that
are located southeastern of Malta. Thus, initial conditions obtained from the assimilation of in-
situ conventional and RSAMV observations are facilitating the increase of the cyclone’s phase
velocity, but in contrast, those initial conditions obtained from the NODA experiments are
reducing such velocity.
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(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 6.35: Comparison of the MSLP between the numerical experiments and the ERA5
analysis at 00 UTC (initial conditions) and 18 UTC (maximum intensity registered at Malta).
NODA_0700, SYN, RSAMV and CNTRL experiments are shown in the first, second, third
and fourth row, respectively. MSLP simulated by the different experiments at 00 UTC and 18
UTC are shown in the first and third column, respectively, and the differences between ERA5
and the experiments are shown in the second and fourth columns, respectively.

The skill of the numerical model in accurately predicting the evolution of this medicane
event is strongly associated with the upper-level dynamics. For this reason, we analyse the
geopotential height at 500 hPa and the potential vorticity at 300 hPa.

Regarding the geopotential height at 500 hPa, ERA5 initially shows a strong negative
tilted trough with two geopotential minimum centers, one over the eastern part of the Balearic
Islands and the other located over the south of Tunisia (Fig. 6.36). All the numerical ex-
periments correctly represent the negative tilted trough, but only NODA_0700 performs the
above-mentioned two minimum centers of geopotential height with high accuracy. The data
assimilation experiments represent a less intense trough (blue shaded areas), specially over the
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minimum located over Tunisia.

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 6.36: Comparison of the geopotential at 500 hPa between the numerical experiments and
the ERA5 analysis at 00 UTC (initial conditions) and 18 UTC (maximum intensity registered
at Malta). NODA_0700, SYN, RSAMV and CNTRL experiments are shown in the first,
second, third and fourth row, respectively. 500 hPa-geopotential is performed by the different
experiments at 00 UTC and 18 UTC are shown in the first and third column, respectively, and
the differences between ERA5 and the experiments are performed in the second and fourth
column, respectively.

At 18 UTC, a cutoff is predicted by all experiments, being deeper in the NODA_0700 than
any data assimilation experiments. However, significant differences in the location of the cutoff
are found between these experiments. In the NODA_0700 experiment, the cutoff is centered
approximately over the central part of Sicily, whereas ERA5 locates the center of the cutoff
between the eastern part of Sicily and Malta. The other experiments share the same character-
istic: the simulated cutoff is faster (eastward) than the analyzed in ERA5 fields. This can be
easily seen looking the geopotential dipoles in Fig. 6.36(d,h,l,p), which is located southern Sicily.
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Figure 6.37: Comparison of PV at 300 hPa between the numerical experiments and the ERA5
analysis at 00 UTC (initial conditions) and 18 UTC (maximum intensity registered at Malta).
NODA_0700, SYN, RSAMV and CNTRL experiments are shown in the first, second, third and
fourth row, respectively. PV at 300 hPa is performed by the different experiments at 00 UTC
and 18 UTC are shown in the first and third column, respectively, and the differences between
ERA5 and the experiments are performed in the second and fourth column, respectively.

Finally, due to its primary role in cyclogenesis dynamics, we also analyzed the PV at 300
hPa for the entire set of numerical experiments (Fig. 6.37). In general, the PV anomaly pre-
dicted by the different experiments is very similar to the PV in the ERA5 analysis, but with
smaller amplitude and weaker gradients. The main difference between the data assimilation
experiments and NODA_0700 is that, the PV streamer in the latter is more intense. It is
important to note that there is no significant differences among the PV structures simulated
by the different data assimilation experiments. In the case of SYN, this is likely attributable
to the lack of impact at such altitudes of assimilating conventional observations due to the use
of a vertical covariance location of 3 km. In the case of the RSAMV, the effect is also very
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small because an horizontal covariance location of 50 km is used. This, together with the fact
that only a few RSAMV observations were reported at 300 hPa, are the main reasons for this
experiment not to change significantly the PV trough. At 18 UTC, the PV streamer analyzed
by ERA5 is significantly different from the PV depicted in the numerical experiments. ERA5
shows a very intense circular PV structure (∼ 10 PVU) centered over Malta island, whereas
the numerical experiments predict a wide area of PV with maximum values of 7 PVU over
southern Greece.

6.6 Conclusions
The main objective of the present study was assessing the ability of the EnKF to perform
accurate initial conditions for severe weather events which initiated over the sea, where the
atmosphere state is poorly known due to the lack of in-situ observations. This new initial
conditions are expected to provide a more accurate representation of the mesoscale environ-
ment, and thus forecasts started from this new initial conditions are also expected to provide
more accurate predictions. It is noteworthy that DA studies typically assimilate observations
from the moment that the cyclone is well formed and for example the wind fields observed
depict correctly the cyclonic circulation (e.g., in tropical cyclone DA studies). However, in this
study we are interested in improving, from an operational point of view, the pre-convective
environment before the medicane event initiated through the assimilation of different kind of
observations and then evaluate whether the new initial conditions are helpful to better predict
such small scale cyclone.

In particular, in this chapter we investigated the influence of assimilating RSAMV in com-
bination with in-situ conventional observations to improve the numerical predictability of a
Mediterranean tropical-like cyclone (medicane) that took place over the sea in the southern
part of Sicily between 6-8 November 2014 and severely affecting the Malta island. This weather
event was selected due to its low-predictable behavior (i.e., numerical models do not correctly
depict the evolution of this cyclone) probably associated to the fact that the initial conditions
were poorly estimated because of the lack of observations over the sea.

To study the effect of the assimilation of conventional and RSAMV observations a set of four
numerical experiments that provide initial conditions at 00 UTC on 7 November was designed.
In the first experiment, SYN, only in-situ conventional observations were assimilated. In the
second experiment, RSAMV, only rapid scan atmospheric motion vectors were ingested. Then,
in the third experiment both conventional and atmospheric motion vectors observations were
assimilated. Finally, the NODA_0700 experiment, was run with no data assimilation.

In order to optimize the assimilation of such observations using the full ensemble size (i.e.,
36 members) and taking into account the excessive amount of computational resources required
to perform such simulations we decided to run simplified experiments in which we used a re-
duced ensemble (i.e., 10 members). Using these "toy" experiments we were able to perform a
bulk of sensitivity simulations tunning the most important data assimilation parameters: the
horizontal and vertical covariance location, the inflation covariance factor, the superobbing
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prism size and the assignment of different observational errors. After assessing the quality of
the new initial conditions in terms of the evolution of the squared correlation, sawtooth plots
and the qualitative comparison of the low pressure system location against ERA5 analysis, the
parameter tunning process led to the following optimal configuration:

• Horizontal and vertical covariance location: 150 and 3 km, respectively.

• Covariance inflation: 1.8 and 0.2 of mean and standard deviation, respectively.

• Superobbing size: prism of dimensions 128kmx128kmx25hPa.

• Observational error: 0.75 K, 0.75 hPa and 0.75m s−1.

We used this information to run the entire set of data assimilation experiments using the
full ensemble size (i.e., 36 members). It is important to note that in this case, we had to reduce
the covariance inflation to 1.05 to avoid problems of excess of ensemble dispersion. Results of
these experiments were classified in two groups referring to the cyclone’s track and intensity.
Regarding the track of the cyclone, results indicated that in general ensemble members did
not predict accurate trajectories, being the NODA_0700 the experiment that worse simulated
the cyclone track and being the RSAMV experiment the one that better predicts the observed
trajectory during the mature phase of the medicane. However, the trajectories of the cyclone
produced by the different data assimilation experiments are shifted towards the east, without
performing the looping observed through satellite imagery. This fact could be associated with
the upper level dynamics that acts as a triggering mechanism of convection. In terms of the
intensity of the cyclone, the CNTRL experiment was found to be the best simulation predicting
the intensity of the medicane in terms of lagged correlation verification, with a correlation me-
dian value of nearly 0.5 and some of the ensemble members depicting correlation values close
to 1. Admittedly, we expected to obtain better results in terms of the track and the intensity
of the medicane assimilating additional sources of observations, such as the RSAMV.

Analyzing the ensemble mean evolution of the surface pressure for all the experiments and
comparing them against ERA5 analysis we found that data assimilation experiments (SYN,
RSAMV and CNTRL) were simulating the center of the cyclone eastwards the center of the
ERA5 cyclone. To better understand this behavior, we analyze the upper level dynamics
through the geopotential at 500 hPa and the PV at 300 hPa. Geopotential at 500 hPa sim-
ulated by the data assimilation experiments show a well-defined cutoff displaced also towards
the east of the cutoff depicted by ERA5. Then, PV at 300 hPa depicted a broad and weak
structure centered between south Italy and south Greece, in contrast to the clear intense struc-
ture centered over Malta depicted by ERA5. In other words, the assimilation of RSAMV did
not modify significantly such upper-level structures which are crucial for the correct prediction
of this medicane event. One reason that could explain this behavior is the fact that we were us-
ing small horizontal and vertical covariance locations, 50 and 3 km respectively, for the RSAMV.
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Chapter 7

Concluding remarks and future work

The Western Mediterranean region is often affected by high impact weather phenomena (e.g.,
flash floods, large hail, severe winds, storm surges or intense lightning) which produce huge
economic losses, injuries and fatalities. Although numerical weather prediction models have
significantly improved during the last years, the proper prediction of such extreme weather
events (timing and location) in the Wester Mediterranean still remains a challenge. For this
reason, current operational weather services are not able to properly predict these kind of events
and issue early accurate and sufficiently valuable warnings to the population. Predictability
of first and second kind are the main reasons for this inability. Many extreme weather events
affecting the Western Mediterranean coast lands initiate over the sea, where in-situ observa-
tions are scarce. This lack of information impacts negatively on the representation of the initial
state of the atmosphere, and consequently on the accuracy of the numerical forecasts. Thus,
with the main objective of improving the predictability of such extreme weather events in the
Mediterranean basin, it was proposed the implementation of a sophisticated ensemble-based
data assimilation scheme based on the Kalman filter (EnKF). One of the main characteristic
and advantages of this method is the estimation of flow-dependent background-error covariance,
which allows to analyze both observed and unobserved fields through cross-correlations derived
from the ensemble, as opposed to the static ones used in most variational data assimilation
schemes, such as 3D-Var or 4D-Var. The implementation of the EnKF has shown benefits in
the predictability of first and second kind over almost flat terrain, which is also well observed
by a dense network of observations (e.g., USA). This Thesis has implemented for the first time,
an EnKF system over the complex terrain of the Mediterranean basin, with the main aim of
improving the initial conditions of the above-mentioned extreme weather events over the sea,
and in consequence obtain reliable predictions with enough time to warn population. To this
purpose, along the different chapters of this Thesis we have investigated the potential effect
of assimilating different sources of in-situ conventional and remote sensing observations to en-
hance the predictability of such extreme weather events.

A first attempt was to explore the benefits of assimilating in-situ conventional observations
to obtain a better representation of the atmospheric state associated to a squall line event that
initiated over the Western Mediterranean Sea, offshore Murcia, and then affected Mallorca on
4th October 2007 (Chapter 3). Although conventional observations mainly cover land regions,
EnKF technique was able to advect, using the flow-dependent covariances, meteorological in-
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formation from areas with good coverage (land) to areas with lack of information, such as the
Alboran and Balearic Seas. To evaluate the benefits of the EnKF, a probabilistic product that
account for the severe threat (PoS) was designed, and then, results obtained were compared
against two control experiments with no data assimilation. Results from these experiments in-
dicated that EnKF better predicts the PoS, showing a good agreement with the actual path of
the squall line and AEMET reports. It was also found that the thermodynamical environment
was already accurately represented to sustain deep convection and the formation of the squall
line. However, the triggering mechanism of the squall line was not analyzed in the downscaled
analysis from the global model. Indeed, only the cycling assimilation of conventional observa-
tions in the EnKF predicted the correct triggering mechanism, an appreciable zone of low-level
convergence, over the Alboran Sea. This represents the most explicit evidence of the benefits of
assimilating new information sources in the numerical prediction system when dealing with con-
vective activity over maritime data-void regions. Unquestionably, the guidance to stakeholders
and civil protection managers would had been much more effective and valuable with the EnKF
results than with the NOA00 and NOA06 experiments. For this case, assimilating only surface
observations was enough to provide the key dynamical aspects that configure the low-level flow
and, in particular, the convergence line over the Alboran Sea. The Factor Separation technique
was applied to these surface observations with the main aim of isolating the effect of terres-
trial and maritime observations, and also their synergy. These results showed that terrestrial
observations contributed in highlighting the severe threat, in terms of PoS, along the observed
path of the most active convective cells for the day, and specially the squall line. On the other
hand, wind observations from METARs provided the most valuable source of information to
represent the convergence zone. Finally, we confirmed that hourly updates of conventional ob-
servations provide better results in terms of probabilistic forecasts of severe weather than using
a low cycling frequency. These numerical results confirm the hypothesized conceptual model of
observational information from surface stations over land being transported and disseminated
towards less densely observed maritime bodies, allegedly by means of advection of assimilated
observations.

The assimilation of hourly in-situ conventional observations was also proven to be beneficial
within a hydrometeorological framework (Chapter 4). In this context, an EPS based on the
EnKF, accounting for uncertainties from the initial conditions and from physical parameteri-
zations, was used to provide accurate representation of the atmosphere conditions in terms of
accumulated precipitation. Then, this information was used as initial conditions to start the
FEST-WB hydrological model to adequately simulate the hydrological response of the Serpis
River basin for the flash flood event that took place on 12 October 2007. Although the as-
similation of hourly conventional data using the EnKF had fallen short of producing reliable
cumulative precipitation forecasts in the basin, it was shown useful indicating a plausible haz-
ardous scenario. In this case, the inability of the EnKF in providing a better estimate of the
hydrological response in the basin is likely associated to the fact that information distilled from
conventional observations does not contribute to better represent key dynamic and thermody-
namic aspects for the genesis and evolution of this kind of flash flood events. As future work it
is expected to evaluate the potential of assimilating rapid-cycle (15-min) reflectivity and radial
velocities from Doppler radars to better represent the mesoscale thermal and humidity profiles,
as well as local flows linked to the unfold of convection and generation of highly efficient pre-
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cipitation cells.

Although the assimilation of conventional observations has been proven to enhance the rep-
resentation of the regional environment, such observations can not provide enough information
to improve fast growing small-scale features, such as deep convection. This inability is mainly
due to the spatial and temporal resolution of the conventional observations. With the main ob-
jective of improving these small-scale extreme events, the high spatial and temporal resolution
of most remote-sensing instruments becomes particularly promising. Taking this into account,
the effect of assimilating reflectivity observations from Doppler radars on the predictability of
a heavy precipitation event (IOP13) was assessed. This event initiated over the sea and in-
teracted with high complex topography, hitting central and northern populated areas of Italy
during 14 and 15 October 2012. Results showed that the assimilation of conventional and
radar observations modified the dynamical and thermodynamical environments. Equivalent
potential temperature showed that the intensity and position of the cold front was modified
(intensifying and moving forward such system) and also that the portion of the atmosphere
associated with the development of deep convection was warmed. Through the verification of
the numerical forecast experiments using different verification scores, the assimilation of radar
and conventional observations did not show a significant impact beyond 10 hours of forecast.
We also evaluated the sensitivity of such results in comparison with different assimilation win-
dow lengths used (i.e., 6-h, 4-h and 2-h assimilation window). Results showed that assimilating
radar (every 15-min) and conventional observations (hourly) during a period of 2 hours was not
enough to represent the key aspects for the simulation of the event, mainly because during such
short time period, the model was not able to represent adequately the convective structures
responsible for the reflectivity intended to be assimilated. Notwithstanding, the assimilation
of high-resolution reflectivity observations along a 6 hour window have shown a great impact
during the first 10 hours of forecast, accurately predicting intermittent deep convective cells
originated over the sea.

However, the impact of assimilating reflectivity observations present a key limitation asso-
ciated to the location of Doppler radars. Only a few radars used in the Mediterranean basin
are located in coastal regions. In these cases, they can only provide information near the coast,
reaching a few kilometres offshore. To overcome this limitation, information provided from
satellites is typically used. In particular, the last chapter of this thesis analyses the influence
of assimilating Rapid-Scan Atmospheric Motion Vectors (RSAMV) in combination with in-situ
conventional observations with the main objective of improving the poor predictability of a
Mediterranean tropical-like cyclone (medicane) that took place over the sea in the southern
part of Sicily between 6-8 November 2014 and mainly affecting the Malta island (Chapter 6).
The low predictability of this event was associated with the fact that the initial conditions
were poorly estimated because the lack of observations over the sea. Results were classified in
two groups referring to the cyclone’s track and intensity. Regarding the track of the cyclone,
results indicated that in general ensemble members did not predict accurate trajectories, with
the majority of them being shifted towards the east, without predicting the looping observed
trough satellite imagery. This fact could be associated with the upper level dynamics that acts
as a steering mechanism of the medicane. In terms of the intensity of the cyclone predicted by
the ensemble mean, it was found that the assimilation of both in-situ conventional and RSAMV
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observations results in the best of the considered simulations predicting the intensity of this
medicane event.

To better understand the impact of these observations on the trajectory of the cyclone,
the evolution of the simulated MSLP field was analyzed and compared against ERA5 analy-
sis. Results showed that numerical experiments simulated the center of the cyclone eastwards
compared to the one showed by ERA5. Geopotential at 500 hPa predicted by the data assim-
ilation experiments showed a well-defined cutoff displaced also towards de east of the cutoff
represented by ERA5. Then, PV at 300 hPa predicted a broad and weak structure centered
between south Italy and south Greece, in contrast to the clear intense structure centered over
Malta showed by ERA5 analysis. In other words, results points out that the assimilation of
RSAMV has not significant effect in modifying the upper-level structures which are crucial for
the correct prediction of this medicane event, attributable to the fact that conservative hori-
zontal and vertical covariance locations, are used.

Overall, results presented along this Thesis show the potential benefit of assimilating, us-
ing an advance ensemble-based data assimilation technique, different sources of in-situ and
remote sensing observations to improve the predictability of high-impact weather events that
typically affect Mediterranean populated coast land areas. In addition, this Thesis supposes a
first attempt to move forward towards the implementation of a near future operational warning
system in the Mediterranean basin that could provide with sufficient lead time warnings to the
population that could be affected by hazardous weather events.

Finally, new questions and future proposals have emerged from the results obtained in the
present Thesis. In particular, we intend to investigate, in the near future, the following aspects
related with the predictability of extreme weather events:

• Radar and satellite assimilation: The natural continuation of chapters 5 and 6 of
this thesis would consists in combining satellite and radar data to both capture mesoscale
structures over large maritime areas together with more local signatures near the coasts,
where higher precision of the convective environment is required to mitigate the impacts
of extreme events over coastal populated areas.

• Observation System Simulation Experiment (OSSE): A data assimilation tool
such as the EnKF allows to investigate the impact of newly proposed observations means
or observational strategies on the predictability of forecast aspects of interest. As an
example, the experience acquired in this Thesis would enable to explore the impact of un-
manned aerial vehicle flights over the Mediterranean sea to quantify its potential benefits
without the actual deployment of this expensive infrastructure. An additional illustra-
tive example, would be the generation of a virtual network of soundings extracted from
a pseudo-truth atmosphere based on ERA5 reanalysis. A cost-benefit analysis linked
on these proposed OSSEs would provide the stakeholders a rational framework to make
informed decisions about observational strategies to mitigate severe weather impacts on
society.

• Non-Gaussian uncertainties: Current studied method are based on the fundamental
assumption of Gaussian error for model and observations. New and innovative algorithms
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should be developed for discovering model trajectories that closely track observations
in the presence of multi-scale, non-linear and non-Gaussian uncertainties such as those
associated with observations and forecasts of clouds, precipitation, aerosols, soil moisture,
ice, or ocean colour. These improvements may represent a real breakthrough in the
prediction of very local extreme events such as tornadoes, highly efficient precipitation
cells and damaging winds.

• Stochastic DA: A common deficiency of mesoscale ensemble forecasts is their lack of
spread, producing overconfident predictions, which are specially damaging when forecast-
ing extreme phenomena. Besides initial condition uncertainty mainly investigated in this
Thesis, model error is also an important source of uncertainty as model grid resolution
increases. Stochastic physics offers a rigorous scientific solution for this new scientific
challenge. We propose to explore the potential of stochastic parametrization schemes for
mesoscale ensemble prediction systems along with advanced data assimilation methods
to improve the short-range forecasts of weather phenomena affecting Mediterranean coast
lands beyond the socially relevant threshold.

These proposals for future work will grow on the foundation set by the research work
developed in this Thesis.
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