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Abstract

Dynamical down-scaling has been widely used to improve regional climate description at fine scale. It

consists in driving a regional climate model (RCM) by large-scale fields provided by a global circula-

tion model (GCM) or (re) analysis as initial and boundary conditions. Previous studies have shown the

necessity of relaxing the three-dimensional RCM fields towards the GCM fields to avoid deviation from

the large-scale atmospheric circulation. This relaxationtechnique is also referred to as nudging. Two

different types of nudging exist, both involving adhoc relaxation times : the spectral nudging which con-

sists in driving the RCM on selected spatial scales only and the indiscriminate nudging which consists

in driving the RCM indiscriminately at all scales. The aim ofthis thesis was to investigate the impact

of nudging on the representation of small scale processes inregional climate modelling regarding the

different key parameters in dynamic down-scaling such as the domain size, the horizontal resolution,

the update frequency of the driving large-scale fields and the nudged variable. A ‘Big Brother’ (BB)

experimental approach is used where a reference atmospheric state is known. Two models were used:

a nested two layer quasi-geostrophic model and the Weather Research and Forecast model (WRF). Re-

sults show that nudging clearly improves the model capacityto reproduce the true atmospheric state,

regardless the domain size and the diagnosed variables of these simulations. However the skill scores

depend on the variable, the season, on the update frequency of the driving large-scale fields and the set of

nudged variable. These results served in the configuration of the simulations performed in the frame of

HyMeX/Med-CORDEX. Preliminary analysis were conducted, on the Mediterranean Sea water budget

and circulation in the strait of Sicily.



Résumé

Le système climatique couvre une large gamme d’échelle spatiales et temporelles qui interagissent entres

elles d’une manière complètement chaotique et non linéaire. Les modèles du climat global appelés aussi

les modèles de circulation générale (GCMs) représentent donc des outils fondamentaux pour la compré-

hension du climat. Cependant, de fait de leur résolution horizontale très grossières de l’ordre de 250 à

500 km, ces modèles ne sont pas adaptés aux études d’impact etaux stratégies d’adaptation associées

aux changements climatiques. Ces études se font à des échelles régionales et demandent des résolutions

beaucoup plus fines entre 10 et 100 km. Cette information est fournie par les modèles du climat régional

(RCM), le plus souvent à aire limitée, centrés sur une régiondonnée et piloté aux bords par les sorties des

GCM ou des (ré)analyses météorologiques. Des études antérieures ont montré la nécessité de relaxer les

champs tridimensionnels des RCMs vers les champs de forçageafin d’éviter des écarts trop importants

de la circulation atmosphérique à grande échelle. Cette technique de relaxation est aussi appelé “gui-

dage”. Ils existent deux types de guidage nécessitant l’ajustement adhoc d’un coefficient de relaxation :

le guidage spectral qui consiste à relaxer le RCM à certaineséchelles spatiales et le guidage indiscriminé

qui consiste à relaxer le RCM indifféremment à toutes les échelles. L’objectif de cette thèse est d’étudier

l’impact du guidage sur la représentation des processus de fine échelle dans la modélisation du climat

régional par rapport aux différents paramètres tels que la taille du domaine, la résolution horizontale,

la fréquence d’actualisation des champs de forçage et l’ensemble des variables à guider. Une approche

idéalisée, appelé « the Big Brother Experiment» est utilisée. C’est une méthode où l’état de l’atmosphère

est connue. Deux modèles ont été utilisés : un modèle quasi-géostrophique à deux couches et le mo-

dèle américain WRF (Weather Research and Forecast). Les résultats montrent clairement que le guidage

améliore la capacité du modèle à reproduire l’état de référence de l’atmosphère indépendamment de la

taille du domaine et de la variable diagnostiquée. Toutefois, les performances du modèle dépendent de la

variable, la saison, la fréquence des données de forçage et du choix des variables à guider. Ces résultats

ont servi pour la configuration des simulations effectuées dans le cadre des programmes HyMeX et Med-

CORDEX. Une analyse préliminaire de ces simulations a été menée sur le bilan d’eau et la circulation

dans le détroit de Sicile de la Mer Méditerranée.
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Chapter 1

Introduction

1.1 Scientific context

Motivated by the need of regional scale climate information, regional climate models (RCM) were first

developed mainly as a dynamical down-scaling tool to assessthe impacts of climate change on human

and natural systems in order to develop suitable adaptationand mitigation strategies at the national level.

Since the first successful demonstrations of regional climate modeling by Dickenson et al (1989) and

Giorgi and Bates (1989), a large number of universities, laboratories and other academic institutions

maintain, develop and routinely use regional climate models. In addition, the low cost and the advance

in computational resources has increased the interest for regional climate modeling and enlarged the

community of RCM users.

The principle behind regional climate modeling is that given detailed representations of physical pro-

cesses, and high spatial resolution that resolves complex topography, land-sea contrast, and land use, an

RCM can generate realistic regional climate information consistent with the driving large scale circula-

tion supplied by either global reanalysis data, or a generalcirculation model (GCM). To date RCMs have

been used for more or less all regions of the world and for a wide variety of applications, from process

studies to regional climate change and paleo-climate simulations. RCMs have demonstrated their ability

to improve simulation over regions where forcing due to complex orography, or coastlines, regulates the

spatial distribution of climate variables (e.g. Giorgi, 1990; Jones et al, 1995; Walsh and McGregor, 1995;

Wang et al, 2000, 2003). They also shown their usefulness to improve our understanding of climate pro-

cesses, such as cloud-radiation forcing, cumulus convection, and land surface processes (Pan et al, 1995;

Paegle et al, 1996; Dudek et al, 1996; Schar et al, 1999; Bosilovich and Sun, 1999; Stéfanon et al, 2012).

Therefore, there is a need to identify the potentials and thelimitations of regional climate modeling.
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1.1. SCIENTIFIC CONTEXT CHAPTER 1. INTRODUCTION

In this context, evaluation of RCM uncertainty is crucial for a credible and useful assessment. Several

studies aimed to better understand the RCMs sensitivity to different sources of uncertainty such as:

-assimilation of lateral boundary conditions (e.g. Jones et al, 1995; Seth and Giorgi, 1998; Noguer

et al, 1998; Liang et al, 2001; Diaconescu et al, 2007),

-resolution of the driving lateral boundary data (e.g. Denis et al, 2002; Duffy et al, 2003),

-initialization of land surface variables (e.g. Christensen et al, 2001; Vannitsem and Chomé, 2005 ),

-the use of different physics schemes (e.g. Ratnam and Kumar, 2005),

-the domain size and location (e.g. Seth and Giorgi, 1998; Noguer et al, 1998; Castro et al, 2005;

Vannitsem and Chomé, 2005),

-internal variability (e.g. Giorgi and Bi, 2000; Christensen et al, 2001; Vidale et al, 2003; Rinke et al,

2004),

All these sources of uncertainty are important to evaluate in order to asses the RCM limitations and

dependency on these different parameters.

1.1.1 Lateral Boundary Conditions

When used as a dynamical down-scaling tool, RCMs are usuallydriven by large-scale lateral boundary

conditions (LBC) provided by GCMs or global reanalysis data(based on observations). For hind-casts,

RCMs can take these conditions from reanalysis data. But forfuture projections, RCMs are driven by

GCM. Therefore, the skill of an RCM in dynamical down-scaling applications is highly dependent upon

the skill of the driving fields. Biases of a nested RCM may be partly attributed to the inaccuracy of the

large-scale driving fields. Several studies show that errors of the large scales propagate towards the small

scales developed by the RCM especially for fields that are driven at the lateral boundary, such as the

mean sea level pressure and temperature (Jones et al, 1995; Noguer et al, 1998; Diaconescu et al, 2007).

Additionally, even with «perfect» driving information, the various fluxes of heat, water and momen-

tum inside the domain, need to be in dynamic and thermodynamic equilibrium with the driving fields.

In other words, it is not enough for the initial state of the model to be «perfect»; it also must be stable.

Differences between the RCM and GCM physics parametrizations, especially land surface models and

cumulus convection schemes, can lead to such inconsistencies. However, the climatology of an RCM is

determined by a dynamical equilibrium between the large scale forcing provided through the LBCs and

regional characteristics produced by internal physics anddynamics of the regional model (Giorgi and

Mearns, 1999).

In order to avoid this problem some studies (Seth and Giorgi,1998; Liang et al, 2001) proposed

2



1.1. SCIENTIFIC CONTEXT CHAPTER 1. INTRODUCTION

to place the regional model buffer zone where the driving data has a small climate drift and a high

predictive skill for large-scale and synoptic-scale phenomena. Ideally, placing the lateral boundaries far

enough from the region of interest by expanding the model domain is an approach to reduce the impact

of the lateral boundaries.

1.1.2 Resolution and parametrization

The horizontal resolution and physical parametrization are usually two related issues in regional climate

modeling. Although in principle increasing spatial resolution should only improve the model solution, in

practice this is not always the case. One issue is that parametrization of sub-grid scale physical processes

(convection, cloudiness, precipitation, etc.) used in climate models (both GCM and RCM) typically must

be adjusted at each resolution. Thus, as pointed out by Gleckler and Taylor (1993), a model that has been

tuned at coarse resolution may in some respects give inconsistent results at a finer resolution unless it

is first re-adjusted at that resolution. For example, when using the one-way nesting approach where the

RCM is embed in the GCM, RCM and GCM are usually using similar physics parametrization which

can reduce inconsistency between the large-scale conditions simulated by the two models but at the same

time generates other types of errors because current physics parametrization may not scale properly over

a the RCM range of spatial scales. In fact, parametrization may be capable of giving acceptable results

only within a limited range of spatial resolutions. If the model resolution is increased beyond this range,

good results may not be obtainable even with re-tuning. In other words, if resolution is increased far

enough, some parametrization should become unnecessary. For example, a fundamental assumptions

made in some models (notably the hydrostatic approximation) will be violated if resolution is increased

far enough.

Some studies have shown that the large-scale circulation simulated by the RCM and GCM can be in

good agreement, whether or not the two models share identical physics parametrization, when the RCM

is applied to relatively small domains (see section 1.1.3).

1.1.3 Domain size and location

The sensitivity of RCM to the domain size and location is an issue of both interest and controversy and

it has been widely discussed in several studies. Jones et al (1995) showed that the regional domain must

be large enough to allow the full development of small-scalefeatures over the area of interest. On the

other hand, Castro et al (2005) showed that, a too large domain can lead to a large-scale circulation

different between the large-scales simulated by the RCM andthe driving data . Vannitsem and Chomé

3



1.1. SCIENTIFIC CONTEXT CHAPTER 1. INTRODUCTION

(2005) investigated the impact of domain size on RCM simulations. Seven domain sizes centered over

western Europe were chosen for a forty-days sensitivity test. Results show that a small perturbation in the

initial conditions (IC) and the surface fields does not change significantly the model solution for small

domains. However, for larger domains significant differences among the trajectories of simulations,

suggesting a large variability of model solutions. The sameconclusions where made by Seth and Rojas

(2003) who noted that the feedback between a perturbation inthe surface forcing and the large scale

tropical circulation is damped by the LBC in a small domain, while it is allowed to develop in a larger

one. Alexandru et al (2007) show that a reduction of the domain size minimizes the freedom of the RCM

and, as a consequence, the internal variability ( see section1.1.4) of the model, including convective

areas, which have a high internal variability. In addition,they showed that changing the domain size may

modify the geographical distribution of the internal variability and the differences among the member

averages of the simulated field decreases with the domain size.

Leduc and Laprise (2009) show that the transient-eddy spectral variance of large domain approaches

better that of the reference. Within the physical domain, this added variance corresponds to the small-

scale features that do not exist in the large-scale flow driving the RCM at the lateral boundaries. They

assume that the control imposed by the lateral boundaries onto the large-scale flow can damp the small-

scale features.

The location of the domain boundaries is also an important issue. For example, the domain bound-

aries should not cross major mountain systems, since there the mismatch between large scale forcing

fields and fine scale model fields is maximum and could lead to the generation of wrong model be-

havior. In addition, the location of the lateral boundary might affect the model sensitivity to physical

parametrization (e.g. Seth and Giorgi, 1998). Often, wrongprecipitation is produced at the downwind

boundary of an RCM domain because differences in the boundary and model wind fields can create

artificial areas of convergence there (Giorgi and Mearns, 1999). More generally, the effects of the lat-

eral boundary conditions tend to incrementally affect the model solution as we move towards the lateral

boundaries. It is therefore better to set the lateral boundaries of an RCM domain as far away as possible

from the area of interest.

1.1.4 Internal variability and predictability

Despite the increasing improvement of RCMs and the computational resources, uncertainties still exist.

As discussed above, these uncertainties may result from nonphysical treatment of LBCs, inconsistency

in dynamics and physics between the regional model and the large-scale model that provides the driving
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fields, unrealistic representation of physical parametrization, and internal flow-dependent instabilities of

the chaotic climate system at the regional scales. Therefore, small differences between a model and

the targeted state of the atmosphere amplify exponentiallywith time so that, after a finite time referred

to as the «predictability» time, the model diverges from itstarget (Pasini and Pelino, 2005). Loss of

predictability referred to as «internal variability» in climate modeling, occurs not only because of uncer-

tainties in initial conditions, but also due to model formulation. It is difficult to separate these two kinds

of sources of error, and this seriously affects the evaluation of climate modeling systems.

Vidale et al (2003) used an ensemble simulations over Europeto assess the ability of the RCM in

representing the natural inter-annual variability on monthly and seasonal time scales of precipitation and

surface temperature. They show that predictability variesstrongly depending on seasons and regions.

In general, the predictability is weakest during summer andover continental regions due to the weak

large-scale forcing in the summer season, and discrepancies in the land surface model. An ensemble of

three one-year simulations with the Canadian RCM (CRCM) runover a large mid-latitude domain was

generated by Caya and Biner (2004) with the aim of studying internal variability over an annual cycle

and possible effects for climate analysis. The CRCM internal variability shows two distinct seasonal

behaviors: in winter all simulations are almost identical resulting in very weak internal variability, while

in summer large differences are noticed between pairs of simulations. Over the mid-latitudes, during

the summer, the slower general circulation reduces the control of the LBC on the simulations inside the

domain. In addition, the stronger local processes (convection) could explain higher values of the internal

variability. The authors also remarked that, although the evolution of the various weather systems can

be quite different in summer, the climates of each simulation are similar.These results are consistent

with other studies (Giorgi and Bi, 2000; Christensen et al, 2001; Alexandru et al, 2007)which investigate

the internal variability of an RCM using different ICs or LBCs or domain location, and found that the

response was not sensitive to the origin, location, and magnitude of the perturbation, but mostly tied to

synoptic conditions, seasons and regions.

1.1.5 Nudging

To address these different sources of uncertainty, the regional climate modeling community proposed

some approaches to deal with a number of these uncertaintiesthat we discussed partially in the previous

sections. In this thesis, we are particularly interested ina method to reduce the model sensitivity to some

sources of uncertainty which is «nudging».

Actually, the resulting model solution is determined by a dynamical equilibrium between the large

5
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scale information provided at the lateral boundaries of thedomain and the internal model physics and

dynamics. To increase the consistency between the two data flows, and ensure a smooth transition from

the driving fields at the lateral boundary to the regional model interior, most RCMs have employed the

relaxation method (essentially the Newtonian relaxation)in a buffer zone whose width is selected by the

model user. It consists in driving the model prognostic variables towards the boundary conditions data

(Davies and Turner, 1977). The advantage of this relaxationmethod is that the RCM is free to generate its

own circulations in the interior of the domain, especially when using GCM forcing fields characterized

by larger errors compared to analysis data. This might lead to a partial improvement of the simulation

at the large scale (e.g. Giorgi et al, 1998). In the other hand, given perfect driving field, several studies

show that the large-scale flow in RCMs can systematically deviate from the driving fields, when only

forced at the lateral boundary (von Storch et al, 2000).

In order to avoid this drift, Lo et al (2008) used a modified Newtonian relaxation method referred

to as «analysis nudging». It consists on providing large scale forcing to the model fields throughout the

entire model domain. This method was first introduced by Charney et al (1969), who relaxed the model

state toward the observed state by adding to the model prognostic equations, an artificial tendency terms

based on the difference between the two states. Lo et al (2008) relaxed (or nudged) the model solution

toward gridded NCEP analysis (analysis nudging). The analysis-nudging term for a given variable is

proportional to the difference between the model simulation and the analysis calculated at every grid

point within the model domain. They perform three experiments:

- classical continuous run with a single initialization;

- consecutive integrations with frequent re-initializations;

- continuous run with analysis nudging.

The three simulations have been evaluated against a set of high resolution reanalysis. The traditional

continuous integration approach shows the worst performance among the three down-scaling experi-

ments.The re-initialization runs retain sufficient long-term forcing and yield intermediate skill among

the down-scaling experiments.The down-scaling simulations using analysis nudging, which constrains

the error growth in large-scale circulation during the longsimulation, show the highest skill. In this

case the model generates realistic regional scale patternsthat are not resolved by the coarse resolution

analysis, especially for surface meteorological fields. Italso maintains consistency between the model

large-scales and the large scale forcing data. Bowden et al (2011) also show that analysis nudging uni-

formly reduces the precipitation bias and improves the precipitation variability and the representation of

the extreme events when compared to the non nudged simulation.

6



1.2. REGIONAL CLIMATE MODELING PROJECTS CHAPTER 1. INTRODUCTION

Analysis nudging, has been used in several studies and was referred to with different denominations

as «indiscriminate nudging» (Salameh et al, 2010) , «data assimilation» (Anthes, 1974; Hoke and Anthes,

1976; Stauffer and Seaman, 1990) and other synonymous terminologies like «dynamical relaxation»

(Davies and Turner, 1977) or «grid nudging». In the following we will use «indiscriminate nudging».

Indiscriminate nudging has originally been developed for assimilation issues (Davies and Turner, 1977;

Schraff, 1997; Li et al, 1998; Vidard et al, 2003) but has comeincreasingly popular to drive RCMs.

Different from the «indiscriminate nudging» an other approach, usually referred to as «spectral nudg-

ing», was proposed by von Storch et al (2000). It consists in providing large scale forcing to the model

fields, but only in the long wave spectrum of the solution. In other words, the large scale component of

the solution is forced throughout the domain, while the RCM only solves for the small scale spectrum

of the solution. The advantage of spectral nudging is that itprovides a strong consistency between large

scale forcing and model fields (Feser and von Storch H, 2005) and allow the full development of small-

scale features. Also, Miguez-Macho et al (2004) show that spectral nudging successfully eliminates the

variation of precipitation results when the domain size andlocation was modified. Separovic et al (2012)

show that the noise magnitude related to the internal variability of the model is decreased when using the

spectral nudging.

Nudging techniques have demonstrated their usefulness to simulate regional weather and climate,

especially in regions where forcing due to complex orography, or coastlines, regulates the spatial distri-

bution of atmospheric variables (Radu et al, 2008), especially orographic precipitation (Schraff, 1997;

Tang et al, 2010), and regional scale climate variability (Genthon et al, 2002; Coindreau et al, 2007).

However it has also some disadvantages such as affecting thesimulation of precipitation extremes

and high-resolution dynamical phenomena(Radu et al, 2008;Alexandru et al, 2009). Careful choice of

the strength of nudging and the fields to nudge helps to suppress such effects. Indeed ,both indiscriminate

and spectral nudging require that some relaxation time constant be adjusted. Currently the relaxation time

is chosen based on trial and error and a posterior validationrather than a prior understanding leading to

suitable values.

1.2 Regional climate modeling projects

It has only been since the early 2000’s that coordinated projects on regional climate modelling have been

proposed to investigate the variability and trend of regional climates of specific regions.

In Europe, the PRUDENCE (Prediction of Regional scenarios and Uncertainties for Defining Euro-

7
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peanN Climate change risks and Effects) project was the firstEuropean Union funded project. It started

in 2001 and ended in 2004. The PRUDENCE project involved morethan 20 European research groups

and aimed to address and reduce deficiencies in projections of future climate change, to quantify our

confidence and the uncertainties in predictions of future climate and its impacts and to interpret these re-

sults in relation to European policies for adapting to or mitigating climate change. The next EU-financed

major effort in regional climate modelling was the ENSEMBLES project. A major archive of data in 25

km resolution covering the transient periods 1951-2100 or 1951-2050 according to the SRES A1B sce-

nario has been produced. The ENSEMBLES project aimed to develop an ensemble prediction system for

climate change based on the principal state-of-the-art, high resolution, global and regional Earth System

models developed in Europe, validated against quality controlled, high resolution gridded data sets for

Europe, to produce for the first time, an objective probabilistic estimate of uncertainty in future climate

at the seasonal to decadal and longer timescales. It also aimed to quantify and reduce the uncertainty

in the representation of physical, chemical, biological and human-related feedbacks in the Earth System

(including water resource, land use, and air quality issues, and carbon cycle feedbacks). The ENSEM-

BLES project ended in 2009. Similar projects were conductedout of Europe. This is for example the

case of NARCCAP (North American Regional Climate Change Assessment Program) in the USA and

Canada. All these projects also aimed to maximize the exploitation of the results by linking the outputs

of the ensemble prediction system to a range of applications, including agriculture, health, food security,

energy, water resources, insurance and weather risk management

Immediately after these projects, a new major project was started up, called CORDEX (COoRdinated

Downscaling EXperiment). It is an international project ofthe World Climate Research Program. An

archive is currently being set up. The main goals of CORDEX are to provide a quality controlled data set

of downscaled-based information for the recent historicalpast and 21st century projections, covering the

majority of populated land regions on the globe and to provide support and information to climate impact

assessment and adaptation groups. In CORDEX, 12 domains were identified, all covering parts of the

continents (Africa, Europe, South America, North America,Australia,. . . ). Among those 12 domains,

the specific case of the Mediterranean region will be investigated in my work. MED-CORDEX is a coor-

dinated contribution to CORDEX (Giorgi et al., 2009) initiated within the HyMeX (HYdrological cycle

in Mediterranean EXperiment) international program. HyMeX aims at a better understanding, quantifi-

cation and modelling of the hydrological cycle in the Mediterranean, with emphasis on the predictability

and evolution of extreme weather events, inter-annual to decadal variability of the Mediterranean cou-

pled system, and associated trends in the context of global change. The multidisciplinary research and
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database developed within HyMeX aim to improve observational and modelling systems, better predict

extreme events, simulate the long-term water-cycle, and provide guidelines for adaptation measures.

MED-CORDEX and HyMeX are thus unique frameworks where research community will make

use of both regional atmospheric, land surface, river and oceanic climate models and coupled regional

climate system models for increasing the reliability of past and future regional climate information and

understanding the processes that are responsible for the Mediterranean climate variability and trends.

Following CORDEX guidelines, MED-CORDEX will promote present climate (ERA-Interim period

1989-2008) and scenario simulations (RCP8.5 and RCP4.5, 1950-2100) with a minimum resolution of

50 km. In the context of HyMeX, the simulations will be extended to the program period from 2008 to

2020. The specific actions of MED-CORDEX and HyMeX programs are:

1. production of an ensemble of simulations with coupled Regional Climate System Models (RCSM),

i.e with fully interactive Atmosphere-Land surface-River-Ocean components, covering the whole Mediter-

ranean basin at high resolution;

2. development of stand-alone simulations for all the components;

3. extending the ERA-Interim CORDEX runs to present in orderto use the most recent validation

data available and the HyMeX field campaign results;

4 development of common strategies for ocean model initialization for decadal-to-scenario simula-

tions;

The new modelling products and climatic data-base will be ofparamount importance for new Mediter-

ranean initiatives concerning Climate Services.

This thesis falls completely within the framework of HyMeX and MED-CORDEX programs. It

first investigates the impact of nudging on regional climatemodelling and its optimal tuning for the

Mediterranean region. Second it details the first analysis of the HyMeX/MED-CORDEX simulations

configured following the outcome of my investigation on the nudging technique.

1.3 PhD thesis content

The objective of this work is to gain a general insight into the key mechanisms involved in the impact

of nudging on the large scales and the small scales of a regional climate simulation. A ‘Big Brother’

experimental approach (BBE) is used where the true atmospheric state is known, unlike when RCMs are

used in practice. This work addresses the question with (i) aquasi-geostrophic model and (ii) the Weather

Research and Forecasting (WRF) model. We investigate the link between nudging and atmospheric

9
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predictability, numerical domain size, model resolution,and boundary conditions time interval. Finally,

the question of the choice of the variables to be nudged for optimal simulations is addressed.

This thesis is organized as follows. Chapter 2 details the results obtained with the quasi-geostrophic

model. The two nudging techniques are explored, namely the indiscriminate and spectral nudging. The

robustness of the results obtained in chapter 2 is analyzed in chapter 3 by using the WRF numerical model

which includes the “full” complexity of the atmospheric processes. Chapter 4 details a first analysis of

the HyMeX/MED-CORDEX simulations with a special focus on the Mediterranean Sea water budget

and the effect of the atmospheric forcing on the thermohaline circulation in the Strait of Sicily. Finally,

concluding remarks and futures works are presented in chapter 5.

10



Chapter 2

Investigation of indiscriminate and

spectral nudging in a nested

quasi-geostrophic model

2.1 Introduction

In this chapter we used a two-layer quasi-geostrophic (QG) model which presents similarities to atmo-

spheric dynamics but still simple enough allowing us to drive a large number of experiments with a

small computational cost. We used a «Big-Brother Experiment» (BBE) approach, where the true atmo-

spheric state is known (Denis et al, 2002; de Elía et al, 2002)to investigate the impact on the QG internal

variability of indiscriminate nudging and spectral nudging. We explored the link between nudging and

atmospheric predictability, numerical domain size, modelresolution, and update frequency of the driving

large-scale fields.

Nudging techniques have demonstrated their usefulness to simulate regional weather and climate,

especially in regions where forcing due to complex orography, or coastlines, regulates the spatial distri-

bution of atmospheric variables (Radu et al, 2008), especially orographic precipitation (Tang et al, 2010;

Schraff, 1997), and regional scale climate variability (Genthon et al, 2002; Coindreau et al, 2007).Cur-

rently the relaxation time is chosen based on trial and errorand a posterior validation rather than a prior

understanding leading to suitable values. One key issue of this work is to explore the possibility to relate

a tunable parameter to physical processes. The relation between the predictability time scaleτp and the

relaxation time scaleτ is thus investigated in this section.

To test this hypothesis we adopt an approach similar to Salameh et al (2010). In Salameh et al

11
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(2010), the impact of nudging on a high-resolution model wasinvestigated using a toy model consisting

in resolving a linear transport equation with a Newtonian relaxation term. The toy model suffers from

the same drift phenomenon as a complex atmospheric model andneeds to be nudged as well. Salameh

et al (2010) predict the existence of an optimal nudging timewhich depends on the time scale over

which numerical errors affect significantly the accuracy ofthe solution at the large spatial scales, and

the typical time scale of the small-scale phenomena that arenot resolved in the coarse-resolution driving

fields. However, since the toy model is linear, its drift is solely due to accumulating numerical errors

and not to a genuine unpredictability. To overcome this limitation we base our analysis on a two-layer

quasi-geostrophic (QG) model which presents more similarities to atmospheric dynamics. We use a

”Big-Brother” experiment approach, where the true atmospheric state is known, unlike when RCMs are

used in practice (Denis et al, 2002). This study integrates two published papers.

- Omrani .H, Drobinski .P, Dubos .T: Nudging and Predictability in Regional Climate Modeling:

Investigation in a Nested Quasi-Geostrophic Model.Q. J. R. Meteorol. Soc. 138: 158–169.

-Omrani .H, Drobinski .P, Dubos .T: Spectral nudging in regional climate modeling: How strongly

should we nudge?Q. J. R. Meteorol. Soc. 138:(in press)

2.2 The quasi-geostrophic model

2.2.1 Equations

We use the flat-bottom two-layer quasi-geostrophic (QG) model on aβ -plane derived by Haidvogel

and Held (1980), modifying it only to implement a limited-area version and include nudging terms.

For completeness we reproduce in this subsection the derivation by Haidvogel and Held (1980). The

dimensional form of the equations of motion can be written:

∂tQ1 + J(Ψ1,Q1) = −υ ▽6 Ψ1 (2.1)

∂tQ2 + J(Ψ2,Q2) = −υ ▽6 Ψ2−κ ▽2 Ψ2 (2.2)

where the subscripts 1 and 2 refer to the upper and lower layers of the model, respectively. The quantities

Ψi andQi are the stream function and potential vorticity (PV) for layer i, J is the horizontal Jacobian

operatorJ(Ψi,Qi) = (∂xΨi∂yQi −∂yΨi∂xQi) and∇2 is the horizontal Laplacian operator∇2Ψi = ∆Ψi =

∂ 2
x Ψi + ∂ 2

y Ψi. The two layers have the same depthH at rest. The quantityν is a numerical diffusion

preventing the build-up of enstrophy in high wave numbers and κ is a surface friction term. The wind-

12
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components(ui,vi) are related to the stream function through the diagnostic relations:

Q1 = ∇2Ψ1 + βy+
1

2R2
d

(Ψ2−Ψ1) (2.3)

Q2 = ∇2Ψ2 + βy+
1

2R2
d

(Ψ1−Ψ2) (2.4)

(ui,vi) =

(
−

∂Ψi

∂y
,
∂Ψi

∂x

)
, i = 1,2 (2.5)

In these equations,Rd = (g′ H
2 f 2

0
)1/2 is the Rossby radius,g′ = g△θ

θ0
is the reduced gravity,θ andθ0 are the

potential temperature and the reference potential temperature, respectively andf0 is the Coriolis parame-

ter. The upward displacementη of the interface between the two layers is given byf0η
H = 1

2R2
d
(Ψ2−Ψ1).

Equations (2.3) and (2.4) state that upper and lower layer PVare conserved following the horizontal

flow, except for the effects of dissipative processes. Theselatter processes are assumed to act on the rel-

ative vorticity (∆Ψi, i = 1,2) through a biharmonic lateral diffusion in layers 1 and 2 and a linear surface

drag in layer 2 only with turbulent mixing ratio coefficientsν andκ , respectively. Following Haidvogel

and Held (1980), we consider horizontally uniform time-averaged temperature gradient (directed north-

south) and zonal vertical shear. The mean velocity is confined to the upper layer so thatU2,V 2,V 1 = 0

andŪ1 = U with U i,V i the mean zonal and meridional wind components, respectively.

Ψ1(x,y, t) = −Uy+ ψ1(x,y, t) (2.6)

Ψ2(x,y, t) = ψ2(x,y, t) (2.7)

whereψi (i = 1,2) is the deviation of the stream function from its time average, i.e. Ψi(x,y, t) = Ψi(x,y)+

ψi(x,y, t). Similar notation is used for the other variables (e.g. the potential vorticity).

Nondimensionalizing (x, y, t, ψ) by (Rd , Rd , Rd
U , URd) (x andy are the zonal and meridional coordi-

nates), the QG PV equations for the transient flow become

∂t̂ q̂1 + J(ψ̂1, q̂1) = −υ̂ ▽6 ψ̂1 + F1 (2.8)

∂t̂ q̂2 + J(ψ̂2, q̂2) = −υ̂ ▽6 ψ̂2− κ̂ ▽6 ψ̂2 + F2 (2.9)

where the eddy potential vorticities are:

q̂1 = ∇2ψ̂1 +
1
2
(ψ̂2− ψ̂1) (2.10)

q̂2 = ∇2ψ̂2 +
1
2
(ψ̂1− ψ̂2) (2.11)

13
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The forcing terms

F1 = −∂x̂q̂1−

(
β̂ +

1
2

)
∂x̂ψ̂1 (2.12)

F2 = −

(
β̂ +

1
2

)
∂x̂ψ̂2 (2.13)

represent the effects of the mean temperature and planetaryvorticity gradients on the transient flow. All

variables in Eqs. (2.10)-(2.13) are non-dimensional. The parameters which appear in these equations are

β̂ = β R2
d

U , κ̂ = κ Rd
U and υ̂ = υ

R3
dU

. In the following, for sake of simplicity, the hats of non-dimensional

variables will be omitted.

2.2.2 Numerical implementation of the global and limited area QG models

The temporal integration of the two-layer QG model is based on second-order spatial finite differences

and a third-order Runge-Kutta explicit temporal scheme. With finite differences, it is easy to apply the

same discretization in the global and limited-area model. The main tasks to be performed during a time

step are the computation of the PV trends∂tqi givenψi and the inversion of the PV, e.g. the computation

of the stream functionsψi given the PV fieldsqi.

Computation of the PV trend involves discrete approximations of the Jacobian and Laplacian opera-

tors. For the Jacobian we use Arakawa’s Jacobian which preserves energy and potential enstrophy at the

discrete level, preventing spurious energy transfers to small scales (Arakawa, 1966). The Laplacian is

approximated using the standard five-point stencil. The iterated Laplacian is approximated by iterating

this approximate operator.

In this study, we adopt the «Big-Brother» experiment approach (Denis et al, 2002). The first step

consists in running a global high-resolution «Big-Brother» (BB) model to produce a high-resolution ref-

erence data set (qre f
i , i = 1,2). Then, the small scales existing in that reference data set are filtered out

to generate a low-resolution data set (qana
i , i = 1,2). The filtering technique consists in applying a two-

dimensional Fourier filter toqre f
i and the ratio between the horizontal resolutions ofqre f

i to qana
i is here-

after referred to asα . Theqana
i fields can be seen as analysis, reanalysis or coarse-resolution GCM out-

puts. Theqana
i fields are used to initialize and drive another instance of the QG model («Little-Brother»)

running at the same resolution as the «Big Brother». This mimics the driving of a high-resolution GCM

or LAM by coarse-resolution atmospheric fields. We will later refer to the high-resolution GCM or

LAM as «Little Brother» (LB). The BB reference data set (before filtering)qre f
i contains the small scales

against which the LB small scales are then validated. This experimental framework is set-up to eval-
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uate the ability of the LB to accurately reproduce the fine-scale features present in the BB reference

simulation.

Boundary conditions are periodic in the «global» QG model. In the LAM, evaluating the Jacobian

and iterated Laplacian requires values ofψi located in a so-called halo around the computational domain.

These values are given by the «analysis»ψana
i . Inverting the PV means solving the linear system:




L−1 1

1 L−1







ψ1

ψ2


 =




q1

q2


 (2.14)

whereL is the second-order finite-difference operator approximating the Laplacian. In the global model,

system (2.14) is solved by performing a forward discrete Fourier transform, solving for each Fourier

mode a 2×2 linear system, and performing a backward discrete Fouriertransform.

In the limited-area model, system (2.14) is supplemented bythe Dirichlet boundary conditions

ψi = ψana
i . This enforces the continuity of the pressure field across the domain boundary, as physi-

cally required. We solve for the deviationδψi = ψi −ψana
i . The right hand side term of system (2.14)

then becomesqi − qana
i whereqana

i is the PV computed fromψana
i . The deviationδψi satisfies the

boundary conditionδψi = 0. Therefore system (2.14) is solved by performing a forwarddiscrete sine

transform, solving for each Fourier mode a 2× 2 linear problem, and performing a backward discrete

sine transform. Finallyψi = ψana
i + δψi gives the desiredψi. Additionally a relaxation over 6 points

is applied at the boundaries, forming a Davies-type lateralsponge zone (we also performed the whole

study without using a sponge zone without noticeable changetwo-layer quasi-geostrophic (QG) model

which presents similarities to atmospheric dynamics but still simple enough allowing us to drive a large

number of experiments with a small computational cost. We used a «Big-Brother Experiment» (BBE)

approach, where the true atmospheric state is known (Denis et al, 2002; de Elía et al, 2002) to investigate

the impact on the QG internal variability of indiscriminatenudging the results; not shown). Figure 2.1

shows an example of a horizontal cross-section of the PV fieldin the layer 1 of the model at long time

range (t > 20 in non dimensional units). It evidences the presence of anticyclones and cyclones of typical

size equal to few units (i.e. few Rossby radii in dimensionalform).

2.2.3 Nudged version of the QG model

As we analyze later in more detail, the simulated fieldsψi deviate rapidly from the reanalysisψana
i

if the latter are used only to prescribe boundary conditions. In order to prevent this drift, we use the

nudging technique. This technique consists in partially imposing the large scale of the driving fields on
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Figure 2.1:Horizontal cross section of potential vorticity in layer 1 (q1).

the RCM simulation with the aim of disallowing large and unrealistic departures between driving and

driven fields. Two different types of nudging exist: indiscriminate nudging which consists in relaxing

the RCM’s prognostic variables towards the GCM values within a predetermined relaxation time (e.g.

Salameh et al, 2010; Omrani et al, 2012a) and spectral nudging which consists in driving the RCM on

selected spatial scales (e.g. Waldron et al, 1996; von Storch et al, 2000; Radu et al, 2008; Omrani

et al, 2012b). Indiscriminate nudging is also referred to asdata assimilation, dynamical or Newtonian

relaxation, grid-point nudging or analysis nudging (Davies and Turner, 1977; Stauffer and Seaman, 1994;

Lo et al, 2008; Salameh et al, 2010; Omrani et al, 2012a). The two nudging techniques require constant

adjustments (e.g. Radu et al, 2008; Salameh et al, 2010; Omrani et al, 2012a). In practice, the nudging

technique consists of relaxing the model state towards the analysis by adding a non-physical term to the

model equation. This nudging term is defined as the difference between the observation and the model

solution weighted by a nudging coefficient which is the inverse of the nudging time.

For IN, Eqs. (2.8) and (2.9)become :

∂tq1 + J(ψ1,q1) = −υ ▽6 ψ1 + F1 (2.15)

−
1
τ
(q1−qana

1 )

∂tq2 + J(ψ2,q2) = −υ ▽6 ψ2−κ ▽6 ψ2 + F2 (2.16)

−
1
τ
(q2−qana

2 )

However, with spectral nudging only the large scales are relaxed and Eqs. (2.8) and (2.9) become :

∂tq1 + J(ψ1,q1) = −υ ▽6 ψ1 + F1−
1
τ
(qls

1 −qana
1 ) (2.17)

∂tq2 + J(ψ2,q2) = −υ ▽6 ψ2−κ ▽6 ψ2 + F2−
1
τ
(qls

2 −qana
2 ) (2.18)

whereτ is a freely tunable parameter defined as the nudging time . Theshorter the timeτ , the closerqi
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or qls
i andψi or ψ ls

i will be to qana
i andψana

i (i = 1,2).

To separate the fine and large scales we apply a two-dimensional Fourier Transform of the PV, so

that:

q(x,y, t) = ∑
kx,ky

q̃(kx,ky)exp2iπ(kx + ky) (2.19)

in whichx, kx denotes zonal coordinates and wave numbers andy, ky denotes meridional coordinates and

wave numbers. The two-dimensional Fourier filter is defined by:

q̃ls(kx,ky) = q̃(kx,ky) if k2
x + k2

y ≤ k2
cut

= 0 if k2
x + k2

y > k2
cut

(2.20)

wherekcut is the cut-off wave number. The filtering technique consistsin applying this filter toqre f
i so

that all scales of̃qls
i with a wave number higher thenα are removed, whereα = kcut

max(k) is the spectral

truncation coefficient. In principle it is possible to let the nudging coefficient vary with scale, which

would make the filter indeed less abrupt as ours. This possibility seems not to be widely used in practice.

For instance in Feser and von Storch (2008) the nudging time is chosen to depend on altitude only. In

any case our choice of an abrupt filter is motivated by simplicity.

To quantify the predictability time scaleτp in the QG models, we compute the initial exponential

error growth, yielding the first Lyapunov exponent. We consider a runψ1
i (t) and a second run called the

perturbated simulationψ2
i (t) almost identical, except that its initial condition is different by a random

and infinitesimal amount (10−3 amplitude Gaussian white noise). We compute the total energy of the

difference between perturbed and reference stream functions:

E(t) =

�
‖∇δψ1‖

2 +‖∇δψ2‖
2

2
dxdy

+

� ∥∥∥∥∥

(
δψ1 + δψ2

2

)2
∥∥∥∥∥dxdy (2.21)

whereδψi = ψ2
i −ψ1

i .

The total energyE consists of the sum of upper and lower kinetic energies (firstterm of Eq. (2.21))

and potential energies (second term of Eq. (2.21)). Figure 2.2 displays a typical evolution ofE as a func-

tion of time in log-scale along the ordinate axis. It clearlyshows evidence of an exponential initial error

growth (linear evolution in log-scale) untilt = 20 in non-dimensional coordinates. Then there is non-

linear saturation. The exponential phase of error growthE(t) = E0exp(2λ t) defines the first Lyapunov
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exponentλ and the predictability time scaleτp = 1
λ .
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Figure 2.2:Evolution of total energyE of the difference between perturbed and reference stream functions as a
function ofnormalizedtime t for β = 0.25 andκ = 0.5 (non-dimensional values).

Figure 2.3 shows the value ofτ as a functionβ and κ . As also observed by Vallis (1983), the

predictability properties of two-layer flow are rather subtly affected byβ . Vallis (1983) argues that the

energy cascade at low wave numbers is slowed by a strongβ , which increases predictability, whereas it

weakly depends onκ . Similarly to Haidvogel and Held (1980), we setκ = 0.5 in the following and let

β vary between 0.1 and 0.55.
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Figure 2.3:Contour plot of predictability timeτp as a function ofβ andκ . The contours range between 0.14 and
0.34 with an increment of 0.2.

2.2.4 Diagnostics

To quantify the ability of the down-scaled LB fieldqi to reproduce the BB reference fieldqre f
i in layer

i, we first evaluate the variance ratio of LB to BB solutionsσ2
qi
/σ2

qre f
i

. This is a classical diagnostics for

climate model evaluation.

A second approach, which corresponds to deterministic evaluation, consists in computing their nor-

malized covarianceai given by

ai =
cov(qre f

i ,qi)

σ2
qre f

i

(2.22)

which represents the slope of the linear regression betweenqi andqre f
i (i.e. qi ∼ aiq

re f
i + bi), and the
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correlation coefficientri given by

ri =
cov(qre f

i ,qi)

σqre f
i

σqi

(2.23)

with

cov(qre f
i ,qi) =

1
NxNy

Nx

∑
k=1

Ny

∑
l=1

[
qre f

i (k, l)−qi
re f

]

× [qi (k, l)−qi]

(2.24)

σqre f
i

=

√√√√ 1
NxNy

Nx

∑
k=1

Ny

∑
l=1

[
qre f

i (k, l)−qi
re f

]2
(2.25)

σqi =

√√√√ 1
NxNy

Nx

∑
k=1

Ny

∑
l=1

[qi (k, l)−qi]
2 (2.26)

whereqi
re f andqi are the values ofqre f

i andqi averaged over the whole model domain in the layeri.

The quantitiesNx, Ny are the number of grid points of the domain in thex (longitude) andy (latitude)

directions. The quantitiesai andri represent the slope and spread of the scatter plot betweenqre f
i and

qi. Whenai andri are close to 1, the LB reproduces accurately at each time stepand each grid point

the BB reference field in layeri. Conversely, large departure from 1 indicates poor LB performance.

Therefore, a crucial aspect of the estimation of the LB performance in simulating the fine-scale features

in the context of regional weather and climate modelling is the deterministic grid point to grid point

comparison between the LB outputsqi and the BB reference fieldqre f
i . These skill scores are much more

constraining than a comparison of climatological statistical diagnostics (Murphy and Epstein, 1989).

2.3 Indiscriminate nudging

Indiscriminate nudging has been widely used for testing purpose, sensitivity studies, assimilation, mesoscale

or boundary layer studies (e.g. Vidard et al, 2003; Lo et al, 2008; Salameh et al, 2010) and also for re-

gional climate variability investigation (e.g. Genthon etal, 2002; Coindreau et al, 2007 with global

stretched grid regional model LMDZ; Zhang et al, 2009 with limited area model WRF). We address the

relationship between nudging and predictability in 2 steps:

1. we first consider the relationship between nudging and predictability by using a refined ”global”

QG model as a high-resolution GCM. We especially investigate the ability of the high-resolution

GCM to produce the correct small scales depending on the nudging time and predictability time.
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2. we investigate the additional effect on predictability and nudging of lateral boundaries using a

limited area QG model as a LAM. This study is complementary tothe few studies investigating

the predictability of LAMs (Anthes et al, 1985; Errico and Baumhefner, 1987; Anthes et al, 1989;

Vukicevic and Paegle, 1989; Van Tuyl and Errico, 1989; Vukicevic and Errico, 1990; de Elía et al,

2002). By using a strongly idealized model we are able to explore a wide parameter space in terms

of regional domain size and of nudging time.

2.3.1 Downscaling using a high-resolution GCM

In this section, we use the same periodic domain for BB and LB (Fig. 2.4). One must note that down-

scaling by nudging a high-resolution GCM towards a coarse-resolution GCM is of no practical use. The

motivation is here to establish the relationship between the sensitivity to initial conditions and the nudg-

ing time in a context which is free of the technicalities associated to a LAM, which will be addressed in

Section 2.3.2.

Figure 2.4:”Big-Brother” experiment principle using a high-resolution GCM.

In the following β̂ = 0.25, κ̂ = 0.5, ν̂ = 10−4. The domain size is 24Rd × 24Rd and the number

of grid points is 128× 128. This implies that one Rossby radius is made of 5.3 grid points. We run

the LB model untilt = 100≃ 10τp with different nudging timeτ ranging between 0.01τp andτp and

a resolution factorα between 1/2 and 1/8. Figure 2.5 shows horizontal cross sections in layer 1 at the

end of the simulation of the reference (BB) PVqre f
1 , of the coarse-resolution driving PVqana

1 obtained

by spatially filteringqre f
1 with α = 1/3 and of the simulated (LB) PVq1 for τ = 0.01τp, τ = 0.4τp and

τ = τp, respectively. A small value of the nudging time (τ = 0.01τp) forces the model to stick to the

coarse-resolution driving fields: indeed, comparing Fig. 2.5g (q1) to Fig. 2.5d (qana
1 ) and Fig. 2.5d (q1)

to Fig. 2.5a (qre f
1 ), we can observe that the model reproduces perfectly the large scale vortices but not

the fine scale structures. On the other hand forτ = τp (Fig. 2.5c, f, i), the model is able to reproduce

neither the large-scale nor the fine-scale features. The nudging time that corresponds toτ = 0.4τp seems
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Figure 2.5: Horizontal cross section of the reference (BB) PV in layer 1 (qre f
1 ) (top row, panels a, b and c),

horizontal cross section of the coarse-resolution drivingPV in layer 1 obtained by filtering spatially the reference
PV field (qana

1 ) (middle row, panels d, e and f) and horizontal cross sectionof simulated (LB) PV in layer 1 (q1)
(bottom row, panels g, h and i) forτ = 0.01τp (left column, panels a, d and g),τ = 0.4τp (middle column, panels b,
e and h) andτ = τp (right column, panels c, f and i). The ratioα between the horizontal resolutions ofqre f

i to qana
i

is 1/3.

visually to be the optimum time since the model (Fig. 2.5h) best agrees with the reference (Fig. 2.5b).

In order to evaluate more quantitatively the quality of the simulations of the fine and large scale

features, the LB PV fieldsqi in the simulations are decomposed into a large-scale part (qi,ls andqre f
i,ls )

and a small-scale part (qi,ss andqre f
i,ss ) by application of low-pass and high-pass Fourier filters with cut-off

wavelength being the resolution of the fieldqana
i driving the simulation.

Figure 2.6 displays the variance ratio of LB to BB solutions averaged over 80≤ t ≤ 100, as a function

of the nudging time for the total field, large-scale field and small-scale field.

We note that forτ between 0 and 0.5τp , the amount of small scales increases until it reaches a

maximum. It then decreases forτ between 0.5τp and 6τp down to a value of 0.2, and finally increases

again up to about a value of 1. For small nudging time, the production of small-scale features is inhibited

because by construction the model is forced to stick to the driving fields. Intuitively we expect that the

production of the fine-scale features to be associated with increasing ratio of LB to BB solutions until

it reaches 1 for large nudging time. This is not the case forτ between 0.5 and 6τp where the ratio of

LB to BB solutions decreases until it reaches a minimum. In fact a similar behavior is observed for the
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Figure 2.6:LB to BB ratio of averaged layer 1 PV variance, as a function of the nudging timeτ normalized by
τp (log scale) for the total field (a), large-scale field (b) and small-scale field (c). The different curves correspond
to different resolution ratioα.

large-scale field. Hence nudging for this range ofτ hinders the production of large scale features too. To

check the robustness of this result, a similar test was performed with the Lorenz model which is much

simpler than the QG model but still presents a chaotic character. The calculations showed a strongly

reduced variance of the nudged model as well (not shown). Thesmall variance of the small-scale BB

flow compared to LB is probably the result of the weak large-scale LB flow. Finally, as expected, for

very large values ofτ , nudging has no longer any effect, and both the LB small and large-scale fields

have the same variance as in BB. One can note that the value of the ratio of LB to BB solutions slightly

exceeds 1 for largeτ . This is due to the uncertainty associated with the varianceestimate for the two

different fields. In the following we restrict the discussion to values ofτ ranging between 0 andτp .

Figure 2.7 displays scatter plots between the simulated (LB) and reference (BB) PV fields for 80≤

t ≤ 100 in layer 1 for the large scale (q1,ls andqre f
1,ls) and for the small-scale (q1,ss andqre f

1,ss) for τ = 0.01τp,

τ = 0.4τp andτ = τp. For a small nudging timeτ = 0.01τp (Fig. 2.7a), the LB large scale is accurately

reproduced compared to the reference (BB) and the covariance and correlation coefficientsa1,ls andr1,ls

are≃ 1. However the LB small scale features are very poorly reproduced as quantified with covariance

and correlation coefficientsa1,ss = 0.13 andr1,ss = 0.56 (Fig. 2.7d). Whenτ is large, i.e.τ = τp, the

error on the large scale increases significantly witha1,ls = 0.53 andr1,ls = 0.67 (Fig. 2.7c) and induces

large errors at the fine scale witha1,ss = 0.01 andr1,ss = 0.02 (Fig. 2.7f). The use of the intermediate

value of the nudging timeτ = 0.4τp allows the minimization of the error both at the small and large

scales (Fig. 2.7b, e). The covariance and correlation coefficients for the large scalea1,ls andr1,ls are≃ 1
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Figure 2.7: Scatter plots between the simulated (LB) and reference (BB) PV fields in layer 1 for the large
scale (q1,ls andqre f

1,ls) and for the small-scale (q1,ss andqre f
1,ss) for τ = 0.01τp (a, d),τ = 0.4τp (b, e) and

τ = τp (c, f), respectively.The ratioα between the horizontal resolutions ofqre f
i to qana

i is 1/3.

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

τ/τ
p

a 1,
ss

 

 

α=1/2

α=1/4

α=1/6

α=1/8

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

τ/τ
p

r 1,
ss

 

 

0 0.2 0.4 0.6 0.8 1
0  

0.2

0.4

0.6

0.8

1  

τ/τ
p

a 1,
ls

 

 

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

τ/τ
p

r 1,
ls

 

 

(d)

(a)

(c)

(b)

Figure 2.8: Covariance (a1) (panels a, c) and correlation (r1) (panels b, d) coefficients computed in layer
1 for the large (ls subscript, panels a, b) and small scales (ss subscript, panels c, d) as a function of the
nudging time normalised by the predictability time (τ/τp) using various resolution factorsα .

and for the small scalea1,ss = 0.76 andr1,ss = 0.96 .

Figure 2.8 displays the covariance (a1) and correlation (r1) coefficients computed in layer 1 for the

small (ss subscript) and the large scale (ls subscript) as a function of the nudging time normalized by

the predictability time (τ/τp) using various resolution factorsα . It shows that for the large scale and for
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low to intermediate values ofτ (from 0 to about 0.5τp), the covariance and correlation coefficientsa1,ls

andr1,ls remain very close to 1 because the relaxation is strong enough to prevent LB simulations (qi)

to depart significantly from the driving large scale fields (qana
i ) (Fig. 2.8a, b). However, one can notice

that for τ < 0.1τp, small scale field is very poorly simulated by LB anda1,ss andr1,ss reach maximum

values between 0.1 and 0.5 (Fig. 2.8c, d). Indeed, for such low values ofτ the production of small

scale structures is inhibited because the LB fields are constrained by the nudging to match too tightly

the coarse-resolution driving fields. As the nudging time increases (τ > 0.5τp), the model progressively

deviates from the forcing large scale fields. The LB does produce small scale patterns, but they poorly

match those present in the BB reference fields (Fig. 2.5i). Indeed,a1,ls andr1,ls decrease below 0.6 and

0.8 respectively for the large scales anda1,ss andr1,ss tend to zero for the small scales. The departure

of the LB large-scale fields from the coarse-resolution driving fields induces small-scale patterns that

may be statistically representative of the mean regional climate (forτ/τp > 10, see Fig. 2.6) but differ

from the reference on a ”grid point to grid point comparison”basis. An optimum is eventually reached

for intermediate values ofτ , ranging between 0.3 and 0.6τp. Figure 2.8 also shows that LB simulations

deteriorate when the resolution factorα decreases, i.e. the ratio between the resolution of the driving

large-scale fields and the LB resolution increases. This deterioration is due to the too coarse resolution

the driving fields reach, which prevents the accurate representation of even the large-scale atmospheric

circulation. This is especially critical when the driving field resolution becomes coarser than the Rossby

deformation radius, corresponding roughly toα < 1/8. Quantitatively, forτ = 0.4τp, a1,ss and r1,ss

decrease from 0.73 and 0.95 forα = 1/2 to 0.23 and 0.50 forα = 1/8.

2.3.2 Downscaling using a high-resolution LAM

In this section, the main difference with Section 2.3.1 is that we consider a limited area model nested

within the global model, so that the size of the LAM domainL comes into play. The experimental

framework of a perfect model used in this section is similar to that of the previous section but with small

modification (Fig. 2.9): the first step consists in running the global high-resolution QG model, referred

as ”Big Brother” (BB), to produce a high-resolution reference dataset (qre f
i , i = 1,2). Then, the small

scales existing in that reference dataset are filtered out togenerate a low-resolution dataset (qana
i , i = 1,2)

needed to drive the nested LAM. Theqana
i fields are used as initial and boundary conditions of the LAM

and to drive the LAM when nudging is used. The reference dataset (before filtering)qre f
i contains the

small scales against which the LAM small scales in the nesteddomain (qi, i = 1,2) are then validated.

The performance of the LAM is quantified by the same parameters (ai, ri ) as in the previous section, but
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Figure 2.9: ”Big-Brother”experiment approach using a LAM.

Nx×Ny 64×64 80×80 96×96 112×112
L

Rd
12 15 18 21

τp 18 15 13 10

Table 2.1: Predictability timeτp as a function of the normalised domain sizeL/Rd .

in the nested domain only. We will later refer to the LAM as the”Little Brother” (LB) .

The effect of the LB domain size on the predictability is firstinvestigated. For this the LAM is driven

at its boundaries by the perfect dataqre f
i and initialized with perturbed data as described in section3.2.

No nudging is used. In Table 2.1, the predictability timeτ p in normalised coordinate is reported as a

function of the normalised domain sizeL/Rd. We first observe that a finite predictability time is found

for all the domain sizes we consider. If the simulation was completely controlled by its boundaries, the

initial discrepancy between the reference and the perturbed simulations would decay as time passes and

eventually vanish. Conversely the finite predictability time of the LB implies that the control exerted by

the boundary conditions is incomplete, in the sense that thetrajectory followed by the model depends

significantly on its initial condition, and not only on the information provided at the boundaries. We

must however make clear here that the slower growth of initial errors in a small-domain LAM results

from the artificial constraints exerted by the lateral boundary conditions, and that it does not reflect an

greater intrinsic predictability of the modeled atmosphere. However for consistency with the previous

section we keep referring to predictability when discussing the sensitivity to initial conditions.
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The predictability decreases as the domain size of the LB increases. We interpret this dependency

qualitatively in two ways. First, the characteristic size of a potential vorticity cyclone or anticyclone is

comparable to the Rossby radiusRd. Then as the the domain size decreases, fewer cyclones and anticy-

clones fit into it. Therefore less interactions take place between the different cyclones and anticyclones

and predictability of the model increases. Second, as the domain sizeL decreases, an individual air parcel

swept by the mean windU spends a decreasing amount of timeτadv = L/U in the domain. Assuming

that the errors exit the domain as well, a small domain leavesthem less time to develop than a large do-

main. Small domains can therefore be expected to lead to a more predictable system. Indeed Vukicevic

and Paegle (1989) show that if the domain is small enough the sensitivity of the forecast to small initial

uncertainties is low. Similarly, Leduc and Laprise (2009) analysed the sensitivity of regional climate

modelling to the domain size and showed that the small-scalestationary patterns improve in spatial cor-

relation when the domain size is reduced. Conversely Vannitsem and Chomé (2005) show that for a large

domains, a small error in initial condition leads to different simulations. The study of Alexandru et al

(2007) suggests that a reduction of the domain size generally results in a significant reduction of LAM

internal variability. Finally, Lucas-Picher et al (2008) have computed the time spent by air parcels in the

domain of a RCM. They find a linear relation between the spatial distribution of the internal variabil-

ity and residency time. These previous results are fully consistent with a small domain having a larger

predictability, and our postulated relationship between predictability and internal variability. Nutter et al

(2004) also show that the loss of dispersion within an ensemble of simulations is greater on smaller

domains because features are advected more quickly from oneside to the other.

Moreover, we have observed a complete suppression of sensitivity to initial conditions with a domain

of sizeL ≤ 12Rd (i.e. smaller than 64×64 grid points). In an idealized setup similar to ours, Nutter et al

(2004) address sensitivity to initial conditions by considering the internal variability within an ensemble

of limited-area one-layer QG simulations on theβ -plane. They also find that internal variability is smaller

for small domains, with significant reduction for a LAM domain of size 1500 km (i.e. oneRd). Notice

that due to their use of a barotropic model instead of a baroclinic model like ours, we do not expect that

the LAM domain size below which sensitivity to initial conditions disappears is the same.

We now consider nudging in a small domain of sizeL = 12Rd for the LB, in a global domain of 24Rd .

The value of the predictability timeτp is then 18 (Table 2.1). Figure 2.10 displays the covariance and

correlation coefficients computed in layer 1. The use of only64×64 grid points makes the estimations

of the covariance and correlation coefficients much noisier, especially forα < 1/4. Nevertheless, one

can see that, except for very low values ofτ (< 0.1τp), the values of the covariance and correlation
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Figure 2.10: Covariance (a1) (panels a, c) and correlation (r1) (panels b, d) coefficients computed in layer
1 for the smallest LB domain -Nx ×Ny = 64×64 i.e.L = 12Rd (Table 2.1) - for the large (ls subscript,
panels a, b) and small scales (ss subscript, panels c, d) as a function of the nudging time normalised by
the predictability time (τ/τp) using various resolution factorsα .

coefficients are weakly dependent on the nudging timeτ , so the quality and performance of the LB

simulations does not depend on the strength of relaxation towards the coarse-resolution driving fields.

We finally consider a nudging in a larger domain of sizeL = 18Rd for the LB, in a global domain of

24Rd . The value of the predictability timeτp is then 13 (Table 2.1). Figure 2.11 displays the covariance

and correlation coefficients computed in layer 1. The use of 96×96 grid points allows a more accurate

estimates of the covariance and correlation coefficients, even though it is still noisier than with 128×128

grid points. The shape of the curves as a functionτp is similar that obtained with the high-resolution

GCM with a performance optimum forτ ≃ 0.4τp but with slightly more spread between the various

runs for different values ofα (Fig. 2.11). We see that compared to the high-resolution GCM, the large

scale is slightly less accurately reproduced. Also the degradation of the performance with respect toα is

larger and forα < 1/4, the small degradation of the LAM performance at large scale does not allow the

production of correct fine scale features.

2.3.3 Discussions

Since climate models forget rapidly about their initial conditions it would seem that the concept of pre-

dictability is relevant to short-term weather forecastingbut not to long-term regional climate modelling.

This will be the case if regional climate is studied using a standalone, global model, but regional climate

modelling is mostly done using LAMs. A LAM must maintain a consistency between the atmosphere it
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Figure 2.11: Same as Fig. 2.10 for the LB domain -Nx ×Ny = 96×96 i.e.L = 18Rd (Table 2.1).

models within its domain and the fields that drive it at the boundary. This will not happen if the LAM

is sensitive to initial conditions, since this implies thatit is insufficiently controlled by its lateral bound-

aries. Our results show that LAMs with a domain larger than a few Rossby radii are sensitive to initial

conditions even for perfect lateral boundary conditions, and therefore must be nudged in order to main-

tain their consistency with boundary data. Furthermore thebehavior of the nudged model, both at large

scale and at small scale, depends primarily on the ratio of the nudging time to the predictability time.

When the nudging time is very small compared to the predictability time, the model reproduces the

large scale used to force the model. On the other hand if the nudging time is close to or larger than

the predictability time both large and fine scale are poorly reproduced compared to the reference fields.

As a result, the internal variability of the model strongly depends on nudging. This technique clearly

improves the model capacity to reproduce the reference fields, used here as a surrogate for reality. The

best result is obtained with a nudging time close to half the predictability time (τ = 0.4τp). Although the

reconstructed fine scales are significantly damped, they aresurprisingly well correlated to their reference

values in a deterministic sense, not a statistical sense.

For LAM our predictability study shows that if the domain size increases, the predictability of the

system decreases. We speculate that when the LAM domain is sufficiently large, the atmospheric system

has more active parts in interaction, which increases its chaotic character and limits his predictability.

Conversely when the domain is small, the short time spent by air parcels in the domain does not allow

initially present errors to develop. With nudging the LAM capacity to reconstruct the small scales is

similar to that of a high-resolution GCM. Especially a good correlation between the reconstruct small
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scales and the reference requires an increase in resolution1
α less than 2 or possibly 3 (Figs. 2.8 and 2.10).

Even if deterministic scores are not important, statisticssuch as the variance are strongly distorted in our

experiments when1α ≥ 4 . Current nested regional climate models frequently employ grid meshes almost

an order of magnitude finer than the GCM serving to drive them.In such a case, if the LAM domain is

large and nudging can not be avoided, indiscriminate nudging will have a strong detrimental effect on

the modeled small scales. Scale-selective nudging like thespectral nudging might then be a requirement,

rather than an interesting option.

2.4 Spectral nudging

With indiscriminate nudging, strong nudging is detrimental because it prevents the build-up of small-

scale variability. Since spectral nudging does not affect the small scales of the RCM fields, one intuitively

expects that the relaxation of the RCM towards the GCM shouldbe infinitely strong provided perfect

large-scale fields. However, in the literature, even for spectral nudging, the relaxation time value is not

zero (infinitely strong nudging). It is a constant empirically set to produce the most realistic fields (e.g.

Radu et al, 2008).

The question this section addresses is thus: how strong should we nudge when using spectral nudging

technique, and why ? To do so, the same technique applied in section 2.3 with indiscriminate nudging,

is used here with spectral nudging. Therefore in what follows, we analyse the quality of the downscaled

fields as a function of the nudging time, and discuss the temporal sampling of the driving fields as a

function of their spatial scale.

2.4.1 Nudging towards infrequent vs frequent large-scale driving fields

We now analyse two sets experiments withτa = τp/5 (infrequent driving fields) andτa = τp/20 (frequent

driving fields). τa is the time interval between to consecutive driving data (the analysis frequency in

regional climate modeling). First we illustrate qualitatively the effect of the nudging time on the output

of the LB. Then for each set of experiment the ability of the LBto reproduce the BB reference fields is

evaluated as described in subsection 2.2.4, as a function ofthe nudging timeτ and as a function of the

spectral truncation coefficientα .

Figure 2.12a displays BB large-scale potential vorticityqre f ,ls
1 (x0,y0, t) spatially low-pass filtered

with spectral truncation coefficientα and sampled at a certain location(x0,y0) in the domain. This time

series is compared toqana
1 (x0,y0, t) which is obtained by piecewise linear interpolation of the filtered
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Figure 2.12: Time evolution ofqre f ,ls
1 (x0,y0, t) (black) andqana

1 (x0,y0, t) (red) (a), ofqre f ,ls
1 (x0,y0, t)

(black) andqls
1 (x0,y0, t) (red) for τ = 0.1τp (b) andqre f ,ls

1 (x0,y0, t) (black) andqls
1 (x0,y0, t) (red) in the

absence of nudging (c) forα = 1/2 andτa = τp/5.

reference data over intervals of lengthτa = τp/5. The linear interpolation filters out the variability at

short temporal scales, which is of significant amplitude in the reference fields. Figure 2.12b compares

qre f ,ls
1 (x0,y0, t) and the LB large-scale potential vorticityqls

1 (x0,y0, t) obtained in a strongly nudged sim-

ulation (τ = τp/10) . The large-scale simulated PVqls
1 is undistinguishable fromqana

1 , and therefore the

high frequency variability of the large-scale field is lost because of the temporal interpolation between 2

consecutive driving fields (qana
1 ). Figure 2.12c finally comparesqre f ,ls

1 andqls
1 obtained without nudging.

At the beginning of the simulation, there is a near perfect agreement betweenqre f ,ls
1 andqls

1 . However the

two fields start to depart from each other aftert = τp and diverge completely fort > 3τp. This highlights

the necessity of nudging. Is there in between an optimal nudging time that allows the model to create its

own large scale dynamics without losing the information present in the driving fields ? We will try to

answer this question in what follows.

Figure 2.13 shows the time evolution of the covariance coefficient a1 and correlation coefficientr1

computed in layer 1 for the small scales (ss subscript) and the large scales (ls subscript) forα = 1/2,

τa = τp/20 and various nudging times . Betweent = 0 and 0.3τp, small scales are produced by the LB

model (they are absent from the initial condition att = 0). The black curve in panels a and b shows

the evolution ofals
1 and rls

1 for qana
1 . It displays oscillations which take the value 1 every timet is a

multiple of τa (perfect match betweenqana
1 andqre f ,ls

1 ). For small nudging time (e.g.τ = 0.01τp), LB

large-scale fieldqls
1 are forced to stick toqana

1 . This results in similar oscillations of coefficientsals
1 and
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Figure 2.13: Time evolution of covariance coefficienta1 (panels a, c) and correlation coefficientr1

(panels b, d) computed in layer 1 for the large (ls subscript, panels a, b) and small scales (ss subscript,
panels c, d) forτa = τp/20,α = 1/2 and various values ofτ .

rls
1 which are close to 1 every timet is a multiple ofτa but not as good in between. For the small scales,

coefficientsass
1 andrss

1 take fairly high values (0.7 and 0.9, respectively) but display oscillations which

evidence unrealistic behaviour of the small-scale dynamics. Coefficientsass
1 andrss

1 evolve in phase with

coefficientsals
1 and rls

1 , which can be interpreted as the error propagating from the large to the small

scales. When the nudging time increases(τ = τp), coefficientsa1 andr1, both at large and small scales,

tend to low values (about 0.5-0.6 for large scales due to partial boundary control, and 0 for small scales).

The large and the small scales are thus poorly reproduced. Anintermediate value ofτ (τ = 0.2τp) allows

the production of small-scales with good accuracy (ass
1 andrss

1 equal to 0.8 and 0.95, respectively) and

minimizes the oscillating effect. This advocates for the existence of an optimal nudging time which is

different from 0. Whenτa = τp/5, the general behaviour is similar but the coefficientsass
1 andrss

1 drop

down to 0.4 with much larger oscillations forτ equal to 0.01τp and 0.2τp .

Figure 2.14 displays the covariance (a1) and correlation (r1) coefficients computed in layer 1 for the

small (ss subscript) and the large scale (ls subscript) as a function of the nudging time normalised by the

predictability time (τ/τp) using various resolution factorsα andτa = τp/20. For large scales, coefficients

als
1 andrls

1 decrease as the nudging timeτ increases and as the spectral truncation coefficientα decreases,

especially forτ ≥ τa. This is in agreement with Omrani et al (2012a). For small scales, coefficientsass
1

andrss
1 exhibit a bell curve for low values ofτ with an optimum forτ ≃ 0.2τp. Regarding the dependence

on α , coefficientsass
1 andrss

1 take generally higher values with decreasingα (for α = 1/16 and below,

this is no longer true because the Rossby deformation radiusis comparable to the grid size). Figure 2.15
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Figure 2.14: Covariance coefficienta1 (panels a, c) and correlation coefficientr1 (panels b, d) computed
in layer 1 for the large (ls subscript, panels a, b) and small scales (ss subscript, panels c, d) as a function
of the nudging timeτ normalised by the predictability timeτp using various spectral truncation factors
α for τa = τp/20.

is the same as Fig. 2.14 forτa = τp/5. Similar curves are obtained but especially the coefficients a1,ss

andr1,ss are much lower than forτa = τp/20 (this is also true for large scales but to a lesser extent) .

One can note that in Fig. 2.14 (τa = τp/20), for τ < 0.2τp, coefficientsass
1 and rss

1 are larger for

α = 1/4 than forα = 1/2. We now argue that this may be because the ”small scales” present in the

large-scale driving fields are not well resolved in time.

2.4.2 Relationship between spatial and temporal scales

To explore this hypothesis, we compute the normalized temporal self-correlation of the reference PV

field as a function of the wavenumber and time lagτl:

C(kx,ky; τl) =
〈q̃∗(kx,kyt) q̃(kx,ky, t − τl)〉

〈q̃∗(kx,kyt) q̃(kx,ky, t)〉
(2.27)

where〈.〉 denotes temporal averaging.

Figure 2.16 displays the normalized self-correlation function for time lag equal toτl = τp/20 andτl =

τp/5 as a function of the wavenumberk = (k2
x +k2

y)
1/2. The vertical solid lines indicate the corresponding

spectral truncation factorsα ranging from 1/8 to 1/2. The two plots start with a moderatelyhigh self-

correlation neark = 0 that gradually decrease as a function of wavenumber. This decrease is faster for

τl = τp/5 than forτl = τp/20 . This shows, unsurprisingly, that spatial small scales remain self-correlated

over short temporal scales. A low self-correlationC(kx,ky,τl) implies that driving large-scale fields
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Figure 2.15: Same as Fig. 2.14 forτa = τp/5.

0 0.1 0.2 0.3 0.4 0.5 0.6
−0.4
−0.2

0
0.2
0.4
0.6
0.8

1

k

C
(k

,τ l)

(a)

0 0.1 0.2 0.3 0.4 0.5 0.6
−0.4
−0.2

0
0.2
0.4
0.6
0.8

1

k

C
(k

,τ l)

(b)

τ
l
=τ

p
/20

τ
l
=τ

p
/5

Figure 2.16: Normalized temporal self-correlationC(kx,ky; τl) of the reference PV field, as a function of
the wavenumberk = (k2

x + k2
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1/2, for τl = τp/20 (a) andτl = τp/5 (b).
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Figure 2.17: Maximum spectral truncation factorαcr as a function of the reanalysis intervalτa.

sampled at intervalsτa = τl do not represent accurately the spatial scale(kx,ky) even if it is nominally

present in (resolved by) the large-scale fields. Thus these scales do not represent useful information for

the regional model. Injected into the model they can even generate additional errors. It should then

be advantageous to let the model generate such scales dynamically itself. This may explain the higher

scores obtained with the lowest spectral truncation coefficients.

We now define a critical wave vectorkcr(τl) and a corresponding critical truncation coefficientαcr(τl)

beyond which the small scales are no more correlated. For this we choose 1/e as a threshold value of the

autocorrelation function, i.e.C(k,τl) < 1/e for k > kcr(τl). Forτa = τp/20 (Fig. 2.16a) the value ofαcr is

around of 0.2 which explains that the small scales corresponding toα = 1/4 are better represented than

those forα = 1/2. Forτa = τp/5 (Fig. 2.16b) scales aboveα = 0.06 are not well correlated. Therefore

we expect that the highest scores will correspond toα = 1/16 (not shown) . However, for this value the

model dynamics is not properly solved because the Rossby deformation radius is comparable to the grid

size. The highest score correponds toα = 1/8 even if it remains low.

For a given time intervalτa, if we want to nudge only towards large-scale data that is correctly

time-resolved, we should set the spectral coefficient factor α such thatα ≤ αcr(τl = τa). Figure 2.17

summarizes the relationship between the spatial scale of processes and their temporal scale as provided

by αcr(τa). Except for smallτa , where all the spatial scales are well correlated in time,αcr decreases

with τa, obeying roughlyαcr τa = cst in our idealized set-up. For a large interval, the temporal variability

of almost all scales is poorly sampled andαcr tends to zero.

2.4.3 Discussions

We have analyzed the impact of the time interval of the driving large-scale fields on the outputs of

a spectrally nudged model. In section 2.3, it has been shown that for indiscriminate nudging, there

is a trade-off between the adverse effect of nudging on smallscales and the departure of the large-

scales from the driving fields. In spectral nudging, this trade-off does not exist since small scales are
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not affected. Contrary to expectations, an infinitely strong spectral nudging does not produce optimal

reconstruction of the small scales. Indeed, this would be true only if the driving fields were fully resolved

in time. However, for practical reasons, the driving large-scale fields are only available every multiple

of a certain time intervalτa, much larger than the model integration step and are linearly interpolated in

time in between. This puts a lower bound on the optimal nudging time : there is no gain in reducing

the nudging time below the intervalτa (the upper bound being a fraction of the predictability timeτp ;

Omrani et al, 2012a).

Furthermore there is a relationship between spatial and temporal variability of the forcing fields. As

a consequence, the small scales that have very short characteristic time are poorly sampled in the forcing

fields if τa is too long. In this case, the forcing fields are effectively affected by sampling errors. Since

τa is usually not a freely adjustable parameter, it is then in fact beneficial to remove the finest and fastest

scales from the forcing fields to avoid sampling errors.

Therefore a key factor that limits how strong spectral nudging should be is the finite temporal reso-

lution of the forcing fields. A consequence is that care must be given to their spatial resolution as well to

ensure that all the information fed into the model is as correct as possible. The procedure outlined in sub-

section 2.4.2 may provide a practical means to check that theforcing fields are adequately time-resolved

and adjust their spatial resolution as necessary. Other driving techniques exist, where the regional model

is ’corrected’ towards the analyses in an impulsive manner,at regular intervals corresponding to the avail-

ability of analyses, and evolves freely in between (Thatcher and McGregor, 2009). The latter technique

requires no temporal interpolation but the issue of temporal undersampling remains the same: phenom-

ena occurring at spatial scales resolved by the analyses butat temporal scales unresolved by the available

analyses will be erroneously represented and it may be beneficial to filter them out of the data driving

the regional climate model.

2.5 Conclusions

In section2.3, it has been shown that for indiscriminate nudging, there is a trade-off between the adverse

effect of nudging on small scales and the departure of the large-scales from the driving fields. For a

small domain, the boundary conditions sufficiently controlthe atmospheric dynamics and low sensitivity

is found on the nudging time. In section 2.4 we showed that in spectral nudging, this trade-off does not

exist since small scales are not affected. Contrary to expectations, an infinitely strong spectral nudging

does not produce optimal reconstruction of the small scales. Indeed, a key factor that limits how strong
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spectral nudging should be is the finite temporal resolutionof the forcing fields. A consequence is that

care must be given to their spatial resolution as well to ensure that all the information fed into the model

is as correct as possible.
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Chapter 3

Investigation of nudging using the

Weather Research and Forecasting (WRF)

model over the European and

Mediterranean regions

3.1 Introduction

In the previous chapter, we addressed several questions related to nudging using an idealized numerical

model. The use of dimensionless parameters within the quasi-geostrophic (QG) model helped us identify

key parameters controlling the benefit of nudging. However,the simple nature of the quasi-geostrophic

model does not allow to transpose straight forwardly the results to real regional modelling. The aim

of this chapter is thus to go one step further by using a LAM «inoperation», with its full complexity

as a RCM. The RCM used in this study is the Weather and ResearchForecasting (WRF) limited area

model (Skamarock and Klemp, 2007). The WRF model was chosen here because of the possibility to

apply both indiscriminate and spectral nudging techniquesin different configurations and on differents

variables.

This study is of particular relevance in the context of the CORDEX program (Cordinated Down-

scaling Experiment; Giorgi et al, 2009) endorsed by the World Climate Research Program (WCRP). The

main goals of CORDEX are to provide a quality-controlled data set of downscaled-based information for

the recent historical past and 21st century projections, covering the majority of populated land regions on
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the globe and to provide support and information to climate impact assessment and adaptation groups.

The objectives of this chapter are:

• to investigate the impact on the simulated regional climate of the key parameters controlling the

nudging effect that have been identified in the previous chapter: update frequency of the driving

large-scale fields and domain size,

• to quantify the potential added value of nudged simulations with respect to not nudged simulations,

• to identify how each variable is affected by nudging focusing on surface temperature, wind fields

and rainfall,

• to quantify the impact of the choice of the set of nudged variables on the simulated variables and

to identify a possible optimal set of the variable to nudge.

To isolate the effect of nudging without any interference with other sources of error and uncertainty

propagation, we also use a BBE approach, meaning that the same model and hence the same physics

are used. In order to address the issue of the domain size, twoCORDEX domains have been used: the

EURO-CORDEX domain over Europe and the HyMeX/MED-CORDEX over the Mediterranean domain

(Ruti et al, 2012).

This chapter is organized as follows. A description of the model and the experiment set-up is given

in Section 3.2. The impact of nudging on the WRF internal variability over Europe is investigated in

Section 3.3. The comparison of the results obtained over theEuropean and Mediterranean domains is

discussed in Section 3.4. Finally, Section 3.4.1 summarizes the results and points out some open research

questions needing further investigation.This study integrates two submitted papers.

-Omrani .H, Drobinski .P, Dubos .T: Nudging in regional climate modeling: investigation in a Big

Brother experiment using the Weather Research and Forecasting (WRF) model. Climate Dynamics,

(DOI: 10.1007/s00382-012-1615-6)

-Omrani .H, Drobinski .P, Dubos .T: Nudging in regional climate modeling: What should we nudge?.

Climate Dynamics, (submitted)

3.2 Numerical setup

3.2.1 Model description

The model used in this study is the updated version 3.1.1 of the Weather Research and Forecasting

Model (WRF) released on July 31, 2009. WRF is a limited area model, non-hydrostatic, with terrain
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following eta-coordinate mesoscale modeling system designed to serve both operational forecasting and

atmospheric research needs (Skamarock and Klemp, 2007). The WRF development is a collaborative

partnership, principally among the National Center for Atmospheric Research (NCAR), the National

Oceanic and Atmospheric Administration (the National Centers for Environmental Prediction (NCEP)

and the Forecast Systems Laboratory (FSL), the Air Force Weather Agency (AFWA), the Naval Research

Laboratory, the University of Oklahoma, and the Federal Aviation Administration (FAA).

We use the physical options chosen to perform the HyMeX/MED-CORDEX simulations (Lebeaupin-

Brossier et al, 2011, 2012a,b,c; Flaounas et al, 2012a). These include the WRF Single-Moment 5-class

microphysical parameterization (Hong and Zhao, 1998; Honget al, 2004), the new Kain-Fritsch convec-

tive parameterization (Kain, 2004), the Dudhia shortwave radiation (Dudhia, 1989) and Rapid Radiative

Transfer Model longwave radiation (Mlawer et al, 1997) and the Yonsei University planetary boundary

layer scheme (Noh et al, 2003). For the land surface model, a 5-layer diffusive scheme is used here

but other simulations are available with the Rapid Update Cycle scheme (Flaounas et al, 2012a). In the

context of HyMeX/MED-CORDEX, ocean/atmosphere coupled simulations have also been performed

using WRF with such configuration (Drobinski et al, 2012; Claud et al, 2012; Lebeaupin-Brossier et al,

2012c).

In this work we use the “Big-Brother Experiment” (BBE) (Denis et al, 2002) to investigate the impact

of the indiscriminate and spectral nudging on WRF skills to produce significant small scales from low

resolution driving data. It consists in first establishing areference climate by performing a large-domain

high-resolution RCM simulation: this simulation is calledthe Big-Brother (BB). This reference simula-

tion is then degraded by filtering short scales that are generally unresolved by the driving fields (DF) (e.g.

global reanalysis and global climate models). This filteredreference is then used to drive the same nested

RCM (called the Little-Brother LB), integrated at the same high-resolution as the Big Brother, but over a

smaller domain that is embedded in the Big-Brother domain. The climate statistics of the Little Brother

are then compared with those of the Big-Brother over the Little-Brother domain (Fig. 3.1). Differences

can thus be attributed easily to errors associated with the nesting and downscaling technique, and not to

model errors nor to observation limitations.

3.2.2 Nudging

We investigate the two existing nudging techniques, i.e. the indiscriminate nudging (IN) and the spectral

nudging (SN). The IN technique has been originally developed for assimilation issues (Schraff, 1997;

Yong et al, 1998; Davies and Turner, 1977; Vidard et al, 2003)but is increasingly popular to drive RCMs
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Figure 3.1: ”Big-Brother”experiment approach using a limited area model (LAM) as a regional climate
model (RCM).
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(Flaounas et al, 2012a,b) . The nudging technique consists in relaxing the model state towards the driving

large-scale fields by adding a non-physical term to the modelequation. This nudging term is defined as

the difference between the observation and the model solution weighted by a nudging coefficient which is

the inverse of the nudging time. In WRF, indiscriminate nudging is represented by the general following

equation [Eq. (3.1)].

∂tqLB = F(qLB)−
1
τ
[qLB −qDF ] (3.1)

whereq is a prognostic variable. The subscriptsDF andLB stand for driving field and Little-Brother,

respectively. In WRF, nudging can be applied to the wind componentsu andv (zonal and meridional

wind components, respectively), to the potential temperature θ , and to the water vapor mixing ratio

qv. The model’s physical forcing terms (advection, Coriolis effects, etc.) are represented byF(.). The

quantity 1/τ is the nudging coefficient, withτ a representative time scale for the artificial nudging term

which depends on the vertical coordinate. For indiscriminate nudging, the smaller the nudging timeτ ,

the closer the RCM predictionsqLB to the driving large scale fields fieldsqDF interpolated on the RCM

grid and the larger the inhibition of the RCM physics.

The spectral nudging technique technique consists in driving the RCM on selected spatial scales only

and does not affect the small scales fields since only the large scales are relaxed [Eq. (3.2)].

∂tqLB = F(qLB)−
1
τ
[qls

LB −qDF ] (3.2)

where qls
LB is the large-scale part of the LB simulated fieldqLB. It is obtained by applying a two-

dimensional Fourier filter toqLB (which resolution is that of a typical RCM, i.e. about 50 km resolution)

with a cutoff wavelength corresponding to typical GCM resolution (i.e. about 300 km). As for indis-

criminate nudging, spectral nudging in WRF can only be applied to the wind components and potential

temperature. Spectral nudging is applied above the planetary boundary layer with a constant nudging

coefficient which is chosen equal for all nudged variables.

3.2.3 Simulations

An ensemble of 144 simulations has been performed with varying domain size, update frequency of the

driving large-scale fields (τa) and nudging time (τ) for winter and summer and for indiscriminate and

spectral nudging (Table 3.1). The BB simulation was performed over a large domain covering Europe

and North Africa (Fig. 3.2) with 130×140 horizontal grids points with a 50 km horizontal resolution (as

required within CORDEX) and 28 vertical levels, the model top is 50 hPa. A winter simulation starts
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Domain Mediterranean Europe
Resolution (km) 50×50 50×50
Grid dimensions 54×90 98×100
Period (JJA), (DJF) (JJA), (DJF)
Analysis frequencyτa (hr) 3, 6, 12 3, 6, 12
Nudging type NN, IN, SN NN, IN, SN
Nudging timeτ (hr) 1, 3, 6, 12 1, 3, 6, 12
Nudged variables T , u , v , q T , u , v , q

Table 3.1: Summary of performed simulations. The acronyms JJA, DJF, NN, IN and SN stand for June-
July-August, December-January-February, no nudging, indiscriminate nudging and spectral nudging,
respectively.

on 1 December 1989 to 28 February 1990 with one month spin up (November 1989) and a summer time

simulations from 1 June 1999 to 31 August 1999 with one month spin up (May 1999). The initial and

boundary conditions of the BB simulation are provided by theERA-Interim reanalysis of the European

Center for Medium-range Weather Forecast (ECMWF). The resolution of the BB fields are then degraded

using a simple low pass averaging filter to obtain a resolution of 300 km×300 km (typical GCM resolu-

tion) from the 50 km×50 km fields. When nudging (IN and SN) is used, it is applied above the planetary

boundary layer as suggested by Lo et al (2008). The nudged variables are the potential temperature, wind

and moisture.

Two CORDEX domains with different domain sizes are used in the model sensitivity experiments.

These areapproximatelythe EURO-CORDEX and HyMeX/MED-CORDEX domains covering Europe

and the Mediterranean regions (Fig. 3.2). The HyMeX/MED-CORDEX domain is embedded within

the EURO-CORDEX domain (the HyMeX/MED-CORDEX domain is smaller since a strong focus is

put on ocean/atmosphere coupled runs which requires more computer resources; Ruti et al, 2012). This

“nested” domain approach allows to compare the two sensitivity experiments on the common domain

(i.e. the HyMeX/MED-CORDEX domain).

The investigated region is also of strong climate interest since located in a transition zone between

the humid western and central European domain and the arid North African desert belt and it is affected

by interactions between mid-latitude and tropical processes. It displays a very pronounced seasonal cycle

characterized by wet-cold winters and dry-warm summers (Peixoto et al, 1982). Winter in the region is

strongly affected by large scales patterns. At the southernlimit of the North Atlantic storm tracks, the re-

gion is particularly sensitive to inter-annual displacement of the trajectories of mid-latitude cyclones that

can modulate the precipitation Rodriguez Fonseca and Castro (2002). In the summer, high pressure and

descending motions dominate over the region, leading to high temperature and long periods of drought

(Xoplaki et al, 2004; Trigo, 2006; Stéfanon et al, 2012). In addition to global scale processes and tele-
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Figure 3.2: The Big Brother Experiment domains and topography in meters (color shading) as repre-
sented in WRF. The Europe and Med domains correspond to the EURO-CORDEX and HyMeX/MED-
CORDEX domains of the HyMeX and CORDEX international programs.

connections, the regional climate is affected by local processes induced by the complex physiography of

the region and the presence of the Mediterranean Sea. The contrast between the two seasons prompted us

to conduct our studies on two different periods because the physical and dynamical processes involved

are not the same and the effect of nudging may differ between winter and summer.

In the following, we will identify simulations over the Mediterranean domain as LB-Med and over

Europe as LB-Euro. Contrary to Omrani et al (2012b), we can not use a wide range of values for the

update frequency of the driving large-scale fieldsτa because of the diurnal cycle. The value ofτa is thus

always smaller than 12 hrs.

To quantify the ability of the LB to reproduce the reference field, we used a set of diagnostics similar

to those used in Chapter 2 to facilitate their interpretation. The mean biasδ , the standard deviationσ

and the correlation coefficientγ .

3.3 Results over the EURO-CORDEX domain

In this section we will analyze our simulations over the EURO-CORDEX domain. In the following, the

diagnostics are produced for the surface temperature, windand rainfall, for both sake of simplicity and

because they are key variables for climate variability analysis and impact studies. One must note that

precipitation is not nudged but produced by the physical parameterizations of the WRF model. Therefore,

nudging has an indirect effect on precipitation through temperature, humidity and wind through moisture
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Figure 3.3: Taylor diagram for the total space-time surfacetemperature in summer (a) and in winter
(b) obtained from the LB simulations over the EURO-CORDEX domain. The red dot indicate the skill
target for the LB simulations (“BB” stands for Big-Brother). The stars (⋆), circles (©) and squares
(�) display the skill scores of the NN, IN and SN simulations in the Taylor diagram, respectively. The
red, blue and black colours correspond toτa = 3, 6 and 12 hr, respectively. The numbers 1, 3, 6 and
12 indicate the values of the nudging time (τ = 1, 3, 6 and 12 hr, respectively). Zooms into the small
rectangles are displayed on the right panels.

convergence, for instance. Conversely, even though nudging is not applied within the planetary boundary

layer, surface temperature and wind are more directly affected by the nudging term.

3.3.1 Surface temperature field

Figure 3.3 shows the Taylor diagram for the total space-timesurface temperature in summer (Fig. 3.3a)

and winter (Fig. 3.3b) for the simulations performed in the absence of nudging (NN with star marker

⋆) and in the presence of nudging (IN with circle marker© and SN with square marker�). The

Taylor diagram provides a way of graphically summarizing how closely a pattern (or a set of patterns)

matches reference field (Taylor, 2001). The similarity between two patterns is quantified in terms of their

correlation(γ) , their centered root-mean-square difference(ε) and the amplitude of their variations (rep-

resented by their standard deviationsσ ). Notice that we first substract at each grid point the seasonal

mean before computing the space-time standard deviation and the space-time root-mean-square differ-

ence. The LB patterns that agree well with BB are the nearest from the point marked "BB” on the x-axis.

These patterns have relatively high correlation and low errors. Models lying on the arc corresponding to

the standard deviationσ value of the reference have the correct standard deviation (which indicates that

the pattern variations are of the right amplitude).
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For both seasons, we can only distinguish two ensembles of markers. An ensemble of three points

with star marker corresponds to the NN simulations using different update frequencies for the driving

large-scale fields (τa =1, 3, 6 and 12 hr). These simulations have the lowest correlation coefficients and

the highest root means square error compared to the second ensemble which corresponds to the nudged

simulations (IN and SN). They have a higher standard deviation compared to the BB in summer and

almost the same in winter. This shows that independently of the type or the strength of nudging, IN

and SN simulations have the highest skills with respect to the NN simulations. Looking in details, we

note that the model skill to reproduce the reference temperature (BB) increases as the updating time (τa)

decreases. Comparing IN and SN we note that in summer, IN simulation have the highest correlation

coefficient, however the SN simulations standard deviationis closer to the BB standard deviation value.

Nevertheless, the difference between the nudged simulations is very small and thus its significance may

be questionable.

The Taylor diagram is a good way to get an overview of the results but it must be accompanied by

space-time diagnostics. Figure 3.4 shows the mean biases between the BB and LB-Euro simulations

in the surface temperature in summer and winter for the NN (Fig. 3.4a,d), IN (Fig. 3.4b,e) and SN

simulations (Fig. 3.4c,f). In summer, when nudging is not used, we notice a strong warm bias (about

+10◦C) over Europe and north Africa mainly over land and the domain centre . This bias is very weak

over the sea because the sea surface temperature (SST) is prescribed from ERA-Interim reanalysis for

all simulations, whereas over land the land surface model (LSM) computes its own surface temperature.

In IN and SN simulations, this bias decreases to about±2◦C. The difference between the two types of

nudging is not significant. Unlike the summer, in winter we note a strong cold bias (about−6◦C) in

Eastern Europe and a smaller bias over almost the whole domain in the NN simulation. This bias also

disappears in the nudged simulations. The same behavior is found when using largerτa values (6 hrs,

12 hrs) (not shown).

This result is consistent with the work of Radu et al (2008) and J. et al (2010). Comparing non

nudged and spectrally nudged simulations performed with the spectral regional climate model ALADIN

over Europe, they found a similar problem of warming over Southeastern Europe and France that reaches

2.5 °C related to a dry bias in summer through a positive feedback (Rowell and Jones, 2006) and a smaller

one in winter. Such summer bias has also been observed in other studies with WRF model (e.g. Caldwell

et al, 2009) and explained by an over-prediction of daily-maximum temperature which is correlated with

a low soil moisture content. In the present work, the summer bias of the soil moisture is very small

(not shown) because we use the 5 layer land-surface model which predicts only soil temperature and
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Figure 3.4: The mean bias (°C) between the LB simulations with respect to the BB simulation of the
surface temperature (i.e. at 2 m height) for summer (a, b, c) and for winter (d, e, f) over the EURO-
CORDEX domain. The nudging timeτ and update frequency of the large-scale driving fieldsτa are set
to 1 and 3 hr, respectively. The left (a, d), middle (b, e) and right (c, f) columns correspond to the NN,
IN and SN simulations, respectively.

prescribes moisture availability given the land surface cover (Bukovsky and Karoly, 2009). So these

explanation does not hold. Another mechanism must therefore be invoked.

The work by Bowden et al (2011) also showed a temperature biasover North America when nudging

is not used. They showed a significant correlation with a 500 hPa geopotential height bias. Figure 3.5

shows the 500 hPa geopotential height mean bias between the BB and LB-Euro simulations when nudg-

ing is not used (Fig. 3.5a,d) and for IN (Fig. 3.5b,e) and SN (Fig. 3.5c,f) simulations. The 500 hPa

geopotential height bias pattern is very similar to that of the temperature (Fig. 3.4). This result is consis-

tent with the work of Bowden et al (2011). The increase in temperature corresponds to an atmospheric

blocking situation artificially created by the model when nudging is not used. To check whether the

blocking is due to dynamical process linked to the synoptic circulation over this region or to numerical

deficiencies, the simulation domain has been shifted eastwards (upper row of Fig. 3.6) and westwards

(lower row of Fig. 3.6) with respect to the reference simulation (middle row of Fig. 3.6) (the domain size

is kept unchanged). This experiment showed that the positive anomaly persists. Its maximum is always

located in the center of the domain and extends horizontallyover a range roughly corresponding to the

domain size. This reveals the numerical nature of this anomaly. This can be easily explained by the
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Figure 3.5: Same as Fig. 3.4 for geopotential height at 500 hPa.

feedback of the small scale energetic features produced in the NN simulations towards the larger scales.

After some time, the NN simulations thus produces in the center of the domain a large-scale atmospheric

circulation which is “inconsistent” with the large-scale atmospheric circulation imposed at the domain

boundaries. The NN simulations finally produces a balanced solution for the large-scale atmospheric

circulation different from that of the driving large-scalefield within the LB domain.

Figure 3.7 displays the correlation coefficientγ computed for the surface temperature field as a

function of the nudging timeτ . It is splitted into the large scale component (γls) and the small scale

component (γss) as in Salameh et al (2010), Omrani et al (2012a) and Omrani etal (2012b). The surface

temperature field is decomposed into a large-scale part and asmall-scale part by application of the same

low-pass and high-pass two-dimensional averaging filters used in the BBE with cutoff scale∆=300 km.

The sum of the large and small scale components is referred toas the total surface temperature field (γtot ).

The different curves correspond to IN and SN simulations using different values ofτa. The correlation

coefficient is very high for the total and large scale fields (γtot , γls > 0.9). The correlationγss between

the BB and LB-Euro small-scale surface temperatures is alsofairly high with values ranging between

about 0.75 (winter) and 0.80 (summer). The difference between summer and winter is significant since

it exceeds the spread of the ensemble of simulations performed for summer on the one hand and for

winter on the other hand. This can be explained by the fact that during summer, strong and persistent

anticyclonic conditions associated with low cloudiness (and rainfall) make the surface temperature field
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Figure 3.6: 500 hPa geopotential height mean for the BB (leftcolum; a, d, g) and NN simulations (middle
column; b, e, h) and bias (right column; c, f, i). The upper row(a, b, c) correspond to the LB simulation
domain shifted westward, the middle row (d, e, f) to the reference simulation and the lower row (g, h, i)
to the LB simulation domain shifted eastward.
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more predictable. In winter, despite a strong large scale forcing, the temperature field is strongly con-

trolled by cloudiness and precipitation at small scales which are less predictable variables in numerical

modeling. In winter, the difference between IN and SN simulations is not significant. In summer, the IN

simulations have significant higher skill scores than SN simulations. The dominant contribution of the

large scales to the total surface temperature field has also been evidenced by Di Luca et al (2012a) who

quantified the added value of the use of RCM at fine horizontal resolution to predict surface temperature

and rainfall fields. Upon detailed examination, Fig. 3.7 shows that the IN simulations display a peak of

maximum correlation for the small-scale component of the surface temperature field. This maximum is

found for τ = 3hr. The significance of this maximum can be questionned butthere is good chance that

such maximum exists since expected from the previous studies by Salameh et al (2010) and Omrani et al

(2012a). Moreover, by applying their theoretical linear prediction to actual numerical simulations with

the MM5 model (e.g. Dudhia, 1993), Salameh et al (2010) foundan optimum forτ = 3.4 hr which is

very close to our results. For SN simulations, such peak is not visible except maybe for the small-scales

whenτa = 12 hr due to sampling errors (see dashed black curve) as suggested by Omrani et al (2012b).

Indeed there may be phenomena with a spatial scale larger than ∆=300 km and a characteristic time scale

shorter than 12hr. Whenτa = 12 hr, such scales are spatially resolved but poorly time-sampled in the

forcing fields. These sampling errors can then propagate into the BB model.

3.3.2 Surface wind field

Figure 3.8 shows the mean bias of the zonal surface wind component (u component) for summer and

winter from the NN, IN and SN simulations. In summer, the NN simulation displays the largest negative

bias over the Mediterranean Sea where it can reach -4 m s−1 in some location. It displays the largest

positive bias over the Gibraltar Strait where it exceeds 3 m s−1. Slightly lower biases are found over

Northwestern Europe (about -3 m s−1) and Central Europe (+1-2 m s−1). The IN and SN simulations

show no bias over land and the Mediterranean Sea. A residual bias remains over the Atlantic Ocean

but its magnitude is significantly reduced (between -1 and -2m s−1). In winter, the zonal surface wind

difference between BB and LB-Euro simulations is negative and can reach values of about -4 m s−1.

When nudging is used the bias disappears almost completely over land but a negative bias persists over

the sea. The bias is slightly smaller over the Atlantic Oceannear the western boundary of the domain but

it increases over the Mediterranean Sea.

Figure 3.9 is similar to Fig. 3.8 for the meridional surface wind component (v component). We first

note that the spatial pattern of the bias is different from that of the zonal surface wind component. For
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Figure 3.7: Correlation coefficientγ between the LB and BB simulations for the surface temperature (i.e.
at 2 m height) as a function of the nudging timeτ . The results are shown for summer (left column; a, c,
e) and winter (right column; b, d, f) and for the total fieldγtot (upper row; a, b), the large scaleγls (i.e.
scales≥ 300 km) (midlle row; c, d) and the small scaleγss (lower row; e, f) . The solid and dashed lines
indicate the results from the IN and SN simulations. The red,blue and black colors correspond to values
of update frequency of the driving large-scale fieldsτa equal to 3 hr, 6 hr and 12 hr, respectively.

Figure 3.8: Same as Fig. 3.4 for the zonal surface wind componentu (i.e. at 10 m height).
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Figure 3.9: Same as Fig. 3.4 for the meridional surface wind componentv (i.e. at 10 m height).

both summer and winter, the bias is slightly smaller than forthe zonal surface wind component. In

summer, the most significant biases are found in the vicinityof the main mountain ranges surround-

ing the Mediterranean Sea. It is particularly evident in theNorthwestern Mediterranean basin over the

“Alpine arc” composed of the Pyrennes, Massif Central and the Alps and in North Africa over the Atlas

mountain. When nudging is applied (IN and SN simulations), the bias in the meridional wind is almost

suppressed over land, whatever the season, similar to the bias of the zonal wind component. In summer,

the residual bias over the Atlantic Ocean is positive contrary to the zonal surface wind component but

with nearly the same magnitude (Fig. 3.8b,c). Even over the Atlantic Ocean, the effect of nudging is thus

beneficial. In winter, the use of nudging seems to degrade thesurface wind field over the Atlantic Ocean.

Indeed, the difference between BB and LB-Euro increases forIN and NN simulations with respect to NN

simulations. The difference remains negative as for the zonal surface wind components. The magnitude

of the difference is similar for the zonal and meridional wind components implying that nudging affects

here the wind speed and not the wind direction. The reason forsuch different behaviour in summer and

winter is still to be understood. Finally, one can note that there is no sensitivity to the type of nudging

used to relax the LB-Euro simulations towards the driving large-scale fields.

Figure 3.10 displays the correlation coefficient as a function of the nudging time for the surface wind

speed at 10 m height. Although, smaller than for the surface temperature, the correlation coefficient is

still high. For the total and the large scale parts, the correlation coefficientsγtot andγls are high (> 0.85),

because the relaxation is strong enough to prevent LB-Euro field to depart from the driving fields. The

51



3.3. EURO-CORDEX DOMAIN CHAPTER 3. NUDGING WITH WRF MODEL

small scale part is less accurately simulated. The correlation coefficientγss can reach a fairly good value

of 0.65 but can be as low as 0.45. Indeed, for both IN and SN simulations, we obtain a bell shape

curve forγss as a function ofτ with a maximum between 0.5 and 0.6 forτ = 3 hr. As for the surface

temperature, the reason for the similarity of the bell shapecurve forγss for the IN and SN simulations

differs for the two nudging techniques. In the IN simulations and forτ = 1 hr, the production of small

scales is inhibited because the LB fields are too tightly constrained by nudging to the large-scale driving

fields. As the nudging time increases (τ > 1 hr), the correlation coefficient reaches a maximum around

τ = 3 hr and then decreases for largeτ values (Omrani et al, 2012a). In the SN simulations, the nudging

does not affect the small scales but for example forτa = 12 hr, the smallest scales present in the large scale

driving fields are probably not well resolved in time (Omraniet al, 2012b). This behavior differs some

what from what we found for surface temperature. Indeed, forsurface temperature the bell-shape ofγss

as a function ofτ is found only forτa=12hr and notτa equal to 3 and 6 hr. A possible interpretation is that

the wind speed has more temporal variability at large scale than temperature. However, considering the

very small variation ofγss , the significance of this effect is questionable (Fig. 3.7 ).Finally, one can note

that the correlation coefficientγss decreases whenτa increases for both IN and SN simulations. Indeed

for τa = 12 hr, too few information are provided as boundary conditions. The interpolation between two

consecutive large-scale driving fields also degrades the dynamics of the atmospheric circulation at the

domain boundaries so that the correlation coefficient for both the large-scale part (γls) and the small-scale

part (γss) decreases.

3.3.3 Precipitation field

Figure 3.11 displays the Taylor diagram for the total space-time summer and winter precipitation com-

puted from the NN, IN and SN simulations for different nudging time (τ) and update frequency of

large-scale driving fields (τa). Again we first substract at each grid point the seasonal mean before com-

puting the space-time standard deviation and the space-time root-mean-square difference. We note that

for NN simulations, the precipitation field is poorly correlated to the BB fields compared to IN and SN

simulations. SN simulations produce the highest skill score for the smallest nudging time (τ = 1 hr) with

respect to the other SN simulations. The correlation coefficient γ is > 0.4 in summer and> 0.6 in winter.

However, IN simulation gives the highest scores among all performed simulations forτ = 3 hr as also

found in Salameh et al (2010). We also note that in summer, theSN simulations have systematically a

higher standard deviation compared to BB, however the IN simulations display a smaller standard devi-

ation for all updating and nudging times (τa, τ). In winter, all the simulations have a smaller standard

52



3.3. EURO-CORDEX DOMAIN CHAPTER 3. NUDGING WITH WRF MODEL

Figure 3.10: Same as Fig. 3.7 for the surface wind speed (i.e.at 10 m height).

deviation with respect to BB.

Figure 3.12 displays the summer and winter precipitation bias for NN, IN and SN simulations with

τ = 1 hr andτa = 3 hr. In summer and for NN simulation, we note a dry bias (about 2 mm day−1) over

a large area of Eastern Europe. This may be partly explained by the positive anomaly of the 500-hPa

geopotential height in summer (Fig. 3.5a), which induces a well-know soil moisture/precipitation feed-

back (Zampieri et al, 2009; Hohenegger et al, 2009). Indeed,in the absence of nudging, the artificial

high pressure over the center of the domain reduces cloud cover and precipitation producing a negative

soil-moisture anomaly (not shown). The lower soil moisturecontent induces smaller evaporation and

higher sensible heat which in turn warms the planetary boundary layer and increases the surface temper-

ature (Fig. 3.4a). We also note a strong wet bias over the Northeastern boundary of the domain due to the

resolution discontinuity between the driving large-scalefields at the domain boundaries and the fine reso-

lution simulated field within the domain. This effect is partially smoothed by applying a damping Davies

zone. However, the residual discontinuity produces stronghorizontal gradient of the horizontal wind.

The continuity equation imposes the production of strong vertical velocity which can trigger unrealistic

precipitation near the domain boundaries. In the following, we remove the data within the Davies zone

over the 5 nearest grid points from the domain boundaries. However, when nudging is applied, this effect

disappears almost completely. We still have a small dry bias(< 1 mm day−1) over the whole domain in
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Figure 3.11: Same as Fig. 3.3 for precipitation.

the IN simulations. Conversely, the SN simulations displaya small residual wet bias. Indiscriminate and

spectral nudging improve the simulation precipitation butin different ways. In winter, we note a dry bias

over the Northern and Western parts of the domain and a small wet bias over the Mediterranean sea in

the NN simulation. When nudging is used, precipitation is underestimated over the whole domain, but

with a larger magnitude over the Western part of the domain. Spectral nudging seems to have a stronger

impact to reduce the bias than indiscriminate nudging.

Figure 3.13 displays the correlation coefficientγ for precipitation in summer and winter for the total

field (γtot ), the large scale part (γls) and the small scale part (γss). The correlation coefficient for the total

field γtot is larger in winter (0.65) than in summer (0.50) even though we have almost the same scores for

the large scale partγls (around 0.80). The IN and SN simulations appear to better simulate the small scales

in winter than in summer. Indeed, in winter, precipitation comes mainly from the large-scale circulation.

Even if the small scale precipitation is not well simulated,the impact on the total field remains marginal.

In summer, we have more small-scale precipitations which explains the lower scores of the total field,

even though the large scales are correctly simulated . The simulated precipitation display a much weaker

sensitivity to the nudging time than surface temperature and wind. The bell-shape curve still exists when

indiscriminate nudging is used and the optimal nudging timeτ is still 3 hr, whereas the bell-shape curve

is no longer visible when spectral nudging is used. This difference can be explained by the different

time scales involved in the dynamics of the temperature, wind and precipitation fields and advocates

for possible different optimal nudging time regarding the various variables. Finally, similarly to surface

temperature and wind, the correlation coefficientγ decreases whenτa increases. Spectral analysis (not

shown) shows that, for precipitation, all the scales are overestimated by NN simulations. Conversely,
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Figure 3.12: Same as Fig. 3.4 for precipitation.

Figure 3.13: Same as Fig. 3.7 for precipitation.
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IN simulations underestimate the variance of the small scales which can be expected since all scales are

nudged. The SN simulations also tend to underestimate the variance of the small scales with however a

better agreement with the BB simulations. The sensitivity to the nudging time and the update frequency

of the driving fields, of the simulated small scale precipitation in IN and SN simulations is larger than

the sensitivity of the simulated small scale temperature. It is consistent with Di Luca et al (2012a) and

Di Luca et al (2012b) who suggest that the potential added value in precipitation simulated by high

resolution nested RCMs is higher than for temperature due tothe dominant contribution of the large

scales for temperature and the dominant contribution of thesmall scales for precipitation.

3.4 Comparison with MED-CORDEX domain

The HyMeX/MED-CORDEX domain being smaller than the EURO-CORDEX domain, the impact of

nudging should be damped (Miguez-Macho et al, 2004; Leduc and Laprise, 2009; Omrani et al, 2012a).

Comparisons of LB-Med simulations with the results obtained over the EURO-CORDEX domain (LB-

Euro simulations) are made on the overlapping domain (i.e. the HyMeX/MED-CORDEX).

Figure 3.14 shows the temperature bias for summer and wintertime from the LB-Med and LB-Euro

simulations displayed over on the HyMeX/MED-CORDEX domain. Comparing the NN simulations

(Fig. 3.14; left column), we first note that the temperature bias is much stronger in LB-Euro simulations

(Fig. 3.14d, j) than in LB-Med simulations (Fig. 3.14a, g) for both summer and winter. This confirms

the results by Leduc and Laprise (2009) who show that the spatial correlation of the small scale patterns

improve when the domain size is reduced. The same effect was observed in a quasi-geostrophic model

(Omrani et al, 2012a) and it was attributed to the decrease ofpredictability when the domain size in-

creases.One can also note that the spatial pattern of the surface temperature bias is not the same between

NN simulations over the HyMeX/MED-CORDEX and EURO-CORDEX domains. This is due to the lo-

cation of the LB domains. The center of the LB-Euro simulation domain is located over Central Europe

whereas it is located over the Mediterranean Sea for the LB-Med simulations. This produces an anomaly

of the 500-hPa geopotential height located in the center of the domains. In summer, the artificial pres-

sure high induces the positive feedback between cloudiness, precipitation, soil moisture and temperature

discussed previously. In the LB-Med simulations, the temperature anomaly is also in part damped by the

fact that over the Mediterranean Sea, the effect on the surface temperature is much smaller. In winter,

the artifically produced pressure low produces a negative bias of temperature. The interpretation is less

straightforward than during summer since the European continent is less locally forced and is under the
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Figure 3.14: The mean bias between the LB simulations with respect to the BB simulation of the surface
temperature (i.e. at 2 m height) for summer (two upper rows; a, b, c and d, e, f) and for winter (two
lower rows; g, h, i and j, k, l) over the HyMeX/MED-CORDEX domain (a, b, c and g, h, i) and EURO-
CORDEX domain (d, e, f and j, k, l). The nudging timeτ and update frequency of the large-scale driving
fieldsτa are set to 3 hr and 1 hr, respectively. The left (a, d, g, j), middle (b, e, h, k) and right (c, f, i, l)
columns correspond to the NN, IN and SN simulations, respectively.

influence of synoptic disturbances advected form the Atlantic Ocean. However, nudging inhibits the

impact of the domain size on the simulated surface temperature whatever the season. This is consistent

with the work of Alexandru et al (2009) and Weisse and Feser (2003) who showed the ability of spectral

nudging to reduce the internal variability of the regional model for smaller domain. The comparison

between the nudged simulations (IN and SN simulations) doesnot show significant difference.

Figure 3.15 shows the Taylor diagram of the surface temperature from the LB-Med and LB-Euro

simulations. The difference between the results obtained in the absence of nudging and when nudging is

applied (indiscriminate and spectral) is stronger for LB-Euro simulations than for LB-Med simulations,

whatever the diagnostic used to evaluate the LB simulations.

Table 3.4 finally summarizes for all the diagnosed variables, the spatial correlationγ between LB-

Euro/LB-Med simulations and the BB simulation over the Mediterreanean domain. For the NN simula-

tions, we see that for all variables and for both seasons, theMediterranean domain has a higher correal-

tion than Europe. However, when nudging is used, the correlation coefficients are the same or very close.

This confirms the two previous results: nudging reduces the sensitivity of the model to the domain size
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Figure 3.15: Taylor diagram for total space-time surface temperature (i.e. at 2 m height) obtained from
the LB simulations over the EURO-CORDEX domain (a) and HyMeX/MED-CORDEX domain (b).
The red dot indicate the skill target for the LB simulations (“BB” stands for Big-Brother). The stars
(⋆), circles (©) and squares (�) display the skill scores of the NN, IN and SN simulations in the Taylor
diagram, respectively. The red, blue and black colors correspond toτa = 3 hr, 6 hr and 12 hr, respective.
The numbers 1, 3, 6 and 12 indicate the values of the nudging time (τ = 1 hr, 3 hr, 6 hr and 12 hr,
respectively.

and the control by the boundaries is significantly more important over the LB-MED simulations even

though the LB-Med simulations still need to be nudged.

3.4.1 Discussions

Compared to non nudged configuration, results show that nudging clearly improves the model capacity

to reproduce the reference fields from the Big-Brother simulations, regardless the domain size and the

diagnosed variable. Nevertheless, the differences between the simulations performed with indiscriminate

nudging and spectral nudging are not significant. The reasons for which one simulation performed better

than the other and vice-versa are not straightforward and noclear behavior is found. This would probably

need a dedicated study with a less complex model such as the quasi-geostrophic model used in Omrani

et al (2012a) and Omrani et al (2012b). Regarding the determination of a possible optimal nudging

time, the conclusion is not the same for indiscriminate nudging and spectral nudging and depends on the

update frequency of the driving large-scale fieldsτa. For indiscriminate nudging, the optimal nudging

time is aroundτ = 3 hr for almost all cases. This value is very similar to Salameh et al (2010). For

spectral nudging, the optimal nudging timeτ varies between 1 hr and 3 hr. Indeed, forτa = 3 hr and

6 hr, the highest model skills are found forτ = 1 hr. One must note here thatτ = 1 hr is the smallest
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Season DJF JJA

Nudging NN IN SN NN IN SN

Domain Euro Med Euro Med Euro Med Euro Med Euro Med Euro Med

Surface temperature 0.90 0.94 0.97 0.97 0.97 0.97 0.69 0.89 0.97 0.97 0.96 0.96

Precipitation 0.28 0.36 0.69 0.69 0.74 0.74 0.05 0.16 0.49 0.48 0.45 0.45

Surface zonal wind
component

0.66 0.75 0.93 0.93 0.93 0.93 0.38 0.58 0.92 0.91 0.91 0.90

Surface meridional
wind component

0.66 0.75 0.93 0.93 0.93 0.93 0.38 0.59 0.91 0.89 0.89 0.87

TAB . 3.2 – Spatial correlation coefficientsγ between the LB-Med/LB-Euro and BB simulations com-
puted over the overlapping domain (i.e. the HyMeX/MED-CORDEX domain) forτ = 1 hr andτa = 3 hr.
The acronyms JJA, DJF, NN, IN and SN stand for June-July-August, December-January-February, no
nudging, indiscriminate nudging and spectral nudging, respectively.

value used for the simulations. The optimal nudging time could thus be smaller than 1 hr but this has

not been investigated, in part due to numerical instabilities produced for very small values ofτ . For

τa = 12 hr, the optimum nudging timeτ is around 3 hr. This implies that in the driving large-scale fields

sampled at 12 hr interval, the small scales that have very short characteristic times are poorly sampled in

the forcing fields. In this case, the forcing fields are effectively affected by sampling errors, and injected

into the model they can even generate additional errors as suggested by Omrani et al (2012b). This is

at least true for surface temperature and wind. Such behaviour is not evidenced for precipitation. This

difference can be explained by the different time scales involved in the dynamics of the temperature, wind

and precipitation fields and advocates for possible different optimal nudging time regarding the various

variables. Also, in our simulations, all possible variables of WRF have been nudged (temperature, wind

and humidity).

Finally, in real regional climate modeling, the global climate model used to drive the regional climate

model have generally different numerical schemes and physical parameterizations(e.g. Kanamaru and

Kanamitsu, 2007; Thatcher and McGregor, 2009). They are a source of enhanced internal variability.

In addition, the data sets used to validate such regional climate simulations, often based on gridded data

set like CRU and ECA&D have their own uncertainties and biases(Flaounas et al, 2012c). For all these

reasons, it must be clear that the ideal optimal nudging configuration of WRF discussed in this thesis

may not at the end produce the best results due to other uncertainty sources.

3.5 What variable should we nudge?

In the previous sections WRF has been relaxed towards the large-scale driving fields for all variables,

namely wind, temperature and moisture. The choice of the nudged variable is a fully open question.
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Reference Model Nudging technique Nudged variables

Miguez-Macho et al (2004) WRF IN u, v, θ , π ′

De Elia et al (2008) CRCM SN u, v

Alexandru et al (2009) CRCM SN u, v

Lo et al (2008) WRF IN u, v, T , q

Otte (2008a,b) MM5 IN u, v, T , q, sm

Radu et al (2008) ARPEGE/ALADIN SN T , ps, h, div, ω

Bowden et al (2011) WRF
IN u, v, T , q
SN u, v, T , Φ

Omrani et al (2012c) WRF
IN u, v, T , q
SN u, v, T , Φ

Table 3.3: Review of variables used for nudging in various models. The reference in which the model
nudging configuration is given in the left column. The model as well as the nudging technique used in the
cited reference are given in the second and third column fromleft, respectively. The right column details
the variables used for nudging. The quantitiesT , u, v, θ , π, h, q, ps, div, ω , Φ refer to temperature,
zonal wind, meridional wind, potential temperature, Exnerfunction perturbation, water vapour specific
humidity, water vapour mixing ratio, surface pressure, divergence, vorticity and geopotentail height,
respectively.

Sensitivity of RCM simulations to the nudged variables havebeen performed to quantify the associated

uncertainties (e.g. Radu, Déqué, and Somot, 2008) but not toevaluate the “best” nudged variable dataset

to be used and the physical processes supporting such an optimal configuration, if existing. This is the

main issue of this section. However, the variables that can be nudged differ between models and between

indiscriminate and spectral nudging (Table 3.3). The WRF model is thus chosen here because of the

possibility to apply both indiscriminate and spectral nudging techniques.

An ensemble of 22 additional simulations has been performedfor winter and summer by varying the

set of nudged variables, for both indiscriminate and spectral nudging techniques. The nudged variables

are the potential temperature, wind and moisture. In this study, the nudging timeτ is set to 6 hr. It

corresponds to the optimal nudging time determined in Salameh et al (2010) and Omrani et al (2012c).

This also corresponds to the value chosen for the simulations performed in the frame of HyMeX and

MED-CORDEX programs (Drobinski et al, 2012; Claud et al, 2012; Lebeaupin-Brossier et al, 2012c;

Flaounas et al, 2012a,b). For these latter simulations, theupdate frequency of the large-scale driving

fields (provided from ERA-Interim reanalyses and CMIP5 climate simulations) is 6 hr and is thus the

value chosen in this study. The list of the performed simulations as well as the name of the numerical

experiment are given in Table 3.4. Because of the larger sensitivity of the WRF simulations to nudging

over the EURO-CORDEX domain and the overall similarity of the results between the two domains

(Omrani et al, 2012c), only the results over this domain willbe shown in the following.

To quantify the ability of the LB to reproduce the reference field, we used a set of diagnostics similar
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Experiment name Nudging technique Nudged variables

NN No nudging None
IN-All Indiscriminate T , u, v, q
IN-UV Indiscriminate u, v
IN-T Indiscriminate T
IN-Q Indiscriminate q

IN-UV&T Indiscriminate T , u, v
IN-UV&Q Indiscriminate u, v, q
IN-T&Q Indiscriminate T , q
SN-All Spectral T , u, v
SN-UV Spectral u, v
SN-T Spectral T

Table 3.4: List of performed simulations.

to those used in Chapter 2 and section 3.3 to facilitate theirinterpretation. The mean biasδ , the root

mean square errorε and the correlation coefficientγ .

3.5.1 Statistical analysis skill as a function of the set of nudged variables

Spatial correlation With the BBE approach, we can evaluate any variables produced by the model. In

the following, the diagnostics are produced for the surfacetemperature and wind and for rainfall, because

they are key variables for climate variability analysis andimpact studies.

An integrated analysis has been performed by computed spatial correlation coefficient and root-mean

square errors averaged over the two 3-month periods for winter and summer (November and May are

spin-up months, they not included in the statistics). Figure 3.16 displays the time average of the spatial

correlation coefficientγ between the BB and LB simulations for summer and winter as a function of the

set of the nudged variables for indiscriminate nudging (γT2 for surface temperature,γRAIN for rainfall and

γU10 andγV10 for the two wind components). The bars are sorted from the highest correlation coefficient

values (highest bar on the left) to the lowest correlation coefficient values (smallest bar on the right). In

summer, we note that for all variables, the highest correlation coefficientγT2 is obtained when wind is

nudged (γT2 ≥ 0.95). The NN and IN-Q simulations have the lowest scores. However, the temperature

pattern is accurately simulated in all LB simulations with ahigh correlation coefficientγT2 always ex-

ceeding 0.8. The performance of the different sets of nudgedvariables are very similar for temperature

and wind speed. For precipitation, the correlation coefficient γRAIN drops below 0.6. It remains larger

than 0.4 when wind is nudged (ALL, IN-UV&Q, IN-UV&T) but can be as low as 0.2 when only tem-

perature or moisture is nudged (IN-T, IN-Q), or 0.1 when the simulations are not nudged at all. Nudging

moisture only (IN-Q) does not produce significantly different scores than the absence of nudging. More
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Figure 3.16: Time averaged spatial correlation coefficientγ for indiscriminate nudging in summer (a, b,
c, d) and winter (a’, b’, c’, d’) for surface temperature (T2: a, a’), precipitation (RAIN: b, b’) and the
two wind components (U10: c, c’; V10: d, d’). The letters overlaying the vertical bars indicate the set of
nudged variables: «NN» stands for «no nudging», «ALL» correspond to the set of all possible nudged
variables. Letters «UV», «T» and «Q» correspond to «tropospheric wind», «tropospheric temperature»
and «tropospheric moisture», respectively.

generally, including tropospheric moisture in any set of nudged variables does not have a significant im-

pact for simulated surface temperature and wind fields and nudging tropospheric temperature is always

more beneficial than nudging moisture. Conversely, nudgingmoisture has a positive effect to simulate

rainfall when comparing IN-T&Q to IN-T, IN-UV&Q to IN-UV andALL to IN-UV&T .

In winter, surface temperature and wind fields are less sensitive to nudging because of the stronger

control by the domain boundaries of the large-scale circulation during this season. Indeed, the North

Atlantic storm track covers a large part of Europe and so mostof the EURO-CORDEX domain. We first

note that for almost all variables, the correlation coefficient γ for winter is higher than the correlation

coefficient for summer. By analyzing separately the effect of nudging on the large-scale and small-scale

fields, Omrani et al (2012c) show that for rainfall the correlation coefficientγRAIN is larger in winter

than in summer even though the correlation coefficient is similar for winter and summer for the large

scale part. The nudged simulations appear to better simulate the small scales in winter than in summer

since, in winter, precipitation comes mainly from the large-scale circulation. For wind speed, the reason

for higher winter skills is different. Omrani et al (2012c) show that nudged simulations produce nearly

equal skill scores for the wind field at the fine-scale but the strong large-scale winter control improves

significantly the simulation of the total surface wind field.For temperature, the correlation coefficient

γT2 is close to one when tropospheric wind is nudged. For these LBsimulations,γT2 is larger for summer

simulations (hardly visible in Fig. 3.16). This can be explained by the fact that during summer, strong

and persistent anticyclonic conditions associated with low cloudiness (and rainfall) make the surface

temperature field more predictable. In winter, despite a strong large scale forcing, the temperature field
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Figure 3.17: Time averaged spatial correlation coefficientγ for spectral nudging in summer (a, b, c, d)
and winter (a’, b’, c’, d’) for surface temperature (T2: a, a’), precipitation (RAIN: b, b’) and the two wind
components (U10: c, c’; V10: d, d’). The letters overlaying the vertical bars indicate the set of nudged
variables: «NN» stands for «no nudging», «ALL» correspond to the set of all possible nudged variables.
Letters «UV» and «T» correspond to «tropospheric wind» and «tropospheric temperature», respectively.

is strongly controlled by cloudiness and precipitation which are less predictable variables in numerical

modeling (the value ofγRAIN is always below 0.7 for rainfall). So despite the slightly better simulation of

rainfall during winter, the effect on the total temperaturefield is weaker than the predictive ability of the

very sunny summertime situations. When tropospheric wind is not nudged, the correlation coefficientγT2

becomes larger in winter. The reason for this is not straightforward and will be explained in section 3.5.2.

As for summer results, nudging tropospheric wind always maximizes the correlation coefficient for all

the diagnosed variables (comparing ALL to IN-T&Q, IN-UV&T to IN-T, IN-UV&Q to IN-Q and IN-UV

to IN-T and IN-Q). The fact that the highest correlation is obtained with UV&Q simulation for surface

temperature and when all variables are nudged for surface wind and precipitation is not significant. In

general, it comes out that whatever the analyzed variable, nudging all tropospheric wind, temperature and

humidity maximizes the chance to obtain the best spatial correlation for all the diagnosed variables. It

can also be noted that nudging tropospheric moisture has a slightly more positive and significant impact

in winter on the simulations of all variables, with an even more striking effect on rainfall simulation.

Spectral nudging (Fig. 3.17) in WRF can be applied to the windcomponents, potential temperature

and geopotential(Bowden et al, 2011). However after some tests we found that nudging geopotential has

no effect on the simulation. We think that it could be a bug in WRF therefore we decided to discuss only

the temperature and wind. Similarly to indiscriminate nudging, highest correlation is obtained when all

possible variables are nudged whereas lowest correlation is found when no nudging is used. There again,

nudging tropospheric wind is critical to maximize the realism of the simulated surface temperature and

wind, and rainfall patterns.

A similar analysis has been conducted with the time averagedroot mean square difference. The
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results are consistent with the correlation coefficient diagnostics and is thus not shown in the article.

The root mean square difference is minimized when all variables are nudged and especially wind and is

maximized when no nudging is used.

Mean bias horizontal pattern Figure 3.18 shows the mean biases between the BB and LB simulations

in the surface temperature in summer and winter for the not nudged (NN) simulation (Figure 3.18a,a’)

and the nudged simulations (ALL, IN-UV, IN-T, IN-Q, IN-UV&T, IN-UV&Q, IN-T&Q respectively

Figure 3.18e,e’, Figure 3.18b,b’,Figure 3.18c,c’, Figure3.18d,d’, Figure 3.18f,f’, Figure 3.18g,g’, Fig-

ure 3.18h,h’). In summer, when nudging is not used, we noticea strong warm bias (δT2 > 5oC) over

Europe and North Africa mainly over land and the domain centre. This bias is very weak over the sea

because the sea surface temperature (SST) is prescribed from ERA-Interim reanalysis for all simula-

tions, whereas over land the land surface model (LSM) computes its own surface temperature. In the

IN simulation, this bias decreases to about±2◦C except for IN-Q where the bias is as strong as the NN

simulation. We found almost the same pattern for the temperature bias when spectral nudging is used

compared to IN (not shown). Unlike the summer, in winter we note a strong cold bias (about−6◦C)

in Eastern Europe and a smaller bias between 1 and 4°C over almost the whole continental domain in

the NN simulation. This bias is strongly reduced in the nudged simulations. When nudging is applied

to all variables this bias is strongly reduced in the same wayas in Omrani et al (2012c), but here we

note that nudging only temperature and wind reduces this bias more efficiently. Indeed we notice that

nudging only moisture (IN-Q) does not reduce the bias (Fig. 3.18d). Conversely, it seems to deteriorate

the simulation when comparing Fig. 3.18b and c to Fig. 3.18g and h. In winter, the impact of nudging is

not very strong compared to summer. However, we note that thestrong cold bias over Eastern Europe in

the NN simulation is reduced when the temperature and wind are nudged.

Figure 3.19 displays the summer and winter precipitation bias for the different experiments. In sum-

mer, a dry bias (about 2 mm day−1) over a large area of Eastern Europe is produced in the NN simulation

(Figure 3.19a). We also note a strong wet bias over the Northeastern boundary of the domain due to the

resolution discontinuity between the driving large-scalefields at the domain boundaries and the fine res-

olution simulated field within the domain. This effect is called the Gibbs effect and is partially smoothed

by applying a damping Davies zone. However, some discontinuity is unavoidable which produces strong

horizontal gradient of the horizontal wind. The continuityequation imposes the production of strong

vertical velocity which can trigger unrealistic precipitation near the domain boundaries. Therefor, in

all our diagnostics we removed the data within the Davies zone over the 5 nearest grid points from the
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Figure 3.18: Surface temperature (T2) mean bias in summer (a, b, c, d, e, f, g, h) and winter (a’, b’, c’,
d’, e’, f’, g’, h’) for NN (a, a’), IN-UV (b, b’), IN-T (c, c’), I N-Q (d, d’), IN-ALL (e, e’), IN-UV&T (f,
f’), IN-UV&Q (g, g’), IN-T&Q (h, h’) simulations (see Table 3.4).
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Figure 3.19: Same as Fig. 3.18 for precipitation (RAIN).

domain boundaries. However, when nudging is applied, this effect is reduced. It disappears almost com-

pletely when all possible variables are nudged (IN-ALL simulation, Fig. 3.19e). Nudging the wind alone

(IN-UV) or with the other variable (IN-UV&T and IN-UV&Q) reduce the dry bias in the center of the

domain but not the wet bias in the boundaries. However nudging moisture alone or with temperature

have the opposite effect. Indeed, it does not remove the dry bias (Fig. 3.19d and h) but reduce strongly

the wet bias. The simulated precipitation is significantly improved in UV&T and UV&Q simulations

(Fig. 3.19f and g) but in a different way. In winter, precipitation is underestimated in all LB simulations

and the nudging effect is less clear.

Figures 3.20 and 3.21 display the mean bias of the two wind components for summer and winter.

Nudging wind improves the model skills to simulate the surface wind in both seasons. However, nudging

temperature and moisture deteriorate the two wind components in both seasons.

As in Omrani et al (2012c), no significant qualitative and quantitative differences were found when
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Figure 3.20: Same as Fig. 3.18 for zonal wind component (u10).
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Figure 3.21: Same as Fig. 3.18 for meridional wind component(v10).

using spectral nudging. For sake of conciseness and legibility, the mean bias patterns obtained whith

spectral nudging are not shown.

3.5.2 Discussion

In many cases nudging has a clear impact on the variables thatwe analyze. However the strength of

this impact depends on how strongly the nudged variable(s) are related to the analyzed variable through

physical processes. Notice that here nudging is active onlyabove the planetary boundary layer. Therefore

even the surface temperature and surface wind are not directly affected by nudging. We now interpret, as

far as possible, the observed impact of nudging in terms of the underlying physical processes.

All variables analyzed are strongly sensitive to nudging ofwind. This is unsurprising as wind de-

termines the transport of all conserved quantities, especially heat and moisture. Transport cannot be

correctly modeled if the LB-wind (simulated wind) divergesfrom the BB-wind (reference wind), which
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happens here if the wind is not nudged. Furthermore wind and temperature are related through the

thermal wind balance. Thermal wind balance follows from hydrostatic equilibrium and geostrophic

equilibrium, the latter being valid at scales larger than about 1000 km. Therefore nudging either wind or

temperature should also constrain to some extent the other variable. Nudging humidity and wind reduces

the biases in rainfall, but has a limited effect on other variables. This is again unsurprising since humidity

does not significantly control other physical processes than rain and surface hydrology.

The large surface temperature bias produced in the absence of nudging and shown in Fig. 3.18 (pan-

els a and a’) has already been observed in several studies (e.g. Radu et al, 2008; Caldwell et al, 2009;

Bowden et al, 2011). Most of these studies explained this bias by an overprediction of daily-maximum

temperature correlated with a low soil moisture content. Such an explanation did not hold in Omrani et al

(2012c) since the very simple 5 layer land-surface model used in their study (and so this one) did not

permit to simulate soil moisture deficit. The other mechanism invoked in Omrani et al (2012c) is that the

increase in temperature in summer corresponds to an atmospheric blocking situation artificially created

by the model when nudging is not used. In that case small-scale discrepancies between the LB and BB

can grow with time and contaminate the large scales (Omrani et al, 2012c). The NN simulation then

produces in the center of the domain a large-scale atmospheric circulation which is inconsistent with the

large-scale atmospheric circulation imposed at the domainboundaries and within the LB domain. This

explanation not only supports the results of the above-mentioned studies but is also consistent with the

findings of Bowden et al (2011) who showed evidence of a temperature bias over North America in the

absence of nudging, significantly correlated to a 500 hPa geopotential height anomaly. The impact of

the absence of nudging on the 500-hPa geopotential height, and thus on the synoptic atmospheric cir-

culation has significant consequences on the rainfall pattern as shown in Fig. 3.19 (panels a and a’). In

summer, the dry bias is induced in part by the positive anomaly of the 500-hPa geopotential height. The

artificial high pressure over the center of the domain reduces cloud cover and precipitation producing a

negative soil-moisture anomaly with smaller evaporation and higher sensible heat which in turn warms

the planetary boundary layer and increases the surface temperature (Zampieri et al, 2009; Hohenegger

et al, 2009).

To assess the existence of a blocking situation in summer in certain simulations, we present in Fi. 3.22

the 500 hPa geopotential height mean bias between the BB and LB simulations when nudging is not

used and when indiscriminate nudging is applied. The various subpanels show the 500 hPa geopotential

height mean bias for different sets of nudged variables. We note a strong positive anomaly of the sum-

mer geopotential height (≥ 140 m) in the center of the domain for both the NN and IN-Q simulations
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(Fig. 3.22a,d). This confirms the suggestion by Omrani et al (2012c) that the warm surface tempera-

ture bias (Fig. 3.18,a,d) is related to artificial blocking situations. When the temperature is nudged, this

anomaly decreases significantly (≤ 40 m). When the wind is nudged, this anomaly gives way to a nega-

tive anomaly over the whole domain. In winter, we see on the contrary a negative bias over the Eastern

Mediterranean which decreases somewhat, but not spectacularly, when the wind is nudged.

In both summer and winter, a significant residual bias on the 500 hPa geopotential height persists even

when all possible variables are nudged. It may seem illogical since temperature exerts a direct control of

the geopotential field. Indeed, assuming that hydrostatic balance approximately holds, which is a good

approximation at scales larger than a few tens of kilometers, the temperature profile entirely determines

the pressure and density profiles, up to a constant provided by surface pressure. However WRF uses

a mass-based vertical coordinate, which means from the LB reference value, contaminating the whole

pressure field. This in turn affects the large-scale circulation which is approximately in geostrophic

balance with the pressure field. Figure 3.23 displays the mean bias in surface pressure. In winter the

observed pattern is remarkably similar to the mean bias in 500 hPa geopotential height. In summer the

pattern is also consistent with the residual bias in 500 hPa geopotential height found when all possible

variables are nudged. This confirms that surface pressure isthe missing quantity that, in addition to

temperature, would allow to prevent the pressure field to diverge from its LB reference value.

Surprisingly, improving the atmospheric circulation in the free troposphere when nudging tempera-

ture does not improve, and even degrades, the surface wind field pattern of IN-T simulation with respect

to that of NN and IN-Q simulations.

3.6 Conclusions

In this chapter, we have analysed the impact of indiscriminate and spectral nudging on an ensemble of

simulations performed with the Weather Forecasting and Research (WRF) model in a Big Brother Exper-

iment (BBE) framework. Such work was in part motivated by theinternational down-scaling experiment

CORDEX. The ensemble of numerical simulations was performed on two different but overlapping do-

mains to investigate the impact of the size of the domain on the simulation of the fine scale fields. The

largest domain is the EURO-CORDEX domain and the smallest domain is the HyMeX/MED-CORDEX

domain “nested” in the largest domain. The key parameters controlling the quality of nudged simulations

of the regional climate identified with an quasi-geostrophic model by Omrani et al (2012a) and Omrani

et al (2012b), were varied in order to quantify their impact on regional climate simulations performed
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Figure 3.22: Same as Fig. 3.18 for 500-hPa geopotential height (Φ500).
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Figure 3.23: Same as Fig. 3.18 for surface hydrostatic pressure.
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with a numerical model integrating the full complexity of the atmospheric processes. These parameters

are the domain size, the nudging time and the update frequency of the large-scale driving fields. Due to

the different nature of the regional Euro-Mediterranean climate in summer and winter, the results have

been analyzed for the two seasons separately. We also investigate the impact of different sets of variables

nudged in regional climate simulations.

Compared to non nudged configuration, results show that nudging clearly improves the model capac-

ity to reproduce the reference fields from the Big-Brother simulations, regardless the domain size and the

diagnosed variable. However the skill scores depend on the variable, the season, the update frequency of

the driving large-scale fields and the set of nudged variables. The results also depend on the season and

the diagnosed variable. When comparing the simulations over the EURO-CORDEX and HyMeX/MED-

CORDEX domains, we found (i) that when the domain gets smaller the impact of nudging is weaker and

(ii) that the nudged simulations are no longer sensitive to the domain size. Despite the weaker effect of

nudging on the simulations performed over the HyMeX/MED-CORDEX domain, nudging is still needed

to improve significantly the simulated regional climate. Wealso found that, nudging the tropospheric hor-

izontal wind is by far the key variable to nudge to simulate correctly surface temperature and wind, and

rainfall. To a lesser extent, nudging tropospheric temperature also contributes to significantly improve

the simulations. Indeed, nudging tropospheric wind or temperature directly impacts the simulation of

the tropospheric geopoential height and thus the synoptic scale atmospheric circulation. Maintaining

consistent synoptic circulation within the simulation domain with the synoptic circulation at the domain

boundaries is essential to avoid atmospheric circulation numerical artifacts which are known to produce

large surface temperature and rainfall biases. Nudging moiture has generally a marginal impact on the

quality of the regional climate simulations. However, it has a significant positive impact on the simula-

tion of rainfall. As an immediate consequence, nudging all possible variables in WRF gives by far the

best results with respect to the Big-Brother simulation. The same conclusions were found with spectral

nudging and were thus not illustrated in the article. The fact that nudging can not be applied on mois-

ture with spectral nudging in WRF (Bowden et al, 2011) is detrimental to a more thorough comparative

analysis between indiscriminate and spectral nudging.

In this study, nudging has been applied to all nudged variables with the same relaxation time. Due to

the different nature of the processes and scales that control temperature, wind and precipitation, the ques-

tion of the use of different nudging times for wind, temperature and moisture seems relevant and should

be addressed in the future.We also performed the same experiment for a different year (2003) in order to

test if our results are year dependent. The summer simulations show the same pattern for surface temper-
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ature and geopotential bias (not shown). However, we can notsay if it just a coincidence or a systematic

behavior of our model before testing another ensemble of different years.Finally, the specificity of the

WRF model probably limits in part the “universality” of our results. Indeed, the number of variables that

can be nudged is limited (wind, temperature, moisture) and varies when using indiscriminate or spectral

nudging. Also the numerical implementation of the nudging terms may also produce specific response

differing from another model. There is no simple way to overcome this limitation besides conducting

similar studies with other RCMs.
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Chapter 4

First analysis of the

HyMeX/Med-CORDEX simulations

4.1 HyMeX/Med-CORDEX simulations

Within the HyMeX/Med-CORDEX framework an ensemble of numerical simulations have been per-

formed over the Mediterranean domain. Different model configurations were used by varying the hor-

izontal resolution, the land surface scheme and by couplingwith an ocean model at IPSL (the French

institute for research in environmental sciences) using WRF and NEMO-MED12 models. These results

were performed based on results obtained within the nudgingstudies.

In this chapter we will focus only on two couples of simulations to investigate;

1-the Mediterranean sea water budget sensitivity to the horizontal resolution of the atmospheric forc-

ing;

2-the impact of the atmospheric forcing on the sea surface circulation in the Strait of Sicily and its

sensitivity to the coupling.

4.1.1 Model configurations

Atmosphere only simulations

Two atmosphere-only simulations have been performed with the Weather Research and Forecasting

(WRF) model of the National Centre for Atmospheric Research(NCAR) (Skamarock et al, 2005):

1-the first simulation (called hereafter WRF50) is run over the Med-CORDEX domain with a Lam-

bert conformed projection grid with a 50km horizontal resolution (110×69 grid-points). The time step
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Figure 4.1: The Mediterranean region (topography in meters) and simulations domains.

is about 200s.

2-the second simulation (called hereafter WRF20) has a 20km horizontal resolution with a Mercator

conformed projection grid (240×130 grid-points). The time step is 60s.

The domain of WRF50 and WRF20 are displayed in Figure (4.1).

In the vertical, the two configurations use 28 unevenly spaced sigma-levels up to 50hPa (Gal-Chen

and Somerville, 1975). A complete set of physics parametrizations is used with the WRF Single-Moment

5-class micro-physical scheme (Hong et al, 2004), the new Kain-Fritsch convection scheme (Kain, 2004),

the Yonsei University (YSU) planetary boundary layer (PBL)scheme (Noh et al, 2003)and a parametriza-

tion based on the similarity theory (Monin and Obukhov, 1954) for the turbulent fluxes. The radiative

scheme is based on the Rapid Radiative Transfer Model (RRTM)Mlawer et al (1997) and the Dudhia

(1989) parametrization for the long-wave and short-wave radiation, respectively. For the land surface, the

thermal diffusion scheme with 5-layers (slab scheme) is used. Initial, boundary and surface conditions

are taken from the European Center for Medium-range weatherForecast (ECMWF) ERA-interim reanal-

ysis (Simons et al, 2007) provided every 6 hrs at 0.75◦×0.75◦ resolution. In particular, the Sea Surface

Temperature (SST) is thus prescribed from ERA-interim and is daily updated. Moreover, to avoid un-

realistic departures from the driving fields, indiscriminate nudging is applied with a nudging coefficient

of 5× 10−5s−1for temperature, humidity and velocity components above the planetary boundary layer

(Stauffer and Seaman, 1990). Twenty-year simulations wereperformed, starting January, 1st 1989 and

ending December, 31st 2008. The three hourly atmospheric fields are stored.

76



4.1. HYMEX/MED-CORDEX SIMULATIONS CHAPTER 4. HYMEX/MED-CORDEX

Ocean only simulations

The ocean model is Nucleus for European Modelling of the Ocean (NEMO) (Madec, 2008). It is used

in a regional eddy-resolving Mediterranean configuration MED12 (Lebeaupin-Brossier et al, 2011) with

a 1/12◦ horizontal resolution (from∼ 6 to 8 km). In the vertical, MED12 has 50 stretched z-levels from

(∆z = 1m at the surface to∆z = 450m at the bottom, with 35 levels in the first 1000 m). The initial

conditions for 3D potential temperature and salinity fieldsare provided by the MODB4 climatology

(Brankart and Brasseur, 1998) except in the Atlantic zone between 11oW and 5.5oW (Fig.4.2) where the

(Levitus et al, 2005) climatology is applied. In this area, a3D relaxation to this monthly climatology is

applied during simulations. The runoffs and the Black Sea water input are prescribed from a climatology

as surface freshwater gains, at the mouths of the 33 main rivers or at the Dardanelles Strait. Smaller

rivers runoffs are gathered and put as an homogeneous coastal runoff around the Mediterranean Sea

[Beuvier et al., 2010]. The complete set of the NEMO-MED12 physical parametrizations is presented

in (Beuvier et al, 2012) In this study we used the so called control simulation (CTL hereafter) where the

NEMO/MED12 model is forced by is the downscaled ERA-interimreanalysis obtained with WRF20.

Ocean/atmosphere coupled

An ocean/atmosphere coupled simulation has been preformedover the Mediterranean basin within the

MORCE (Model of the Regional Coupled Earth system) platform(Drobinski et al, 2012) MORCE has

been designed to investigate the role of coupled processes on the regional climate of particularly vul-

nerable areas. The MORCE system is used in the Hydrological cycle in the Mediterranean experiment

(HyMex) (Drobinski et al, 2009b,a) and the Coordinated Downscaling Experiment (CORDEX) of the

World Climate Research Program (WCRP) (Giorgi et al, 2009).The configuration of the atmospheric

and ocean model within the MORCE system are those of the WRF20simulation and NEMO-MED12

described above. A coupled simulation (named MORCE experiment) runs with two-way interactive

exchanges between the two compartment-models managed by the OASIS coupler (Valcke, 2006). The

exchanged variables are the SST and the heat (solarQs and non-solarQns), water (Fw = E −P)and mo-

mentum (−→τ ) fluxes (Fig.4.3). The coupling frequency is 3 hours. The coupler uses a bilinear method

to interpolate the ocean grid toward the atmospheric grid and conversely. Both simulations run from

January 1989 to December 2008. MORCE starts with an ocean at rest (i.e. initial currents are null).

These simulations served to perform a preliminary investigation on the Mediterranean water budget

and sea circulation in the Strait of Sicily.
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Figure 4.2: MED12 domain

Figure 4.3: The couple systems diagram
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4.1.2 HyMeX/Med-CORDEX simulations for the analysis of theMediterranean Sea wa-

ter budget and thermohaline circulation

In Mediterranean region, freshwater fluxes, represented bythe water budget at the sea surface provide the

major source of atmospheric moisture and control the amountof freshwater that flows into the different

continental regions. It also governs the yearly dense waterformation rate as well as the temperature

and salinity of the water formed which drive the Mediterranean thermohaline circulation and even affect

the biological production, fisheries and water quality. Indeed, the Mediterranean water cycle connects

all compartments of the regional climate system (atmosphere, sea, land, vegetation, rivers, ...) at various

time scales (from the event-scale to seasonal, interannualand decadal variability and to long-term trends).

Unfortunately, the water water budget quantification is among the most uncertain aspects of regional

climate modelling in the Mediterranean region. These uncertainties in the quantification of the water

budget in the present climate and in the identification of theprocesses controlling its evolution limit

our capability to detect the impact of climate change (Sanchez-Gomez and Mariotti, 2009; Elguindi

et al, 2011; Dubois et al, 2012; S. et al, 2012). This requiresthe understanding and representation

of some key processes such as the role of the coupled processes between the climate compartments

(atmosphere/ocean/land) on the Sea water budget, and the role of the high mountain ranges on runoff,

offshore cyclogenesis, strong wind and precipitation on the Mediterranean Sea.

In the face of the wide range of uncertainties, the present chapter investigates, thanks to numerical

modelling, two different sources of incertitude that can have a significant impact on the local scale climate

modelling of the Mediterranean region, namely the horizontal resolution and the representation of air-sea

interactions in RCMs with different configuration (forced/coupled model). Indeed, the distribution of the

mountains ranges, along the coasts of the Mediterranean Sea, and of the mountainous islands produce

distortions in the air flow which have a significant impact on the regional climate. Also, interactions

between the sea and air within the Mediterranean basin in conjunction with the irregular topography of

the basin produce many distinctive flow patterns in both compartments. The aim of this chapter is first, to

evaluate the sensitivity of the Mediterranean water budgetto the horizontal resolution by comparing two

climate simulations (20 years) with 20 and 50km grid spacingover the Mediterranean region. Second,

to investigate the air-sea interaction over the Strait of Sicily, a key region for the water mass exchange

between the Eastern and Western sub-basins of the Mediterranean Sea.

This rest of this chapter is structured into two sections. Section(4.2) focus on the impact of the

horizontal resolution on the Mediterranean sea water budget. Finally and before concluding, the impact

of the atmospheric forcing on the sea circulation in the Strait of Sicily is investigated in section 4.3.
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Authors Method E P

Tixeront (1970) observations from coastal stations 1200 350
Morel (1971) Tixeront evaluations and hypothesis on fluxes 1320 350
Jaeger (1976) Measurements 1210 550

Bethoux (1979) marine advection and meteorological survey 1540 310
Harzallah et al (1993) 5yr (1981-1985) of ECMWF surface fields 1030 380

Gilman and Garrett (1994) derived from obs 1121-1430 550-700
Angelucci et al (1998) analyses ECMWF/NCEP 1100 450
Castellari et al (1998) derived from obs 1320-1570 550-700

Bethoux and Gentili (1999) derived from obs 1360-1540 310
Boukthir and Barnier (2000) 15 yr of ERA15 920 330

Mariotti et al (2002) reanalyses ECMWF/NCEP/COADS-CMAP 934-1176 331-504
Pettenuzzo et al (2010) ERA40 with several corrections on fluxes 1020-1280 390-470
Romanou et al (2010) from HOAPS3 product 1037 292

Sanchez-Gomez et al (2011) FR6-EU ENSEMBLES 1254 442
This study WRF20km 1460 516
This study WRF50km 1396 437

Table 4.1: Averaged Evaporation and Precipitation (mm per year) over the Mediterranean Sea estimations
in the literature.

4.2 Impact of the horizontal resolution on the Mediterranean Sea water

budget

In Mediterranean region, freshwater fluxes at the sea surface provide the major source of atmospheric

moisture and control the amount of freshwater that flows intothe different land regions (Peixoto et al.

1982; Ward 1998; Mariotti et al.2002). It connects the different compartments of the regional climate

system (atmosphere, sea, land, vegetation, rivers,...) atvarious time scales (from the event-scale to

seasonal, inter-annual and decade variability and to long-term trends). Unfortunately, the water cycle is

among the most uncertain aspects of regional climate modelling. These uncertainties have to be reduced

to improve the climate projection in the context of climate change.

Several estimations of the water budget obtained by measurements, analysis or modelling are avail-

able for the Mediterranean basin in the literature. They allreport that the Mediterranean Sea is an ”evap-

oration basin”. In fact, that E-P-R is positive means that the whole Mediterranean system (including the

Mediterranean Sea surface, the river catchment basin and the atmosphere above) exports water towards

other Earth regions. This freshwater lost is compensated byan Atlantic surface water inflow across the

Strait of Gibraltar that circulates in the whole Mediterranean basin in a cyclonic way. According to

estimations reported in Table (4.1), evaporation estimation is between 920 and 1570 mm/yr, whereas

precipitation ranges between 310 and 700 mm/yr. In additionto this large range of estimations, large un-

certainties still remain on the estimation of each term of the water budget (Sanchez-Gomez et al, 2011;
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FIG. 4.4 – Monthly mean of precipitation (P ,1st row), evaporation (E, 2nd row) and water budget (WB=E-
P, 3rd row) integrated over the Mediterranean Sea for WRF20 (dark blue) and WRF50 (light blue)
(1stcolumn) and the relative error between the two simulations (2nd column).

Dubois et al, 2012). For example, the water budget has been mainly studied separately over land or over

the sea but rarely in an integrated approach considering thecontribution of all compartments. In addition,

the high space-time variability of evaporation, precipitation and runoff makes difficult the control of the

water budget. Moreover, the very small scales (kilometric and less than 1-2 days) involved during intense

events and the associated non-linear interactions on the Mediterranean Sea water budget have never been

extensively quantified. A first attempt in this thesis is to use the ensemble of the HyMex/MED-CORDEX

simulations performed at IPSL with WRF to analyses the impact of the resolution on water budget. In

the following, we compare WRF50 and WRF20, and the water budget is defined here as evaporation (E)

minus precipitation (P).

4.2.1 The Mediterranean Sea water budget

Figure 4.4 displays the monthly mean computed from the 20-years simulations and the relative error

between WRF20 and WRF50, for precipitation (mm/day), evaporation (mm/day) and the water budget

(mm/day) over the Mediterranean Sea. Overall, we note that the difference between WRF20 and WRF50

water budget is very small (±8%). However, when looking at each component (P, E) separately, the

difference between the two simulations becomes larger and is always positive. Indeed, we obtain at least

10% more precipitation in the WRF20 simulation with respectto the WRF50 simulation, throughout

all the year. A similar behaviour for evaporation which is about 10% larger in WRF20 simulation.

Differences of precipitation and evaporation between WRF20 and WRF50 thus compensate each other,
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so that the water budget remains almost unchanged in the two runs.

The difference between WRF20 and WRF50 evaporation is larger in winter and autumn compared

to summer when it is very small. Since, the evaporation is mainly driven by wind speed, we suppose that

because of the better representation of the topography in WRF20, the mountains and valleys inducing

strong local winds (e.g. the mistral) are better represented and can be stronger in WRF20 lead to more

evaporation.

If we look further on precipitation, we note that the relative difference between WRF20 and WRF50

is more important in summer (≥ 30%), than in winter (∼ 10%). This result is not very surprising since the

regional Mediterranean climate displays a very pronouncedseasonal cycle . In fact, located in a transition

zone between the humid western and central European domain and the arid North African desert belt,

winter in the Mediterranean region is strongly affected by large scales patterns. At the southern limit

of the North Atlantic storm tracks, the region is particularly sensitive to inter-annual displacement of

the trajectories of mid-latitude cyclones that can modulate the precipitation (Rodriguez Fonseca and

Castro, 2002) In summer, high pressure and descending motions dominate over the region, leading to

high temperature and long periods of drought (Xoplaki et al,2004; Trigo, 2006; Stéfanon et al, 2012).

Therefore, if we suppose that WRF20 and WRF50 simulations have strongly similar large scale patterns

and only differ at small scales, large scale driven winter precipitation may not be very different in both

simulations. However, in summer, the climate is more affected by the interaction between the atmosphere

and the complex terrain (inland surface heterogeneity and elevated topography), so that the difference

should be more important.

We made two hypothesis which could explain these differences in precipitation and evaporation

between WRF20 and WRF50 :

-first, higher resolution (20 km) means a better representation of topography (mountains are higher in

WRF20 compared to WRF50, not shown) which can probably lead to better representation of orographic

precipitation in WRF20 that can extends to the sea;

-second, a higher resolution means an enhanced vertical motion so that convection should be activated

more frequently especially over the sea.

4.2.2 Precipitation

1st hypothesis: Several studies show that, increasing the horizontal resolution of atmospheric model

lead to an improvement in the accuracy of the model topography, and thus the precipitation forecasts of

both location and amount.Riphagenetal(2002) show, for a 48 and 29 km horizontal resolution RCM
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Figure 4.5: Averaged total precipitation inmm day−1 (only for rainy days≥ 1mm day−1) for WRF50 (c),
WRF20 (a) and the percent of rainy days for WRF20 (b) and WRF50(d)

configurations, that as the resolution increases more topographical details are solved and thus the pre-

dicted precipitation patterns followed better the topography with more accurate amount and location

compared to observations. Indeed , the dynamic response of the airflow to the presence of orography in

the lower atmosphere sets the three-dimensional pattern ofthe moisture flux and thus the precipitation

distribution. Approaching the mountains, the air masses are forced to rise on the windward side, which

cause the release of rainfall and an increase in precipitation with elevation. Depending on the mountain

size and the efficiency of the release processes, precipitation decrease on the leeward side(Smith,1979).

Figure 4.5 displays the averaged total precipitation for WRF20 and WRF50 for rainy days (≥ 1mmday−1)

and the percentage of rainy days. The first remark, is that over the sea, precipitations are larger in WRF20

compared to WRF50, whereas the percent of rainy days is the same. This means that precipitations are

more intense in WRF20 but do not last longer. However, over the land, precipitation pattern in WRF20

displays more small scale structures than WRF50 and followsthe topography more closely. The amount

of precipitation is slightly higher in WRF20 even if the number of rainy days is larger in WRF50 over

land.

Figure 4.6 displays the cumulated precipitation as a function of the terrain height, the terrain height

difference between WRF20 and WRF50 and a cross-section of the terrain height at 46.8°N between 1

and 17°E for WRF50 and WRF20. Overall, the precipitation amount increases with height in both runs

(WRF20 and WRF50) but we note that precipitation in WRF20 is systematically larger than WRF50 ex-

cept above some regions (e.g. between 2400 and 2500 m). This suggests that the terrain is systematically

higher in WRF20 which is not quite true. Actually, the topography in WRF50 is smoothed compared to
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Figure 4.6: (a) Accumulated precipitation (mm/year) as a function of the terrain height in the two simu-
lations. (b) Terrain height difference (m) between WRF20 and WRF50. (c) Cross-section of the terrain
height at 46.8°N between 1 and 17°E for WRF50 (light blue curve) and WRF20 (dark blue curve).
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Figure 4.7: Correlation between precipitation above 200m height and over the sea as a function of the sea
surface, orange curve for the total precipitation difference (WRF20-WRF50) and blue curve for WRF20
total precipitation.

WRF20. The mountain peaks are reduced in WRF50 but the hollows are filled.

Figure 4.7, is obtained by computing the temporal correlation (over 7305 days) between the total

precipitation at each grid point located above 200 m height (12977 grid points) and precipitation at

the grid points over the Mediterranean sea (5800 grid points). We did this calculation for the total

precipitation in WRF20 and the total precipitation difference between WRF20 and WRF50 (WRF50 has

been interpolated over WRF20 grid). We thus obtain a two dimension correlation matrixCr[12977×

5800]. Then we selected the sea grid points which have a correlation coefficient with the land grid

points (above 200 m) greater than a certain threshold value.For example, in WRF20 (Fig.4.7), the total

precipitation that falls on 20% of the sea surface is correlated with at least 70% with precipitation that

falls on land grid points above 200 m. In the same way the difference in precipitation between WRF20

and WRF50 (Fig4.7, orange curve) over∼ 8% of the sea surface is correlated with the difference in

precipitation over elevated topography for at least 50%. This highlights that in general, precipitation

over orography is very correlated to precipitation over thesea. This include the large scale precipitation

systems that occur especially in winter and cover large areas and the local precipitation generated by

orography and other small scale processes. However, the orange curve mainly points out the effect of the

horizontal resolution, since the large scales features should be similar in WRF20 and WRF50.

We report in Table 4.2 the fraction of total precipitation difference over the Mediterranean Sea, that

is correlated to the precipitation difference over orography, with a correlation coefficient ranging from

10% to 100%, and the corresponding sea surface that precipitation cover. For example, 22% of the

total convective precipitation difference (over the wholeMediterranean sea) which is correlated to the

land convective precipitation difference (over height≥ 200m) with at least 50% of correlation coefficient
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Cr ≥ 10 ≥ 20 ≥ 30 ≥ 40 ≥ 50 ≥ 60 ≥ 70 ≥ 80 ≥ 90 = 100

RAIN TOT (%) 93.91 55.23 36.52 27.35 21.51 16.57 12.37 7.58 3.33 2.20
Corresponding sea

surface (%)
87.60 33.31 17.77 11.77 8.72 6.29 4.17 2.22 1.00 0.67

RAIN CV (%) 88.13 50.15 35.99 28.03 22.51 17.13 12.98 7.87 3.30 1.86
Corresponding sea

surface (%)
81.58 31.34 18.17 12.46 9.17 6.50 4.46 2.25 1.08 0.68

RAIN NCV (%) 97.23 60.36 35.49 22.94 17.82 13.46 8.91 5.22 2.97 2.39
Corresponding sea

surface (%)
96.20 49.03 23.25 12.65 8.37 5.44 2.96 1.58 0.98 0.74

Table 4.2: Relationship between the correlation values Cr,the fraction of the rainfall amounts (total,
convective or non-convective) over sea, and the affected sea surface area.

concern only 9% of the sea surface. In fact, the difference between WRF20 and WRF50 is mainly limited

to a small sea surface area along the north Mediterranean coasts and islands (Fig4.5).

2nd hypothesis: The increase in horizontal resolution in operational numerical weather prediction mod-

els generally improves quantitative precipitation forecasting (e.g., Black 1994; Rogers et al. 1998;

Mesinger 1998). Indeed, high horizontal resolution improves vertical motion simulation in numerical

models (Weisman et al. 1997) with an increase of moisture transport that would likely increases the

amount of precipitation. These improvements in simulated precipitation amount could be most pro-

nounced for extreme precipitation events (e.g., Nicolini et al. 1993), which would tend to occur in

regions of abundant moisture. However, when the horizontalresolution requires the use of convection

parametrizations (≥ 10 km), several studies show that the behaviour of these parametrizations changes

as resolution improves (e.g., Molinari and Dudek 1986; Zhang and Fritsch 1988; Molinari and Dudek

1992). Zhang et al. (1994) have also found that the treatmentof interactions between subgrid-scale

(parametrized) and resolved precipitation significantly impacts simulations.

In Fig.4.8 we plot the cumulated grid-resolved precipitation (RAIN_NCV) and the parametrized pre-

cipitation (RAIN-CV) in WRF20 and WRF50 and the differencesbetween the two runs. It is interesting

to note that the main difference between the two runs is either over the sea (for RAIN-CV) or over the

land (for RAIN-NCV). We also notice a strong similarity between Fig4.8f and Fig4.6b. Resolved precip-

itation difference seems to follow perfectly the terrain height difference between WRF20 and WRF50.

4.2.3 Evaporation

The dominant winds of the Mediterranean are channelled through the deep valleys between mountain

chains and sweep into the sea causing a strong evaporation (Fig.4.9). Levanter (easterly winds) and
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Figure 4.8: Cumulated convective and non convective precipitation (mm/year) for WRF20 (1st row) and
WRF50 (2nd row) and the difference between them (3rd row)

Figure 4.9: Main local winds in Mediterranean region superimposed to the terrain height (m) for WRF20
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Figure 4.10: Seasonal mean of evaporation (mm day−1) in WRF20 et WRF50 simulations.

Vendavales (westerly winds) flow through the Strait of Gibraltar and are channelled between the Sierra

Nevada Mountains in southern Spain and the Atlas Mountains in Morocco. The Mistrals and Tramon-

tane (North-Westerly winds) blow over the Mediterranean Sea from the south coast of France and are

channelled through the gaps between the Pyrenees, the Massif Central and the Alps. The Bora (North-

Northeasterly wind) blows over the Adriatic Sea and is channelled through gaps of the Dinaric Alps. The

Etesain blows over the Aegean Sea and are channelled throughthe complex mountainous topography in

Turkey and Greece.

In Figs.4.10 and 4.11, we plot the seasonal means of evaporation and wind speed for WRF20

and WRF50. We note that evaporation over the Mediterranean Sea is stronger in winter and autumn

(Fig4.10a,b,g,h) with respect to spring and summer (Fig4.10c,d,e,f) in both simulations. It shows that

wind forcing is dominant compared to temperature. Temperature comes as an additional effect which

makes the evaporation stronger in southern Mediterranean along the Libyan and Egyptian coasts (where

the sea is warmer, not shown). We also note a strong evaporation pool in southern France and eastern

Spain where the Mistral and Tramontane winds are very strongin autumn and winter (Fig4.11a,b,g,h). In
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Figure 4.11: Seasonal mean of wind speed (m s−1) in WRF20 et WRF50 simulations.

summer there is a relatively high evaporation over the Aegean Sea (Fig4.10e,f) where the Etesian winds

are the strongest (Fig4.11e,f) .

Comparing WRF20 and WRF50 simulations , we note that both wind and evaporation are stronger

in WRF20 for all seasons and especially in the Gulf of Lions inthe north-wet Mediterranean Sea. In

order to identify if higher winds in WRF20 systematically generate higher evaporation, we computed

the point-wise correlation between the wind difference (∆W SPD = W SPDWRF20−WSPDWRF50) and the

evaporation difference (∆E = EWRF20−EWRF50) over the Mediterranean Sea for time period 1989-2008

(Fig.4.12 ). A positive correlation means that higher evaporation in WRF20 with respect to WRF50 is

due to a stronger wind in WRF20 with respect to WRF50 over the same area. The correlation is positive

over the whole Mediterranean Sea (≥ 40%). The Gulf of Lions displays the highest correlation (≥ 80%)

suggesting, that Mistral and Tramontane are highly affected by the representation of topography ( Fig

4.13).
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Figure 4.12: Correlation (Cr) between evaporation difference (∆E) and wind speed difference (∆W SPD)
between WRF20 and WRF50 simulations.

Figure 4.13: Wind vector superimposed to terrain height forWRF20 and WRF50 simulations in winter.
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4.2.4 Conclusions

In this section, we investigated the sensitivity of the Mediterranean Sea water budget defined as E-P (E:

evaporation; P: precipitation) to horizontal resolution using two atmosphere-only simulations performed

in the frame of HyMeX/MED-CORDEX at 50 km and 20 km horizontalresolution. The water budget

values obtained with the two runs are consistent with previous studies and the difference between them

is small. However, differences in precipitation and evaporation were not negligible. We shown that both

precipitation and evaporation are very sensitive to the horizontal resolution. Indeed, the main differ-

ence in grid-solved precipitation was in land and seems to highly depends on the height of the resolved

mountains in the model, whereas differences in parametrized precipitation are mainly over the sea and

especially near the coast. We also find that the evaporation differences are highly correlated to the sur-

face wind differences induced by a better representation ofthe deep valleys between mountain chains

that drive the surface wind in some area (e.g. the Gulf of lion). Theses result are consistent with Elguindi

et al (2011) work how compared three simulations performed using ARPEGE-CLIMATE V4 with the

same configuration except for the horizontal resolution (64, 160 and 360km) in order to isolate and study

the effects of resolution on simulating the hydrological components. They show that the model’s per-

formance to simulate the Mediterranean water budget improves significantly compared to observation

with increased resolution, especially in regions with mountainous terrain. .A good representation of

these wind is also very important for the thermohaline circulation of the Mediterranean Sea, where the

formation of dense water and deep convection depend strongly on the wind magnitude over some key

regions. M. et al (2011) compared with QuikSCAT wind data, three simulation performed with ALADIN

model using three horizontal resolutions (10, 50 and 125 km)over the Mediterranean region. They show

that increasing the horizontal resolution enhance the model performance to correctly simulate the wind

compared to observations. We thus chose the 20 km horizontalresolution to preform a coupled model

simulation over the Mediterranean Sea. A special focus on the Strait of Sicily sea circulation regarding

the atmospheric forcing is detailed in section (4.3).

4.3 Sensitivity of the sea circulation to the atmospheric forcing in the

Strait of Sicily

The Sicilian Strait is an important area for the Mediterranean Sea circulation. It represents the main

connection between the western and the eastern sub-basins,both for the near-surface and intermediate

layers. It has a minimum width of about 150 km and a length of about 600 km. It has a highly irregular
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bottom topography dominated in the southwest by the wide Tunisian continental shelf and in the northeast

by the Sicilian shelf. These two shelves, of about 250 m depth, are separated by an axial trough, which

reaches 1200 m depth. It thus plays an important role in the water mass exchanges between the eastern

and western Mediterranean sub-basins. In fact, the contrast between the two sub-basins is governed

by the water budget, with larger water loss by evaporation inthe eastern sub-basin, inducing denser

water export westwards. It is also an active area characterized by an important mesoscale and seasonal

variability covering a large spectrum of temporal and spatial scales. Finally, due to its geographical

position, the SS region is also an interesting area, from an atmospheric point of view, because it is

subject to the different local winds systems of the Mediterranean region. The Mistral and Tramontane

from the north, the Scirocco from the south and the Bora form the northeast which can modulate the sea

circulation in this region.

The circulation in the Sicilian Strait is mainly constrained by the thermohaline circulation of the

Mediterranean sea. It can be represented by a two layer system: the relatively fresh Atlantic inflow from

the west that occupies the near surface strait region, and the salty Levantine outflow from the eastern

basin located at an intermediate depth (∼ 300m) below the Atlantic Water .

In this study we are interested in the surface circulation (0-500 m depth) which is subject to the

surface winds forcing. The surface circulation as described by Beranger et al (2004) can be schematized

as follows (Fig.4.14). The fresh and light Atlantic Water flows into the Mediterranean Sea through

the Strait of Gibraltar and progresses eastward along the Algerian coast forming the Algerian Current

(Millot, 1985). Part of the Algerian Current, after crossing the Sardinia Channel (west of Sicily) and

constrained by the bottom topography, splits into two branches (Herbaut et al, 1998; Pierini, 2001; Onken

and Sellschopp, 2001; Onken et al, 2003; Beranger et al, 2004): The first branch directly flows into

the Tyrrhenian Sea along the northern coast of Sicily (Astraldi et al., 1996), as Bifurcation Tyrrhenian

Current, while the second turns southward into the Sicily Channel as a strong and narrow jet. Then it

flows eastward in a two jet structure covering the upper 100 meters: the Atlantic Tunisian Current moving

over the Tunisian continental slope, and the Atlantic Ionian Stream along the southern coast of Sicily

(Astraldi et al, 1996; Lermusiaux, 1999; Robinson et al, 1999; Lermusiaux and Robinson, 2001). The

main stream associated with the Atlantic Tunisian Current flows eastward along the Tunisian and Libyan

continental shelf break just south of Lampedusa or confined into the central part of the Sicily Strait

(Manzella et al, 1988, 1990). The Atlantic Ionian Stream constitutes a free jet current mainly flowing

eastward, along the southern coast of Sicily, especially during summer when the current is strong.

This area is characterized by an important spatial and temporal variability. The small scale structures
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Figure 4.14: Scheme of the surface circulation in the SS region according to Pinardi et al. (2000) and
Béranger et al. (2004)

have seasonal amplitudes associated with the wind stress variability (Pinardi and Navarra, 1993; Molcard

et al, 2002). Several numerical studies (Onken et al, 2003; Sorgente et al, 2003; Beranger et al, 2004)

and direct observations (Astraldi et al, 1996, 1999; Sammari et al, 1999; Poulain and Zambianchi, 2007)

have been devoted to assess the seasonal characteristics ofthe surface circulation in this area. However,

available observations are often characterized by poor spatial and temporal coverages, and are usually

confined to the Italian seas while there is a lack of observations over the Tunisian and Libyan continental

shelves. Only few data sets have adequate temporal and spatial resolution to capture the small scale cir-

culation (Lermusiaux and Robinson, 2001). Thus, numericalmodel simulations constitute an important

tool to fill the observational gaps and to study the spatial and temporal ocean circulation variability.

The aim of this study is to investigate the spatial and temporal mesoscale variability of the near-

surface circulation in the Sicily Strait region in relationwith atmospheric forcing. A clustering technique

was used to classify the surface wind in wind regimes and to asses the associated circulation.

4.3.1 Seasonal variability and oceanic response

In this study a 20-year time- serie of the two wind components(zonal and meridional) at 10 metres above

sea level and the current at 30m depth, have been used. Zonal and meridional components of the 10m-

wind (U10,V10) and 30m-current, (UC30,VC30), have been retrieved from the WRF and NEMO/Med12

outputs. Data are available over the Med-CORDEX domain (seeFig(4.1) and(4.2) for WRF20km and

NEMO-MED12 domains), but only the grid points over the SS region (see Fig.(4.14)) have been consid-

ered, within the range 4.5–18.5°E and 32.5–42.0°N, for a total number of 51× 61grid points for wind
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and 148× 169 grid point for the current. The wind fields are available 8times per day, at 00, 03, 06,

09,12,15;18 and 21 UTC and for the current only daily field areavailable.

The seasonal variability of the surface water circulation is strongly related to the amplitude of the sea-

sonal cycle in the atmospheric forcing (Malanotte-Rizzoliand Bergamasco, 1991; Pinardi and Navarra,

1993; Roussenov et al., 1995;Zavatarelli and Mellor, 1995;Wu and Haines, 1996). Overall the space-

time variability of the near-surface sea circulation can beexplained by the space-time structure of the

meteorological forcing over same area. The structure of thesurface wind (direction and magnitude) as

well as the current mean and anomaly over the SS region is shown in Fig.(4.15) for winter and summer.

In winter, the wind has mainly a north west direction (Fig.4.15a) , which tends to become west near

the Libyan coasts. During summer (Fig.4.15d) , the wind has anorth west direction at the entrance of

the Strait of Sicily but it change his direction and becomes north east. The seasonal average over the

whole Mediterranean region show that these wind patterns represent mainly two known wind regimes of

the Mediterranean region (not shown): the Mistral a strong and cold wind coming from the north west

France and accelerated when it passes through the Rhone valleys, and the Etesian a north-easterly jet

over the Aegean Sea. The Mistral (and Tramontane) are dominant winds in winter, whereas Etesian most

often occur in summer. The corresponding current patterns (Fig.4.15b, e) do not allow to clearly identify

the tow branches of surface circulation refereed to as the Atlantic Tunisian Current and the Atlantic

Ionian Stream. The current pattern is dominated by the Atlantic water circulation represented by the

Algerian current which has a high magnitude relative to the two SS branches. However, the current

anomalies show that the circulation is very different regarding the season (Fig4.15c, f ). Thus, we can

easily identify the Atlantic Tunisian Current and the Atlantic Ionian Stream during the two seasons. In

summer, we note that the Atlantic Ionian Stream is accelerated (+0.04 m/s) and the Atlantic Tunisian

Current is slowed down by at least -0.04m/s. Whereas in winter, the opposite behaviour occurs, the

Atlantic Tunisian Current is accelerated where the Atlantic Ionian Stream is slowed down. Looking at

the wind patterns, it is not that easy to associate the atmospheric forcing to the sea circulation. The

seasonal average damps the short time scale variability of the atmospheric fields. One way to overcome

this problem is to identify the different wind regimes over the concerned area that could drive in a

significant way the surface circulation. We thus, used a clustering technique for the classification of

mesoscale wind regimes introduced by Burlando M (2008).
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Figure 4.15: Winter (1st row) and Summer (2nd row) mean of : (a,d) surface wind direction (vectors) and
speed (shaded) (m/s); (b,e) 30m depth current (m/s) direction (vectors) and speed (shaded); (c,f) current
anomaly with respect to the annual mean.

4.3.2 Classification of atmospheric forcing and ocean response

Methodology

This classification is based on the k-means clustering technique which consists in classifying a set of

observations in different classes following a similarity criterion. This criterion is based on the definition

of a distance metric measure between two objects and an aggregation algorithm, such that a couple of

objects in the same cluster can be considered more similar than a couple of objects belonging to distinct

clusters . Following Burlando M (2008), we perform a two-stage clustering procedure:

– In the first stage a hierarchical cluster analysis is adopted and the best number of clusters is chosen

according to the “Elbow method”.

– In the second stage we distribute the samples among the K clusters for an optimal reassignment .

The first stage The first stage of the clustering procedure produces a dendrogram which corresponds

to the successive hierarchical merging of the nw=1805 (total number of winter “observations”), ns=1840

(total number of summer “observations”) wind direction patterns X=[u,v], into a single final cluster. The

choice of the final number of clusters representative of the main wind regimes for each season has been

made on the basis of the “Elbow criterion” .

The Elbow method consist in representing the fraction of theexplained variance as a function of the

number of clusters. The “best number” of clusters is chosen so that adding another cluster does not give

much more variance to the data. More precisely, if we plot thepercentage of variance explained by the

clusters against the number of clusters, the first clusters will add much information (i.e. explain a lot of
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Figure 4.16: Fraction of the explained variance as a function of the number of clusters (for the last 50
aggregations) (a) for winter and (b) for summer classifications.

variance). But at some point the marginal gain will drop, giving an angle in the graph. The number of

clusters is thus chosen at this point.

The “Explained variance”, or the “inter-cluster variability” is defined as

Vexp =
1
n

k

∑
i=1

nid(X̄i,X)

d(X̄i,X) =

√√√√
N×M

∑
j=1

(Xi −X)2

whereXi denotes the centroid (time average over theni) of theith cluster,ni is the number of observations

in the ith cluster,X denotes the overall centroid of the data set,N ×M the total grid point number and

d(X̄i,X) the Euclidean distance.

When the number of clusters is equal to the total number of observations (k = n), the “explained

variance” is the total variance (Vexp = Vtot ). However, whenk = 1,Vexp = 0.

Figure4.16 shows the ratio of the explained variance (Vexp

Vtot
) as a function of the number of clusters for

winter and summer. We note that the Explained variance increases as the number of clusters increases

until it reaches 100% of the total variance (k=1805 in winterand k=1840 in summer). Here we plot

the explained variance corresponding to successive merging for the last 50 aggregations. Within this set
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of values, the optimal number of clusters to be retained has been chosen through the visual analysis of

the obtained curves at different aggregation levels, and after performing some a posteriori tests. Finally,

k=6 has been chosen for winter classification because at the higher aggregation level (k=4) too much

information is lost, while lower aggregation levels (k=8) were characterized by too similar clusters. In

the same way, k=4 has been chosen for summer classification.

The second stage: k-mean The k-means algorithm, as described by Mac Queen et al (1967), aims to

minimize the sum of squared distances between all observations belonging to the same cluster and the

cluster centroid. This method consists of the following steps.

1. Place K points into the space represented by the objects that are being clustered. These points

represent initial group centroids.

2. Assign each object to the group that has the closest centroid.

3. When all objects have been assigned, recalculate the positions of the K centroids.

4. Repeat steps 2 and 3 until the centroids no longer move. This produces a separation of the objects

into groups from which the metric to be minimized can be calculated.

All the available data on wind direction over the investigated region and for the 20 year simulations is

used. Classification was made separately for winter and summer. The identification of the wind regimes

consists of the classification of the overall set of the normalized wind patternŝX , into 6 and 4 clusters in

winter and summer respectively, whereX̂ = X−X̄
σ(X) ,σ(X) is the standard deviation ofX .

4.3.2.1 Winter Classification

Figure 4.17 shows the average wind direction and magnitude corresponding to the wind regimes as

identified after the two-stage clustering. Shaded contoursrepresent the value of the wind speed, where

warm (cold) colours correspond to strong (weak) values of wind speed. We note that the six classes

correspond to different wind patterns in terms of directionand wind speed. Clusters 2 and 5 correspond

to the average situation of wind in winter (Fig.4.15a). These north west winds blowing towards the

eastern Mediterranean sub-basin are present 37% of the time. However, other situations of wind exist

such as southerly winds in cluster 4, easterly winds in cluster 1 and north-easterly wind in cluster 6 (Fig

(4.17)).

As in Fig.4.17, Fig.4.18 shows the mean current (vectors) superimposed on the shaded contours of

the current anomaly with respect to the winter mean for the six wind clusters. It should be noted that

the currents are not classified but we took the same dates corresponding to the different wind clusters.
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Figure 4.17: Average wind directions (vectors) and speed (shaded) of the six clusters for CTL simulation
(m s−1).

98



4.3. SEA CIRCULATION IN THE STRAIT OF SICILY CHAPTER 4. HYMEX/MED-CORDEX

Figure 4.18: Average current at 30m-depth (vectors) of the six clusters superimposed on the shaded
contour (cm s−1) of current anomaly for CTL simulation.
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Figure 4.19: Same as Figure (4.17) for summer classification.

Comparing Fig.4.17, and 4.18, we note that the sea circulation response to the different atmospheric

conditions is very fast and very localized. Indeed, every wind regime has a different response of the

current which tends to strengthen the circulation in one direction rather than the other.

In Fig.4.17, cluster 1 represents an easterly wind direction. The corresponding current field shows

that the Algerian Current slows down which causes a weakening of both the Atlantic Tunisian current

and Atlantic Ionian stream. We see a similar behaviour for cluster 2 (Fig. (4.18), cluster 2 ) , but in this

case the slowing circulation is due to the weak wind speed over the whole domain (Fig.4.17, cluster 2).

In cluster 5 (Fig.4.17), a strong north west wind accelerates the current in the west-east direction and

causes a strong positive anomaly of the Algerian current andthus accelerates the different branches of

the surface circulation . In cluster 3, a westerly wind regime which slightly turns to the north reinforces

the current in the east but remains parallel to the Tunisian-Algerian coast. Arriving to the Strait of Sicily

entrance, it is forced to bifurcate to follow the north and south coast of Sicily rather than following the

Tunisian coast. Clusters 4 and 6 show two opposed wind regimes. In cluster 4, a southerly wind takes

off the Algerian current far from the coasts, strengthens the Atlantic Ionian stream and slows down the

Atlantic Tunisian current while in cluster 6, the opposite effect occurs with a wind blowing towards the

south. This evidences that the sea circulation in this region is highly sensitive to the surface wind forcing

with relatively short time-response.
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Figure 4.20: Same as Figure (4.18) for summer classification.

4.3.2.2 Summer Classification

Figure 4.19 displays the average wind direction and magnitude corresponding to the summer wind

regimes. We also plot the corresponding current anomaly foreach wind cluster in Figure4.20. Over-

all, the surface wind is much lower in summer than in winter. The four clusters are different in terms of

strength and wind direction. Cluster 4 represents a regime of strong wind blowing from the north west

and turning slightly to the Tunisian coast after passing through the Strait of Sicily. This cluster looks

like the summer average wind pattern (Fig.4.19). But this cluster represents only 20% of the time (Table

4.4 ). To this wind situation corresponds a strengthening ofboth the Atlantic Tunisian current and the

Atlantic Ionian stream branches (Fig.4.20). Cluster 1 and 2show a southerly wind (Fig.4.19) that blows

northwards over the Strait of Sicily along the Tunisian coast in the opposite direction of the current caus-

ing a deceleration of the sea circulation. This explains theblue band along the Tunisian coast in cluster 1

and 2 (Fig. 4.20). Cluster 3 presents a wind pattern predominantly from the north which turns eastward

and leads to a weakening of the Algerian current but at the same time accelerates a part of the Atlantic

Tunisian current on the Libyan and Tunisian coasts (Fig.4.19). The average current represented by the

black arrows shows that the sea circulation responds almostimmediately to the atmospheric forcing at a

very local scale. Of course the general circulation remainsdominant as the two branches of the surface

circulation are present almost all the time. However they are more or less accelerated or decelerated by

the surface wind which plays an important role.
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Clusters 1 2 3 4 5 6
CTL Number

of observations
(%)

334 (18.5) 416 (23) 283 (15.7) 250 (13.9) 265 (14.7) 257 (14.2)

MORCE
Number of

observations
(%)

323 (17.9) 437 (24.2) 274 (15.2) 246 (13.6) 264 (14.6) 261 (14.5)

Number of
common date
with CTL run

(%)

322 (99.7) 414 (94.7) 271 (98.9) 245 (99.6) 260 (98.5) 255 (97.7)

Table 4.3: Common cluster between CTL and MORCE for winter classification.

4.3.3 Sensitivity to air-sea coupling

In the following we present a comparison between the NEMO-MED12 simulation forced with WRF20

and the MORCE simulation in terms of surface wind in order to examine if the air-sea interaction can

fundamentally change the surface wind field and in return thesea circulation in the Sicilian Strait. We

thus analysed the sensitivity of the classification to the sea-atmospheric coupling. The surface wind fields

of the MORCE simulation were classified independently of thefirst classification. Then, we compared

the obtained clusters in MORCE with those of the CTL simulation. Visually, the MORCE wind patterns

corresponding to the different clusters were very similar to the CTL ones for winter and summer clas-

sifications. We then compared the tow classifications by looking for the common dates. The results are

summarized in Table 4.3 and Table 4.4. In winter, MORCE has atleast 97% of common dates with CTL

ones for the six clusters. This shows that that taking into account the air-sea interactions did not signifi-

cantly affect the wind patterns. Whereas, in summer, the number of common dates between the different

clusters is lower than the one obtained for winter classification (∼ 87%). This may be due to a lower

predictability of the atmosphere during the summer when it is less forced by large-scale circulation. The

local scale processes play thus, a significant role in the space-time variability of meteorological variables

which makes the air-sea interaction, represented by the coupled simulation MORCE, a non negligible

effect.

Figure 4.21 shows the wind clusters of MORCE classification for winter. These wind patterns are

very similar to the CTL clusters. This shows that our classification is robust and it is not sensitive

to the air-sea coupling. However, if we look carefully to thedifferences between MORCE and CTL

clusters (not shown), there are small differences in wind speed about (±0.5ms−1). Indeed, MORCE

systematically displays weaker wind speed over the sea especially in the Gulf of Gabes. However, there
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Clusters 1 2 3 4
CTL Number of
observations (%)

464(25.2) 358(19.4) 631(34.3) 387(21.0)

MORCE Number of
observations (%)

460(25.0) 340(18.4) 673(36.5) 367(20.2)

Number of common
date with CTL run

(%)

402(87.4) 297(87.7) 601(89.3) 348(94.8)

Table 4.4: Same as Table (4.3) for summer classification.

Figure 4.21: Average wind directions (vectors) and speed (shaded) of the six clusters for MORCE simu-
lation (m s−1).
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is some area where MORCE wind is stronger than CTL wind in the Tyrrhenian Sea and in cluster 2 and

3 south of Sicily. Whereas, in summer, MORCE simulation produce weaker wind speed over almost

the whole domain except in the Gulf of Gabes where the difference is slightly positive (not shown).

Overall, the wind speed is generally weaker in MORCE simulation with respect to the CTL over the

whole domain and for both seasons. As expected, the difference is very small over land.

4.3.4 Conclusion

In this section we investigated the sea circulation sensitivity to the atmospheric forcing over the SS

region. Using the k-means clustering technique we identified different wind regimes for summer and

winter. Results show that the sea circulation in this area ishighly sensitive to the surface wind pattern.

Indeed, the surface wind modulates the strength of the two main branches of the sea circulation in the

Strait of Sicily. We see that the Atlantic Tunisian current and the Atlantic Ionian stream are present

almost all the time. However they are more or less accelerated or decelerated by the surface wind surface

depending on the season and the wind regime. We also found that the wind patterns are very similar in

both coupled and forced simulations. Nevertheless, in CTL the wind is stronger compared to MORCE

run. This can be explained by the SST difference between the two simulation. One should note that in

CTL run the SST is prescribed from ERA-I reanalysis which hasa coarse horizontal resolution (0.75°),

whereas in MORCE simulation the oceanic model compute its own SST with a horizontal grid of∼ 7

km in this region, and taking the whole 3D ocean processes into account (horizontal advection, vertical

mixing, diffusion and local surface forcing response). It is necessary here to emphasize the need for

simultaneous air-sea observations. The International Measurement Campaign of HyMex can be a good

opportunity to provide a high-space-time resolution observations to validate this study.
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Chapter 5

Conclusions and future work

5.1 Conclusions

The aim of this thesis was to investigate the impact of nudging on the representation of small scale pro-

cesses in regional climate modelling. Regarding the different key parameters in dynamic downscaling,

we performed an ensemble of experiments based on the “Big Brother Experiment” . A high-resolution

« global » model is used to generate a « reference run ». These fields are filtered afterwards to remove

small scales and provide the coarse-resolution fields whichare used as initial and boundary conditions

and to drive the high-resolution regional climate model. Comparison of the reference fields and the high-

resolution runs over the same region allows the estimation of the ability of the high-resolution global

and limited area models to regenerate the removed small scales. The BBE set-up allowed us to perform

different “dynamical downscaling” configurations in a perfect model environment, to isolate the nudging

effect from the intrinsic model errors. The major advantageof this method is that we create a synthetic

“reality” against which we compare our results being sure that the difference is due only to the nudging

effect and not to the model physics or internal variability.Two models were thus used to investigate the

use of indiscriminate and spectral nudging:

-a nested two layer quasi-geostrophic model on the beta-plane and

-the Weather Research and Forecast model;

5.1.1 Results with the QG model

First, we consider the effect of indiscriminate nudging on the large and small scales of idealised high-

resolution simulations performed with global and limited area versions of the QG model . This effect

was studied as a function of the predictability time. In the limited-area model context, the predictability
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time also provides a measure of the strength of the control exerted by lateral boundary conditions on the

model. In order to study the effect of nudging on the high resolution global and limited area models, a

« Big-Brother» experiment approach is followed. This fullynon-linear set-up mimics the configuration

used for regional high-resolution atmospheric modelling and allows us to represent the chaotic nature

of the atmosphere. We first invetigated the specific case of indiscriminate nudging. For high-resolution

global model, the results show that the behaviour of the nudged model, both at large and small scales,

depends primarily on the ratio of the nudging time to the predictability time. When the nudging time is

very small compared to the predictability timeτp , the model reproduces the large scale used to drive

the model. On the other hand if the nudging time is close to or larger than the predictability time, the

nudging effect is weak and both large and fine scales are poorly reproduced compared to the reference

fields. As a result, the internal variability of the model strongly depends on nudging. This technique

clearly improves the model capacity to reproduce the reference fields, used here as a surrogate for reality.

The best result is obtained with a nudging timeτ close to half the predictability timeτ = 0.4τp . For

high-resolution limited-area model, our results show thatfor a sufficiently small domain, the simulation

is largely controlled by the boundary conditions and quasi insensitive to nudging. However if the domain

size exceeds a few Rossby radii, the high-resolution limited-area model becomes sensitive to initial

conditions even for perfect lateral boundary conditions. In other words the control exerted by boundary

conditions on a large regional domain is insufficient to prevent a divergence from the driving fields, and

some form of nudging is required. Although the reconstructed fine scales are significantly damped, they

are surprisingly well correlated to their reference valuesin a deterministic sense, not a statistical sense.

Second, we investigated the spectral nudging technique which consists in driving the high resolution

model on selected spatial scales corresponding to those produced by the driving coarse resolution model.

This technique prevents large and unrealistic departures between the high resolution model driving fields

and the high resolution fields at the spatial scales of the driving fields. Theoretically, the relaxation

of the high resolution model towards the large scale drivingfields should be infinitely strong provided

perfect large-scale fields. In practice, the nudging time ischosen based on trial and error . In this

study, the physical parameters setting the optimal nudgingcoefficient are identified and their effect are

discussed. In addition to the predictability timeτp , already analyzed with indiscriminate nudging, the

time intervalτa between consecutive large scale driving fields is a key controlling parameter, especially

when spectral nudging is considered. Indeed, the driving large scale fields are interpolated in time at

every integration time step of the high resolution model, which is much smaller thanτa. This produces

non realistic evolution of the driving fields. A nudging timeclose to zero (infinity strong nudging) would
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thus produce a non realistic evolution of the large-scale field simulated with the high resolution model

and consequently an inaccurate small-scale field. The optimum nudging coefficient thus differs from

zero, however remaining smaller than the predictability time τp as shown for indiscriminate nudging.

Furthermore depending on the time intervalτa , all scales present in the driving fields may not be well

time-resolved. It can then be beneficial to filter them out rather than driving the high resolution model

with fields affected by time-sampling errors.

5.1.2 Results with the WRF model

Following the same approach, but using the WRF model, we evaluated the quality of nudged simula-

tions as a function of the domain size, the horizontal resolution, the update frequency of the driving

large-scale fields and the nudged variable over the Europeanand Mediterranean regions. The nudged

simulations were also compared to non-nudged simulations and results show nudging clearly improves

the model capacity to reproduce the true atmospheric state,regardless the domain size and the diagnosed

variable. However the skill scores depend on the variable, the season and on the update frequency of the

driving large-scale fields. When comparing the simulationsover Europe and the Mediterranean region,

we found (i) that when the domain gets smaller the impact of nudging is weaker and (ii) that the nudged

simulations are not sensitive to the domain size. The differences between the simulations performed with

indiscriminate nudging and spectral nudging are not significant. Regarding the determination of a possi-

ble optimal nudging time, the conclusion is not the same for indiscriminate nudging and spectral nudging

and depends on the update frequency of the driving large-scale fieldsτa . For indiscriminate nudging,

the optimal nudging time is aroundτ = 3hr for almost all cases. For spectral nudging, the optimal nudg-

ing timeτ is 1 hr for frequent update of the driving large-scale fields (3 hr and 6 hr). One should note

thatτ = 1hr is the smallest nudging time used in our experiment, but it could be not the «real» optimal

value since we don’t tested a smaller time. It is 3 hr for 12 hr interval between two consecutive driving

large-scale fields due to sampling errors of the smaller scales.

Comparing the different simulations performed with different sets of nudged variables, results show

that nudging the horizontal wind seems to be essential to accurately simulate surface temperature and

wind, and precipitation fields. Nudging temperature significantly reduces the systematic warm bias in

summer time. Conversely nudging moisture may deteriorate the model skills except for precipitation

which are significantly improved when moisture is nudged.

These results served in the configuration of the simulationsperformed in the frame of HyMeX/Med-

CORDEX for which indiscriminate nudging was used with a nudging time τ = 6hr. In this thesis pre-
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liminary analysis were conducted using these simulations.

5.2 Perspectives

Uncertainties in regional climate model have become of great interest in recent years because of the

strong societal demand. Especially to assess the state of our understanding and the level of our confidence

in regional climate projections and their impact to evaluate our vulnerability to climate change.This

thesis provided partial answer to some of these key issues. Indeed, this work allowed us to answer some

questions concerning the best way to use nudging techniquesto improve regional climate simulations.

It provided us some elements to help us choose a better configuration for the dynamic down-scaling.

However many other questions are still open.

1- Is that so easy to transfer our results from a Big-Brother Experiment to a «real» regional cli-

mate simulations ? Indeed, the best comparison with observations could be obtained with a fully dif-

ferent nudging coefficient because of compensation errors due to physical parametrization or imperfect

large scale fields.

2- With the BBE, the large scale driving fields are «perfect» which is not the case in «real» regional

climate modelling. Assuming that the small scale fields produced by a RCM over a complex terrain are

correct. Can the small scales produced by an RCM improve the large scale fields?

3- Regarding the complexity of land surface, should the nudging coefficient vary horizontally to

optimize locally the production of small scale fields?

4- Is there an optimal vertical profile of the nudging coefficient ?

5- Finally the dynamics of temperature, humidity and wind differs with respect to spatial and tempo-

ral scales. Are there different optimal nudging for the different variables.

However, constraining RCM to optimally simulate a specific set of variables or diagnostics does not

necessarily produces the best simulation for all variables. Answering the above questions is a need for a

better understanding the uncertainties associated with regional climate simulation but should not be seen

as an a prior for performing and analyzing regional climate simulations. HyMeX and Med-CORDEX

simulations will surely be imperfect but the chaotic natureof the atmosphere and an partial understanding

of its functioning will always limit our ability to perform «perfect» simulations.
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