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Abstract The use of high resolution atmosphere–ocean

coupled regional climate models to study possible future

climate changes in the Mediterranean Sea requires an

accurate simulation of the atmospheric component of the

water budget (i.e., evaporation, precipitation and runoff). A

specific configuration of the version 3.1 of the weather

research and forecasting (WRF) regional climate model was

shown to systematically overestimate the Mediterranean Sea

water budget mainly due to an excess of evaporation

(*1,450 mm yr-1) compared with observed estimations

(*1,150 mm yr-1). In this article, a 70-member multi-

physics ensemble is used to try to understand the relative

importance of various sub-grid scale processes in the Med-

iterranean Sea water budget and to evaluate its representa-

tion by comparing simulated results with observed-based

estimates. The physics ensemble was constructed by per-

forming 70 1-year long simulations using version 3.3 of the

WRF model by combining six cumulus, four surface/plan-

etary boundary layer and three radiation schemes. Results

show that evaporation variability across the multi-physics

ensemble (*10 % of the mean evaporation) is dominated

by the choice of the surface layer scheme that explains more

than *70 % of the total variance and that the

overestimation of evaporation in WRF simulations is gen-

erally related with an overestimation of surface exchange

coefficients due to too large values of the surface roughness

parameter and/or the simulation of too unstable surface

conditions. Although the influence of radiation schemes on

evaporation variability is small (*13 % of the total vari-

ance), radiation schemes strongly influence exchange coef-

ficients and vertical humidity gradients near the surface due

to modifications of temperature lapse rates. The precipitation

variability across the physics ensemble (*35 % of the mean

precipitation) is dominated by the choice of both cumulus

(*55 % of the total variance) and planetary boundary layer

(*32 % of the total variance) schemes with a strong

regional dependence. Most members of the ensemble

underestimate total precipitation amounts with biases as

large as 250 mm yr-1 over the whole Mediterranean Sea

compared with ERA Interim reanalysis mainly due to an

underestimation of the number of wet days. The larger

number of dry days in simulations is associated with a deficit

in the activation of cumulus schemes. Both radiation and

planetary boundary layer schemes influence precipitation

through modifications on the available water vapor in the

boundary layer generally tied with changes in evaporation.
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G3D Grell 3D ensemble scheme

HyMeX Hydrological cycle in the

Mediterranean experiment

KF Kain–Fritsch scheme

MED-CORDEX Mediterranean contribution to the

Coordinated Regional climate

Downscaling Experiment

MM5 Fifth-generation of the Mesoscale

Model

MPE Multi-physics ensemble

MSWB Mediterranean Sea water budget

MT Modified Tiedtke scheme

MYJ Mellor–Yamada–Janjic scheme

MYNN Mellor–Yamada–Nakanishi–

Niino scheme

NEMO Nucleus for European modelling of the

ocean

NSAS New Simplified Arakawa–Schubert

PBL Planetary boundary layer scheme

RAD Radiation scheme

RCM Regional climate model

RRTM Rapid radiative transfer Model scheme

RRTMG Rapid radiative transfer model for

application to GCMs scheme

SAS Simplified Arakawa–Schubert scheme

SL Surface layer scheme

SPBL Surface and planetary boundary layer

scheme

SST Sea surface temperature

WRF Weather research and forecasting

YSU Yonsey University scheme

1 Introduction

The climate of the Mediterranean Sea basin results from a

complicated interaction between the large-scale atmo-

spheric circulation (e.g., position and intensity of the storm

tracks and the subtropical high pressure belt) and fine-scale

surface forcings. One such an important surface forcing is

the orography. The complex orography surrounding the

Mediterranean Sea interacts with synoptic scale meteoro-

logical systems inducing important modifications in

regional circulations like Mistral and Tramontane wind

systems in southern France (Guenard et al. 2005), cyclo-

genesis in the Gulf of Genoa (Trigo et al. 2002) and sig-

nificant changes in the local climate (Peixoto et al. 1982).

Another important fine-scale surface forcing is given by the

presence of land–sea contrasts and sea surface temperature

(SST) gradients. In winter, land–sea contrasts strongly

increases low-level baroclinicity favoring cyclogenesis in

several regions along the Mediterranean (e.g., Aegean and

Black Seas) with an important influence on the climatology

of the hydrological cycle (Trigo et al. 2002).

The need of a more detailed description of the topog-

raphy and its influence on the atmospheric flow was a

primary motivation for the development of the nesting

regional climate modelling (RCM) technique (Giorgi et al.

2001; Laprise 2008). More recently, the effects of fine-

scale variations in land–sea contrasts and in SST gradients

have been explicitly considered within the RCM technique

by coupling the atmospheric RCM with a limited-area

ocean model, leading to the development of atmosphere–

ocean RCMs (Somot et al. 2008; Artale et al. 2009;

Drobinski et al. 2012). The use of atmosphere–ocean

RCMs can be crucial in the context of a Mediterranean

climate becoming warmer and drier (Christensen et al.

2007; Mariotti et al. 2008; Dubois et al. 2011) due to the

possible modifications in the Mediterranean circulation. In

particular, the Mediterranean Sea water budget (MSWB)

constitutes a key component of the coupled system because

it is the primary triggering of the thermohaline circulation

(Béranger et al. 2010).

Following Mariotti et al. (2002), the spatially averaged

MSWB can be described using the following equation:

Table 1 Long-term mean estimations of the Mediterranean Sea

averaged evaporation (fourth column; in mm yr-1), precipitation (fifth

column; in mm yr-1) and water budget (sixth column; in mm yr-1)

from a variety of observed and simulated datasets (first column)

Dx Period E P E–P

HOAPS3 89-05 1,150 260 883

HOAPS3—GPCP 89-05/

89-08

1,150 526 609

OAFlux—GPCP 89-08 1,133 526 607

NOC—CMAP (Sanchez-

Gomez et al. 2011)

80-04/

89-08

1,115 467 648

UWM/COADS—CMAP

(Mariotti et al. 2002)

79-93 1,176 477 699

ERA-40 80-99 1,055 363 692

ERAI 89-08 1,140 410 730

WRF3.1-CTL 50 89-08 1,443 326 1,116

WRF3.1-CTL (Drobinski et al.

2012)

20 89-08 1,533 499 1,034

WRF3.1-CTL-NEMO

(Drobinski et al. 2012)

20 89-08 1,442 482 980

ENS-RCM (Sanchez-Gomez

et al. 2011)

25 61-00 1,254 442 812

The first column also includes a bibliographic source when needed.

The second column presents the horizontal grid spacing (Dx; in km)

of simulated data and the third column shows the the averaging time

period for the various datasets. All WRF3.1 simulations were per-

formed using the CTL physics package, namely, RRTMG for the

atmospheric radiation scheme, YSU for the surface/planetary

boundary layer scheme and KF for the cumulus scheme. Note that the

HOAPS3 satellite product is only available over the open ocean
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oW

ot
¼ Pþ R� E þ Aþ B; ð1Þ

where W is the total volume of water in the Mediterranean

Sea, P the total water falling as precipitation, E the total

evaporation, R the river runoff in the basin and A and B the

water flow from/to the Atlantic ocean and the Black sea

respectively. Table 1 shows long-term mean values of the

atmospheric water balance components E, P and E - P

averaged over the whole Mediterranean Sea from a variety

of sources (Mariotti et al. 2002; Sanchez-Gomez et al.

2011; Drobinski et al. 2012). Every dataset shows an excess

of evaporation over precipitation that leads to a net loss of

fresh water that varies between about 600 and 730 mm yr-1

for reanalyses and satellite products. Over relatively long

periods (e.g., a few years), the deficit of fresh water and the

associated salinification of the surface layer are partly bal-

anced by the runoff contribution [R � 150 mm yr�1

according to Dubois et al. (2011)] but specially through the

inflow of relatively fresh water from the Atlantic Ocean via

the Strait of Gibraltar [A � 470�1;100 mm yr�1 according

to Dubois et al. (2011)].

The representation of the atmospheric component of the

MSWB (evaporation, precipitation and runoff) by high-

resolution RCMs have been recently studied in a number of

articles. Sanchez-Gomez et al. (2011) used various obser-

vational datasets and 12 RCMs driven at their boundaries

by ERA-40 reanalysis to estimate the fresh water budget

over the Mediterranean Sea (see Table 1). They found that

the water budget as simulated using RCMs is generally

within the observational uncertainty although the obser-

vational uncertainty can be quite large. They also show that

RCMs tend to overestimate the mean evaporation over the

Mediterranean Sea compared to observations, showing that

good performances in the simulation of the water budget

can arise from the compensation of evaporation and pre-

cipitation errors. On the other hand, based on observations

of the water flow through the Strait of Gibraltar, they

suggest that the observed evaporation may be underesti-

mated over the Mediterranean. Dubois et al. (2011) used a

four-member ensemble of atmosphere–ocean RCMs to

study the MSWB in present and future climates. Averaged

over the Mediterranean, atmosphere–ocean RCMs water

budget estimations are similar to those found for only-

atmospheric RCMs in Sanchez-Gomez et al. (2011)

although the spread between the atmosphere–ocean RCMs

is larger compared to atmospheric RCMs mainly due to

changes in air–sea fluxes (i.e., evaporation) induced by

differences in the SST fields.

Drobinski et al. (2012) have shown that the particular

configuration of the version 3.1 of the weather research and

forecasting (WRF) model described in Lebeaupin Brossier

et al. (2011) tends to systematically overestimate

evaporation by nearly 300 mm yr-1 (about 20 % of the

total evaporation) leading to an overestimation of the water

balance in the Mediterranean Sea region of about

300 mm yr�1 ð� 30 % in relative terms) compared with

observed-based estimations. This overestimation appears

for a variety of simulations performed with the version 3.1

of WRF (WRF3.1): forced by observed SSTs, coupled with

the Nucleus for European Modelling of the Ocean (NEMO)

model and run with horizontal grid spacings of 20 or

50 km. When considering the WRF3.1-NEMO coupled

simulation, the overestimation of the fresh water loss can

induce an extra salinification and cooling of sea surface

waters. This anomalous densification of the surface layer in

the NEMO ocean model cannot be fully compensated by

exchanges with the Atlantic Ocean because this term is

relaxed toward an observed climatology. As a conse-

quence, an anomaly in the intensity/frequency of deep

water formations develops in the NEMO ocean model.

Figure 1 shows a drift in the content of salt of the whole

Mediterranean Sea (left panel) and of the layer under 600

m-depth (right panel) in the NEMO simulation coupled

with WRF3.1 for the period 1989–2008. Figure 1 also

includes estimations of salt contents from Rixen (2005) and

from Ingleby and Huddleston (2007). In the WRF3.1-

NEMO simulation, the rate of increase in salinity is of

3:3� 10�3 and 1:7� 10�3 psu/yr in the whole Mediter-

ranean Sea and in the deep layer respectively. In both

cases, salinity drifts in the coupled experiment are too large

compared to observed trends during the same period.

Several authors (Herrmann and Somot 2008; Artale et al.

2009; Béranger et al. 2010) have shown the preponderant

role of the atmospheric boundary conditions in oceanic

simulations over the Mediterranean by quantifying the

impact of the source and horizontal resolution of the data

used to drive the ocean model. Air–sea fluxes in RCM

simulations depend on a variety of factors including but not

limited to the quality and resolution of the surface boundary

conditions and the general configuration of the RCM such as

its resolution, domain size and the physical parameteriza-

tions used to represent subgrid scale processes. In this arti-

cle, a multi-physics ensemble (MPE) is generated using the

WRF model forced by ERA Interim reanalysis boundary

conditions to try to quantify and understand differences in

the simulation of the atmospheric component of the MSWB.

Particular emphasis is given to the evaporation field due to

its higher relative importance in the total MSWB and the

large biases found in its representation. More specifically,

the purpose of the present article is threefold:

• to quantify the relative importance of radiation, plan-

etary boundary layer and cumulus subgrid scale

processes to determine evaporation and precipitation

in WRF simulations over the Mediterranean;
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• to decompose the evaporation field according to the

influence of forcing fields (e.g., surface exchange

coefficients, moisture vertical gradients, wind speeds)

in both observations and simulations as a means to

determine the sources of evaporation biases;

• to select from the multi-physics ensemble those mem-

bers that best simulate the MSWB in present conditions

to used them for future forced/coupled simulations.

For the above purposes, version 3.3 of WRF (Skamarock

et al. 2008) constitutes an outstanding tool because it can

be run using a variety of state-of-the-art physical parame-

terizations. The MPE approach has been extensively used

generally with the aim of selecting the set of parameter-

izations with the best performance over a given region and/

or to simulate specific phenomena (Argüeso et al. 2011;

Crétat et al. 2011; Evans et al. 2012; Flaounas et al. 2010;

Jerez et al. 2013; Mooney et al. 2013; Ruiz et al. 2010).

This study is of particular relevance in the context of the

HyMeX (Hydrological cycle in the Mediterranean experi-

ment; Drobinski et al. 2009; Drobinski et al. 2014) and

MED-CORDEX (Mediterranean contribution to the Coor-

dinated Regional climate Downscaling Experiment; Giorgi

et al. 2009) programs for which the understanding and

simulation of the MSWB constitute a major research topic.

The paper is structured as follows. The next section

describes the RCM, the numerical experimental setup and

the variance decomposition analysis used to separate the

influence of each scheme. Section 3 gives a brief descrip-

tion of the datasets used to evaluate modelled results.

Section 4 shows results of the sensitivity of the water

budget to changes in the various parameterizations while

Sect. 5 presents an evaluation of the model performance

dependence on the choice of its physical setup by focusing

on the sources of biases. Lastly, discussion and concluding

remarks are given in Sect. 6.

2 Multi-physics ensemble and variance analysis

2.1 WRF RCM description and experimental setup

The multi-physics ensemble was constructed using version

3.3 of the WRF model using the Advance Research WRF

(ARW) dynamic solver. WRF solves the compressible,

non-hydrostatic Euler equations using a terrain-following

vertical coordinate. In this study, the governing equations

were discretized using a 50-km horizontal grid spacing and

28 sigma levels in the vertical with the top of the atmo-

sphere set at 50 hPa. The domain of integration follows

from the one suggested by the HyMeX and the MED-

CORDEX experiments and contains a total of 116 by 78

grid points (in longitude and latitude respectively) and

covers the entire Mediterranean Sea together with some

Fig. 1 Yearly mean time-series of the salt content averaged over the

whole Mediterranean Sea (left) and over a deep layer below 600

m-depth (right). In thick red, for the period 1989–2008 from the

WRF3.1-NEMO coupled simulation described in Drobinski et al.

(2012). In slight red, for the period 1989–2009 from the EN3 (Ingleby

and Huddleston 2007) estimations. In black, for the period 1989–2002

from the Rixen (2005) estimations, with the ±1 standard deviation

interval in dashed lines

Fig. 2 Computational domain and the topography field as repre-

sented in the 50-km WRF simulations
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parts of Southern Europe, Northern Africa and a part of the

Atlantic Ocean (see Fig. 2).

The MPE is then generated by performing a series of

1-year long numerical experiments combining four surface/

planetary boundary layer (SPBL) schemes, six cumulus

(CU) schemes and three atmospheric radiation (RAD)

schemes. The simulated period starts on August 1 1994 and

ends on July 31 1995 and, in the rest of the article, this

period is designated as the year 1994–1995 for

simplification.

Table 2 presents the acronym and the number associated

with each parameterization in the WRF environment for

the three schemes used to generate the ensemble. A brief

description of each parameterization is given in the fol-

lowing subsections. All combinations are performed except

for the combinations GR3D-YSU-RRTMG and GR3D-

YSU-Goddard thus leading to a MPE containing a total of

70 members. Specifically, CU and SPBL schemes are

expected to strongly influence the precipitation field

whereas RAD and SPBL schemes are supposed to have a

critical effect on the evaporation field. Although other

components of the model can play an important role in the

determination of the atmospheric water budget (e.g.,

microphysics scheme by changing precipitation amounts

and cloudiness), the available ensemble of simulations

allow us to explore a large range of responses. All simu-

lations are performed using the same parameterizations of

cloud microphysical and land surface processes and these

correspond to the WRF Single moment 5-class (Hong et al.

2004) scheme and the Rapid Update Cycle model,

respectively.

Sea surface temperatures together with initial and lateral

boundary conditions were taken from the European Centre

for Medium-Range Weather Forecast ERA Interim

reanalysis (Dee et al. 2011). Lateral boundary conditions

are provided every 6 h with a 0.75� horizontal grid spacing

while SSTs are available on a 0:5� � 0:5� latitude–longi-

tude grid. The indiscriminate nudging technique (Salameh

et al. 2010; Omrani et al. 2012b) is employed to drive the

simulations over the interior domain in order to prevent a

divergence of the WRF fields from the driving fields. The

nudging is applied to all prognostic variables (zonal and

meridional wind components, temperature and water vapor

mixing ratio) in vertical levels above the planetary

boundary layer (see Omrani et al. 2012a, b for details). The

vegetation/land-use and elevation data come from the US

Geological Survey 24-category dataset while soil type is

based on a combination of the 10-min 17-category United

Nations Food and Agriculture Organization soil data and

US State Soil Geographic 10-min soil data.

2.2 Atmospheric radiation schemes

Short and long wave RAD schemes are used to determine

the radiative cooling/heating rates at the ground surface

and at any given atmospheric layer and determine to a large

extent temperature lapse rates and the associated low levels

instability. Three long wave schemes are considered in this

study: the Rapid Radiative Transfer Model (RRTM, Mla-

wer et al. 1997), the RRTM for application to GCMs

(RRTMG) and the Goddard (Shi et al. 2010) schemes. All

three long-wave schemes interact with clouds, carbon

dioxide, ozone and methane while only RRTMG and

Goddard account for aerosols direct effect. Of the three

short-wave options, Dudhia (1989) represents the least

complex option accounting for clear sky scattering, water

vapor aborption and cloud albedo and absorption. Goddard

and RRTMG also include interactions with aerosols, ozone,

carbon dioxide and other trace gases.

2.3 Surface and planetary boundary layer schemes

SPBL schemes are used in climate models to represent

exchanges of momentum, moisture and heat between the

surface and the atmosphere and their role to influence the

evolution of the atmosphere mainly through turbulent

vertical transports. Shin and Hong (2011) studied the sen-

sitivity of various surface and near-surface variables to the

choice of several planetary and surface layer schemes and

showed that the variability of variables such as surface

temperature and latent and sensible heat fluxes is mainly

driven by the surface layer (SL) scheme rather than by the

planetary boundary layer scheme no matter the stability

regime. The importance of the planetary boundary layer

(PBL) formulation can be however crucial in the precipi-

tation field because it interacts with the cumulus scheme to

determine the vertical distribution of heat and moisture.

That is, it is expected that differences between SL scheme

representations will dominate changes in the evaporation

Table 2 Acronyms of the several radiation, planetary-boundary/

surface layer and cumulus parameterizations schemes used to gen-

erate the multi-physics ensemble

Shortwave/longwave

scheme (no)

PBL/SL scheme (no) CU scheme

(no)

Dudhia/RRTM (1) YSU/MM5 similarity

(1)

KF (1)

RRTMG/RRTMG (4) MYJ/Eta similarity (2) BMJ (2)

Goddard/Goddard (5) MYNN/MM5

similarity (5)

SAS (4)

ACM2/PX (7) G3D (5)

MT (6)

NSAS (14)

The number associated with each parameterization in the WRF

environment is denoted in parentheses
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123



field whereas differences across PBL schemes will domi-

nate modifications in the precipitation field.

Over water, the evaporation is parameterized in the SL

scheme using some bulk transfer formula (Stull 1988):

E ¼ �qu�q� ¼
qu�k

Dðz0; u�;wðz=LÞÞ � dqs ¼ Cm � dqs; ð2Þ

where q is the air density at the height z; u� is the friction

velocity, k the von Karman constant and dqs = qs - ql the

difference between the saturation specific humidity at the

surface (qs; a function of SSTs) and the specific humidity at

the lowest model level (ql; in our case zl ¼ 28 m). The

representation of surface exchange coefficients

(Cm ¼ qu�k=Dðz0; u�;wðz=LÞÞ) over water vary essentially

due to the formulation of the function D through the

roughness length (z0) and the stability function (wm(z/L))

where L is the Monin–Obukhov length scale. The Monin–

Obukhov length scale (L ¼ �hvu3
�=kgw0h0v) measures the

stability of the surface layer and is generally positive for

stable conditions and negative for unstable conditions. The

surface layer instability can then be quantified by using the

Monin–Obukhov stability parameter z/L with more stable

(unstable) conditions as the value of z/L gets more positive

(negative).

Four SPBL schemes are used to generate the MPE. The

Yonsey University (YSU) PBL scheme described by Hong

et al. (2006) is tied with the fifth-generation of the Meso-

scale Model (MM5) SL scheme (Zhang and Anthes 1982)

which is based on Monin–Obukhov similarity theory (Mo-

nin and Obukhov 1954). Over water, the Charnock relation

z0 = ac u*
2/g with ac = 0.0185 is used to relate the rough-

ness length with the friction velocity (Charnock 1958).

Version 2 of the asymmetrical convective model

(ACM2) PBL scheme (Pleim 2007) is tied with the Pleim-

Xiu (PX) SL scheme (Pleim 2006). Over water, the

roughness length in this SL scheme is computed as z0 ¼
acu2
�=gþ 1� 10�4 m with ac = 0.032.

The Mellor–Yamada–Janjic (MYJ) PBL scheme is

described by Janjic (1990) and is based on the Mellor–

Yamada closure model (Mellor and Yamada 1982). The

MYJ PBL scheme is used with a SL scheme also based on

Monin–Obukhov similarity theory (Monin and Obukhov

1954) with modifications introduced by Janjic (1994). Over

water surfaces, a viscous sub-layer is explicitly parame-

terized following Janjic (1994) and near-surface conditions

are then obtained from the interface between the viscous

and the turbulent sublayers. The explicit treatment of a

viscous layer may lead to important differences in the

fluxes mainly when friction velocities are smaller than

0:7 m s�1. The roughness length is given by the maximum

between the Charnock approximation with ac = 0.018 and

0.0000159 m.

The Mellor–Yamada–Nakanishi–Niino (MYNN) PBL

scheme (Nakanishi and Niino 2004) is also based on the

Mellor–Yamada closure model (Mellor and Yamada 1982)

but uses a different formulation of the mixing length. The

MYNN scheme is tied with a modified version of MM5 SL

scheme (Zhang and Anthes 1982) where the roughness

length is calculated using the expression of Smith (1988) as

z0 ¼ acu2
�=gþ 1:16� 10�5=u� with ac = 0.016.

2.4 Cumulus parameterization schemes

CU schemes represent the effects of subgrid scale pro-

cesses on the formation of clouds and precipitation in cli-

mate models and also influence the vertical distribution of

moisture and heat due to latent heat release and water

vapor changes.

Six different CU schemes are used to generate the MPE.

The Kain–Fritsch (KF) scheme used in WRF (Kain 2004)

is the product of an update of its earlier parameterization

(Kain and Fritsch 1990). The Betts–Miller–Janjic (BMJ)

scheme is based on Betts (1993) with some modifications

introduces by Janjic (1994). The Grell 3D ensemble

(GR3D) scheme (Grell and Dévényi 2002) is based on the

scheme of Grell (1993). The Modified Tiedtke (MT)

scheme is based on the original Tiedtke scheme (Tiedtke

1989) with various modifications (Wang et al. 2004) that

were briefly described by Zhang et al. (2011). The Sim-

plified Arakawa-Schubert (SAS) scheme is a mass flux

parameterization which is based on Arakawa and Schubert

(1974) as simplified by Grell (1993). The new SAS (NSAS)

scheme (Han and Pan 2011) is based on the SAS convec-

tion scheme.

2.5 Variance analysis

In this section, we present a method allowing to quantify

the sensitivity of a given climate statistics to changes in the

various parameterizations. Let us denote by Xrpc a given

climate statistics (e.g., annual mean evaporation) derived

from the simulation using the RAD scheme r (2 ½0; 2�), the

SPBL scheme p (2 ½0; 3�) and the CU scheme c (2 ½0; 5�)
respectively. In each grid point, a MPE anomaly matrix can

be defined by computing the difference between Xrpc and

the value of X for the control run (XCTL):

DX ¼ DXrpc ¼ Xrpc � XCTL; ð3Þ

where DX ¼ DXrpc 2 <70 and the CTL simulation is per-

formed using RRTMG, YSU and KF schemes to parame-

terized RAD, SPBL and CU processes respectively. The

CTL simulation uses the same physical package as version

3.1 WRF simulations that were shown to largely overesti-

mate evaporation over the Meditaerranean (see Table 1).
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A measure of the sensitivity of X to changes in the

parameterizations can then be obtained by computing the

variance of the anomaly matrix DX as follows:

V ¼ r2ðDXÞ ¼ 1

70

X

rpc

ðDXrpc � DXrpcÞ2: ð4Þ

with DXrpc the mean anomaly across all members of the

ensemble. In order to gain more insight on the contribution

of each parameterization scheme to the total variability of

the anomaly matrix, a variance decomposition method is

used. The analysis follows directly from Déqué et al.

(2007) with some minor modifications. Using an asterisk to

represent the average with respect to the index it is

substituted for, one can decompose the total matrix DXrpc

as follows:

DXrpc ¼ DX��� þ ðDXr�� � DX���Þ þ ðDX�p� � DX���Þ
þ ðDX��c � DX���Þ
þ ðDX�pc � DX�p� � DX��c þ DX���Þ
þ ðDXr�c � DXr�� � DX��c þ DX���Þ
þ ðDXrp� � DXr�� � DX�p� þ DX���Þ
þ ðDXrpc � DX�pc � DXrp� � DXr�c

þ DXr�� þ DX�p� þ DX��c � DX���Þ; ð5Þ

By construction, the covariance of any two terms between

parentheses is zero and so the variance of DXrpc is equal to

the sum of individual variances of each parentheses term.

Using the same notation as Déqué et al. (2007) the total

variance can be expressed as:

V ¼ r2ðDXrpcÞ ¼ Rþ Pþ C þ RPþ RC þ PC þ RCP;

ð6Þ

where

R ¼ r2ðDXr��Þ; ð7Þ

RP ¼ r2ððDXrp� � DXr�� � DX�p� þ DX���Þ ð8Þ

and so on for other terms. Single terms (i.e., R, P and C)

represent the contribution to the total variance coming from

differences between the average change of two schemes of

a given parameterization. That is, the term R will be dif-

ferent from zero if the mean change induced independently

by simulations performed using the RRTM, the RRTMG

and/or the Goddard schemes are different. Second order

terms of the form RP, PC and RC represent the contribu-

tion of the interaction between two given parameterizations

to the total variability.

With the aim of quantifying the relative importance of

each subgrid-scale physical process in the determination of

the total variance V, the total contribution of, for example

the radiation scheme, can be estimated as follows:

bR ¼ Rþ RC

2
þ RP

2
þ RPC

3
; ð9Þ

where bR contains all contributions and does not distinguish

between those coming from single or interaction terms.

Defined in this way, the sum of the three total contributions

is equal to the total variance (i.e., V ¼ bR þ bP þ bC).

2.6 Sampling uncertainty estimation

An important issue when comparing the value of a given

climate statistic (e.g., annual-mean precipitation in a given

grid point) derived from two members of an ensemble is

how to decide whether both quantities are different. Gen-

erally, a zero threshold cannot be used to decide if both

quantities are different because, due to the use of finite

length time series and the chaotic behaviour of climate

models, even two simulations performed using the same

climate model will show some numerical differences if

they only differ, for example, on the initial conditions. That

is, statistics derived from climate simulations inherently

contain some sampling uncertainty.

Ideally, the sampling uncertainty in RCM simulations

can be quantified by performing an ensemble of simula-

tions employing slightly different initial conditions and/or

using boundary conditions derived by running the driving

model using slightly different initial conditions. The use of

an ensemble of 70 simulations would render such analysis

extremely costly in terms of computational resources and

so we use an alternative way to quantify the sampling

uncertainty based on a Monte Carlo approach. In this case,

a large number of ‘‘equally possible’’ climate statistics are

derived by sampling randomly over full time series in

individual grid points. For example, in order to estimate the

sampling uncertainty related with annual-mean values X,

time averaged quantities are computed 200 times by sam-

pling randomly with replacement over the daily 1-year long

time series, thus obtaining a distribution for X that can be

denote by X
i
. A maesure of the sampling uncertainty is

then obtained as twice the standard deviation of the 200

sample distribution (i.e., 2 � rðXiÞ).
A similar method to estimate sampling uncertainty was

used by Déqué et al. (2011) and Di Luca et al. (2012b).

Déqué et al. (2011) used a Monte Carlo procedure and a 10

members sampling and found a very good agreement

between the sampling uncertainty computed using various

runs only differing on initial conditions and the Monte

Carlo approximation for time-averaged precipitation. For

time-averaged temperature, they found a good agreement

in summer season but they found that the Monte Carlo

approximation underestimates by nearly 30 % the ‘‘true’’

spread in winter.
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3 Evaluation datasets

3.1 HOAPS3 product

Version 3 of the Hamburg Ocean Atmosphere Parameters

and Fluxes from Satellite Data (HOAPS3; Andersson et al.

2010) dataset provides an estimation of evaporation and

precipitation over the global oceans using satellite retrievals.

HOAPS3 monthly mean values are available over a 0.5� by

0.5� grid mesh while twice daily composites are available

over an horizontal grid with a 1� horizontal spacing. Daily

values are then simply calculated by averaging twice daily

estimations. HOAPS3 products are derived from measure-

ments performed using the Special Sensor Microwave

Imager (SSM/I) radiometers and include the derivation of

several parameters such as wind speed at 10 m height (|u10|),

10-m atmospheric humidity (q10) and precipitation (An-

dersson et al. 2010, 2011). SSTs are obtained from the

National Oceanographic Data Center/Rosenstiel School of

Marine and Atmospheric Science (NODC/RSMAS) Path-

finder dataset and are used to estimate the saturation mois-

ture at the surface (qs). From the former observed quantities,

evaporation is then calculated as:

EHOAPS3 ¼ qCrju10jðqs � q10Þ ¼ qCrju10jdqs�10; ð10Þ

where q is the moist air density (calculated using q10, the

estimated air temperature, and a pressure of 1,013.25 hPa)

and Cr is the moisture transfer coefficient computed using

the Coupled Ocean-Atmosphere Response Experiment

(COARE) 2.6a bulk flux algorithm (Fairall et al. 1996,

2003).

From daily values of E and dqs-10 it is possible to

compute an equivalent surface exchange coefficient (Cm)

that can be used to directly evaluate the performance of

WRF to simulate the same quantity. First, the 10-m vertical

humidity gradient of HOAPS3 must be extrapolated to

WRF vertical lowest level (i.e., z ¼ 28 m) and this is

simply done by assuming neutral stability in the surface

layer (see Table 3):

dqs ¼ dqs�10 �
lnðz=z0Þ

lnð10=z0Þ
; ð11Þ

where a mean roughness length equal to 1:52� 10�4 m

(Peixoto and Oort 1992) is used. HOAPS3 precipitation is

also based on microwave retrievals from SSM/I and uses a

neural network approach trained by precipitation values

from the European Centre for Medium-Range Weather

Forecast model.

3.2 ERA-interim reanalysis

ERA Interim (ERAI; Dee et al. 2011) constitutes an

improve global atmospheric reanalysis provided by the

European Centre for Medium-Range Weather Forecast.

Compared with ERA-40 reanalysis (Uppala et al. 2005),

ERAI uses a more sophisticated data assimilation scheme

and assimilates a greater number of observations leading to

an improved representation of the hydrological cycle and a

better temporal consistency on a range of time-scales (Dee

et al. 2011). ERAI fields are available globally every 6 h

over a mesh with a 0.75� grid spacing and a total of 37

pressure levels (from 1,000 to 1 hPa), from the 1st January

1979 onwards. In addition of the evaporation, precipitation

and 10-m wind speed fields, relative humidity (RHz(p)) and

temperatures (Tz(p)) at the lowest pressure level above the

surface together with surface pressure and SST values are

used to estimate vertical humidity gradients (dqs-z(p), see

Table 3). Again, Eq. 11 is used to convert the ERAI gra-

dient dqs-z(p) to an equivalent WRF gradient. Once the

value of dqs is obtained, surface exchange coefficients (Cm)

are derived from both E and dqs (see Table 3 for details).

3.3 OAFlux product

The Objectively Analyzed air–sea Fluxes (OAFlux; Jin and

Weller 2008) products are constructed not from a single

data source, but by objectively combining ship-based

observation, satellite retrievals (SSM/I radiometers) and

Table 3 Available and calculated variables for WRF simulations, HOAPS3 and OAFlux satellite products and the ERAI reanalyses

Available Calculated

WRF E, P, Cm, |u10| dqs = E/Cm

HOAPS3 E, P, dqs-10, |u10| dqs ¼ f ðdqs�10; z0Þ
Cm = E/dqs

ERAI E, P, |u10|, RHz(p), Tz(p), SST, ps dqs-z(p) = f(RHp, Tp, SST, ps)

dqs ¼ f ðdqs�zðpÞ; z0Þ
Cm = E/dqs

OAFlux E, P, dqs-2, |u10| dqs ¼ f ðdqs�2; z0Þ
Cm = E/dqs

Please, see the text for explanation of abbreviations

2356 A. Di Luca et al.

123



results from three atmospheric reanalyses (ERA-40,

NCEP-1 and NCEP-2). As for the HOAPS3 dataset, latent

heat fluxes are derived from independent estimations of

10-m wind speed, 2-m humidity and air temperatures and

SSTs using version 3.0 of the COARE bulk flux algorithm

(Fairall et al. 2003). Daily fields of all variables are

available from 1985 over a grid mesh with a 1.0� grid

spacing that includes global ocean basins free of ice. WRF-

equivalent surface exchange coefficients are derived from

daily values of E and dqs after the vertical humidity gra-

dient is extrapolate from 2 to 28 m using Eq. 11 (see

Table 3).

3.4 GPCP product

The Global Precipitation Climatology Project (GPCP;

Adler and Huffman 2003) has been built by merging

satellite and rain gauge data for the period 1979–2008 and

is available over a grid mesh with a 2.5� grid spacing on a

monthly basis. Precipitation in grid points near the coast

contain information from rain gauges in land and according

to Sanchez-Gomez et al. (2011) this should lead to a

positive bias compared to only oceanic precipitation

values.

4 MPE spread in reproducing the annual-mean MSWB

The relative importance of the various subgrid-scale pro-

cesses on the MSWB is assessed in this section using the

variance decomposition method as described in Sect. 2.5.

Figure 3a shows the standard deviation of evaporation

differences between the MPE and the CTL run (i.e., the

MPE CTL-anomaly) in each grid point over the Mediter-

ranean Sea (see Eq. 4). Evaporation differences across

simulations show important spatial heterogeneity with

standard deviation values varying between 50 and

250 mm yr-1 and a mean value of 117 mm yr-1. This

value is somewhat smaller than the 164 mm yr-1 found by

Sanchez-Gomez et al. (2011) for a 12-member multi-

model ensemble likely related with the absence of interior

nudging in individual members and with the considerably

longer simulations (40- vs 1-year) used in their analysis

that allows the inclusion of interannual variability in their

estimations. Minimum values are observed in the south-

western part of the Mediterranean near the Maroccan-

Algerian coast and close to the Atlantic border. Relative

large values appear to the south of France, near Turkish

coastal regions and more generally in the central-western

Mediterranean. The low values observed in the western

part of the Mediterranean, near the Gibraltar Straight, are

maybe related with the fact that all simulations share the

same lateral boundary conditions and the general west to

east flow gives little freedom to individual members of the

MPE to develop their own behaviour in this region. This

seems to be supported by the study of Sanchez-Gomez

et al. (2008) that, using an ensemble of 13 RCMs driven by

the same lateral boundary conditions, shows that the ratio

between the spread across RCMs and the mean natural

variability (i.e., a measure of the internal variability)

maximizes far from the boundaries and to the east of the

domain. In particular, this ratio tends to be very small in

the western part of the domain due to the important control

exerted by the lateral boundary conditions resulting from

the pronounced westerly flow.

Figure 3b shows the standard deviation of the evapora-

tion CTL-anomaly normalized by the MPE annual mean

evaporation. The normalized quantity shows values vary-

ing between 0.06 and 0.14 thus showing relatively little

spatial heterogeneity and suggesting that evaporation var-

iability is mostly proportional to its mean value. Assuming

a normal distribution for the perturbations, results in

Fig. 3b suggest that about 95 % (i.e., two standard devia-

tions) of the perturbed simulations will induced changes of

at most 30 % of the total mean evaporation. In most of the

Mediterranean Sea, the mean and the standard deviation of

evaporation across members of the MPE show maxima

during winter months and minima during late spring and

early summer months (not shown).

The standard deviation of the precipitation CTL-anom-

aly in each grid point over the Mediterranean Sea (Fig. 3c)

shows values that vary between 20 and 220 mm yr-1 with

minima in the north-western part of the Mediterranean and

the eastern coast of Tunisia and maxima in the central and

western parts of the Mediterranean Sea. Interestingly, the

normalized version of the standard deviation of precipita-

tion (Fig. 3d) shows that the spread between members is

not proportional to the mean precipitation. The normalized

pattern thus reveals a large spatial heterogeneity with

values varying between 0.12 and 0.62. That is, in relative

terms, the spread between the MPE members is larger in

precipitation than in evaporation. Moreover, the variability

induced by the parameterization choice shows a clear

north-south gradient with larger values in the southern part

of the Mediterranean. This gradient is mainly explained by

the general decrease of precipitation to the south. Also, as

for the evaporation variable, most precipitation falls during

winter season as a consequence of the passage of synoptic

perturbations.

Figure 3e shows the standard deviation of the water

budget MPE CTL-anomaly matrix. The spatial pattern

follows closely that of evaporation with values varying

between 40 and 220 mm yr-1 although the standard devi-

ation of the control anomaly E - P matrix tends to be

more homogeneous. In relative terms (Fig. 3f), the influ-

ence of the choice of physical parameterizations on the
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water budget is generally smaller than 15 % of the MPE-

mean with maxima close to 30 % in the northern part of the

Adriatic Sea.

Table 4 shows areal-mean percentages of the total var-

iance explained by each decomposition term (see Eq. 6) for

the annual-mean evaporation, precipitation and water

budget fields. Averaged over the Mediterranean, the vari-

ability of evaporation across the MPE is largely dominated

by the choice of the SPBL scheme with little influence of

the choice of the RAD and CU schemes. The variability of

precipitation across simulations seems to be mostly deter-

mined by the choice of the CU scheme although with an

important contribution of the choice of then the SPBL

scheme and even some influence of the RAD scheme. The

water budget is more or less equally sensitive to the choice

of SPBL and CU schemes with almost no influence of the

RAD scheme choice.

The variance decomposition approach shows that single

terms tend to dominate total variances with their sum

explaining 65; 86 % and 64 % for evaporation, precipitation

and water budget respectively. The interaction between CU

and SPBL schemes appears to explain some variability of the

evaporation field with little influence on precipitation. No

matter the field considered, terms related with the interaction

between RAD and CU/SPBL schemes are very small.

Figure 4 shows spatial patterns of the total contribution

terms bR (left panels), bP (middle panels), and bC (right

panels) (see Eq. 9) for the evaporation (top panels), pre-

cipitation (center panels) and water budget (bottom panels),

respectively. Various conclusions can be drawn from Fig. 4:

Fig. 3 Standard deviation of

differences between members of

the MPE and the CTL run (left

panels) for simulated annual

mean values of a evaporation

(E), c precipitation (P) and

e water budget (E–P). Right

panels show the standard

deviations normalized by the

MPE annual mean values.

a
ffiffiffiffiffiffi
VE

p
. b

ffiffiffiffiffiffi
VE

p
=Emean. c

ffiffiffiffiffiffi
VP

p
.

d
ffiffiffiffiffiffi
VP

p
=Pmean. e

ffiffiffiffiffiffiffiffiffiffi
VE�P

p
.

f
ffiffiffiffiffiffiffiffiffiffi
VE�P

p
=ðE�PÞmean

Table 4 Standard deviation of evaporation, precipitation and water budget and the percentage of explained variance by the various decom-

position terms as described in Sect. 2.5

var
ffiffiffiffi
V
p
ðmm

yr
Þ R(%) P(%) C(%) RP(%) RC(%) PC(%) RPC(%)

E 119 5 58 2 3 1 15 14

P 95 9 25 48 2 3 5 8

E–P 121 1 28 36 2 4 12 16

All values correspond to the average over the whole Mediterranean Sea
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• The influence of the choice of the RAD scheme is

generally very small (smaller than 20 %) no matter the

variable and the grid point considered.

• The choice of the SPBL scheme dominates evaporation

variability across the MPE with relatively small spatial

gradients.

• The proportion of the precipitation variability

accounted by the CU and SPBL schemes depends

strongly on the region considered. For example, the

variability in the Adriatic Sea is mostly determined by

the choice of the CU scheme while over the Ionian Sea

the choice of the SPBL scheme seems to dominate.

• The variability of the water budget term is also

determined by a near balance between SPBL and CU

schemes.

That is, although mean evaporation values

(� 1;300 mm yr�1) are much larger than mean precipi-

tation values (� 300 mm yr�1), the greater variability

across the MPE simulations for the precipitation variable

implies that the choice of the SPBL and CU schemes is

equally important in the determination of the water

budget.

5 Performance of the MPE to simulate the annual-

mean MSWB

Table 5 shows the 1994–1995 annual-mean evaporation,

precipitation and water budget averaged over the Mediter-

ranean Sea for the control run (WRF3.3-CTL), the MPE

mean and two simulations performed using version 3.1 of

WRF with the CTL physics package differing only on the

initial conditions which are denoted by WRF3.1-CTL

(a) and WRF3.1-CTL (b). Also shown are annual-mean

values estimated using various observed and analyzed

datasets. The comparison of the 1994–1995 annual mean

values across the various datasets show qualitatively similar

results to those obtained using 20-year periods (see Table 1):

• WRF3.1-CTL mean evaporation (�1;350 mm yr�1)

tends to overestimate observed mean values

(� 1;037�1;177 mm yr�1) by about 20–30 %;

• WRF3.1-CTL mean precipitation (� 320 mm yr�1) is

within the range of observed mean values (� 237�
468 mm yr�1) although closer to the lower limit.

• WRF3.1-CTL mean water budget (�1;030 mm yr�1)

overestimates observed mean values by near 10–30 %

(� 606�940 mm yr�1).

Fig. 4 Contributions from the RAD (bR; left pannels), SPBL (bP;

central pannels) and CU (bC; right pannels) schemes to the variance

of the differences between the members of the MPE and the CTL

member for annual means of evaporation (E; top panels), precipita-

tion (P; central panels) and water budget (E–P; bottom panels). a bRE .

b bPE. c bCE. d bRP. e bPP. f bCP. g bRE�P. h bPE�P. i bCE�P
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The simulation performed using the more recent 3.3

version with the CTL package (WRF3.3-CTL) also over-

estimates the annual-mean evaporation and water budget

compared to observed values although showing a small

improvement regarding the WRF3.1-CTL run. That is,

although quantitative differences appear between simula-

tions performed using the two versions of the WRF model,

it is clear that the problem of the fresh water imbalance as

reported in Sect. 1 remains in the newer WRF3.3 version,

supporting the idea of using single 1994–1995 year simu-

lations to study key factors leading to this imbalance.

5.1 Evaporation

Figure 5a presents the annual-mean field of evaporation in

HOAPS3 showing that data is only available far from the

coast over the open sea. Mean values vary from about

900 mm yr-1 in the western part of the domain to about

1,300 mm yr-1 in the eastern part mainly because of the

spatial variations of the vertical humidity gradient term.

Table 5 1994–1995 annual mean values of evaporation (first col-

umn), precipitation (second column) and water budget (third column)

as obtained from a variety of observed and simulated datasets (all in

mm yr-1)

Data E P E - P

WRF3.1-CTL (a) 1,348 (1,365) 318 (278) 1,030 (1,087)

WRF3.1-CTL (b) 1,355 (1,373) 328 (292) 1,027 (1,081)

WRF3.3-CTL 1,299 (1,319) 342 (300) 958 (1,019)

WRF3.3-MPE MEAN 1,286 (1,308) 281 (249) 1,005 (1,059)

ERA-40 1,037 (1,098) 382 (381) 655 (717)

ERAI 1,107 (1,187) 385 (345) 722 (742)

HOAPS3 - (1,177) - (237) - (940)

HOAPS3-GPCP - (1,177) 468 (441) - (736)

OAFlux-GPCP 1,120 (1,177) 468 (441) 606 (734)

All WRF simulations were performed using the CTL physics pack-

age, namely, RRTMG for the atmospheric radiation scheme, YSU for

the surface/planetary boundary layer scheme and KF for the cumulus

scheme. WRF3.1-CTL (a) and (b) simulations only differ on the

initial conditions. Fields are averaged over the whole Mediterranean

Sea and over the HOAPS3 domain for terms in parentheses

Fig. 5 a HOAPS3 annual-mean

evaporation field and b–d biases

in annual mean evaporation

averaged over the

Mediterranean Sea for the

members of the MPE performed

with the b RRTM, c RRTMG

and d Goddard RAD

subensembles as a function of

spatial correlation compared to

the HOAPS3 dataset. Mean

biases across the various SPBL

and CU subensembles are

shown in the right side of each

plot. The red bar gives an

estimation of the sampling

uncertainty associated with the

CTL run (see Sect. 2.6 for

details)

2360 A. Di Luca et al.

123



Figure 5b–d show annual mean differences compared to

HOAPS3 for members of the MPE and the ERAI and

OAFlux datasets as a function of their spatial correlations.

For clarity reasons and considering that RAD schemes have

relatively little influence in the evaporation field, results are

shown separately for the RRTM (Fig. 5b), the RRTMG

(Fig. 5c) and the Goddard (Fig. 5d) schemes. In all figures,

numbers and colors indicate the SPBL and the CU schemes

used to run each MPE member respectively. Biases are

computed using data over the HOAPS3 domain and cor-

relations are calculated using the nearest HOAPS3 grid

point from either WRF simulations, ERAI reanalysis and

OAFlux dataset. No matter the RAD scheme considered,

members of the MPE show similar spatial patterns of

annual-mean evaporation compared to HOAPS3 with mean

spatial correlations that vary between 0.74 (RRTMG and

Goddard) and 0.79 (RRTM). ERAI and OAFlux also show

similar spatial distributions with correlation values of about

0.8 for both datasets. The only subensemble of simulations

that tend to produce a different pattern compared to HO-

APS3 are those performed using MYJ.

Averaged over the Mediterranean, ERAI and OAFlux

mean biases are very small and always smaller than

15 mm yr-1 (i.e., B2 % of the mean evaporation) although

it should be noted that such small values are partly explained

by the compensation of positive and negative biases across

the Mediterranean Sea (not shown). Mean biases between

individual members and HOAPS3 span a great range of

values varying from -30 to 400 mm yr-1 (i.e., 5–30 % of

the mean evaporation) thus showing systematically larger

values in simulations than in any observation-based dataset.

According to the sampling uncertainty that characterize the

CTL-run evaporation (red bar in Fig. 5b–d), significant

differences between MPE members arise mostly when they

are performed using a different SPBL scheme. That is,

members of the ensemble using the same SPBL scheme (i.e.,

denoted with the same number) are clustered into groups

showing similar E values. For example, simulations per-

formed using the ACM2 PBL scheme (denoted with the

number 7) systematically show higher evaporation than the

CTL run that uses the YSU SPBL scheme (1). Similarly,

runs using the MYNN SPBL scheme (5) tend to evaporate

less than the CTL run, no matter the RAD scheme consid-

ered. Overall, simulations performed using the MYNN

SPBL scheme show the best performances with annual mean

biases of at most 100 mm yr-1 but generally within 50

mm yr-1 compared to HOAPS3 and ERAI/OAFlux.

In order to gain some insight on the causes of the gen-

eral overestimation of evaporation in WRF simulations, the

time-mean evaporation (E) can be expressed as:

E ¼ Cm � dqs þ covðCm; dqsÞ; ð12Þ

where cov(Cm, dqs) represents the temporal covariance

between daily time series of Cm and dqs. Figure 6 shows

annual-mean values of Cm (Fig. 6a) and dqs (Fig. 6b)

together with the term cov(Cm, dqs) (Fig. 6c) for the HO-

APS3 dataset. Averaged over the Mediterranean, Cm in

HOAPS3 is 260 mm g ðyr kgÞ�1
with maximum values of

about 300 mm g ðyr kgÞ�1
over the Gulf of Lion in south-

ern France due to the high wind speeds (ju10j � 7 m s�1)

associated with Mistral and Tramontane wind systems in

this region. Minimum values are found over the easternmost

part of the Mediterranean Sea with values close to 200 mm

g (yr kg)-1 due to the relative low wind speeds in this region

(ju10j � 4:5 m s�1). The Mediterranean Sea-averaged dqs in

HOAPS3 is 4:4 g kg�1 and shows a west–east gradient with

increasing values to the east of the Mediterranean mainly

due to the spatial variation of SSTs and the related saturation

specific humidity (qs). The covariance between daily time

series of Cm and dqs is generally positive with values

varying between -50 and 200 mm yr-1. The covariance

term explains near 4 % of the Mediterranean-averaged E

and at most 20 % of E in any given grid point suggesting

that time-mean evaporation is largely dominated by the

product of time-mean quantities (i.e., Cm � dqs) with rela-

tively little influence of the covariance term.

Figure 7 is the same as Fig. 5b–d but for Cm and dqs.

Annual-mean surface exchange coefficients in ERAI and

OAFlux are smaller than in HOAPS3 with Mediterranean

Sea averaged values of 245 and 235 mm g ðyr kgÞ�1

respectively, leading to an observational uncertainty of

about 10 % for Mediterranean averaged values. Although

the spatial distribution of Cm in OAFlux is very similar to

that of HOAPS3, ERAI shows a different pattern mainly

due to the absence of the west-east gradient. Averaged over

the HOAPS3 domain, annual-mean moisture vertical gra-

dients are 4.7 and 4:8 g kg�1 in ERAI and OAFlux thus a

bit larger than the HOAPS3. That is, although mean

evaporation values are very similar in the three datasets,

the way each dataset produces evaporation is somewhat

different. Covariance terms for ERAI and OAFlux (not

shown) are very close to the one in HOAPS3 with mean

values of 27 and 65 mm yr-1 respectively and maxima

over the Gulf of Lion.

Cm values as derived from WRF simulations show a

great range of responses with annual mean values varying

between 200 and 360 mm g ðyr kgÞ�1
depending essen-

tially on the choice of the SPBL scheme and to a less extent

on the RAD scheme. As for the evaporation field, differ-

ences across SPBL subensembles appear to be significantly

larger than the sampling uncertainty which is about

	12 mm g ðyr kgÞ�1
. Compared with ERAI and OAFlux,
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and to a less extent with HOAPS3, most simulations tend to

overestimate surface exchange coefficients over the HO-

APS3 domain except for members performed using the

MYNN SPBL scheme that show relatively small biases

compared to any observation dataset. Spatial patterns of Cm

in individual members of the MPE generally agree well

with the HOAPS3 pattern with correlations varying

between 0.6 and 0.9.

For RRTMG and Goddard RAD schemes, annual-mean

moisture vertical gradients in WRF simulations (Fig. 7d–f)

tend to be slightly overestimated compared to HOAPS3

and show similar values as ERAI and OAFlux datasets.

Moreover, RRTMG and Goddard simulations show little

difference between them suggesting that the near surface

humidity gradient is more or less insensitive to the SPBL/

CU scheme choice. Much smaller values of dqs are shown

in simulations performed using the MYJ SPBL scheme

thus somewhat compensating the relatively large values of

Cm in that subensemble. Simulations performed using the

RRTM scheme largely overestimate dqs compared to any

observed based dataset with a mean bias of 1:1 g kg�1.

Results above show that the general overestimation of

evaporation in WRF do not result from a single reason but

rather depends on the particular simulation considered. In

general, for simulations performed using the RRTM

(RRTMG or Goddard) RAD scheme, the overestimation of

E is mainly related with the large overestimation of the dqs

(Cm) term. Specifically, simulations performed using the

ACM2 SPBL scheme overestimate both Cm and dqs and

thus show the largest E values. For the YSU subensemble,

the relative large values of E compared to HOAPS3 are

related with an overestimation of either dqs or Cm

depending on the RAD scheme considered. The moderate

overestimation of MYJ runs comes from larger values of

Cm and a general good representation of dqs values

although showing a very high sensitivity to the choice of

the CU scheme. Finally, MYNN SPBL members that

showed the best performances to simulate evaporation also

generally show the smallest biases in the simulation of both

Cm and dqs with bias values always within the observa-

tional uncertainty.

A further step in the evaluation of the performance of

the WRF MPE to simulate the evaporation field can be

made by comparing 10-m wind speeds with observations.

Figure 8 shows the annual mean field of 10-m wind speed

(ju10j) for HOAPS3 (Fig. 8a) together with Mediterranean

Sea-averaged biases and spatial correlations for the MPE

members, ERAI and OAFlux datasets (Fig. 8b). Only

simulations performed using the RRTMG RAD scheme are

shown but similar results are found for others RAD

schemes. The spatial distribution of ju10j in the MPE agrees

quite well with the HOAPS3 pattern with spatial correla-

tions ranging between 0.6 and 0.9. More interesting, ERAI

and WRF simulations systematically show smaller values

of Mediterranean Sea-averaged ju10j compared to either

OAFlux and HOAPS3 with differences of about 0.5 and

0:8 m s�1 respectively (i.e., about 10–15 % of ju10j). The

underestimation of 10-m wind speed by both ERAI and

WRF seems to be confirmed by comparing ERAI and 4

WRF simulation with HOAPS3 and QuikSCAT observa-

tions over the whole Mediterranean Sea for the period

2001–2005 (see Fig. 14a in Appendix 1). Also, the Quik-

SCAT satellite product was shown to outperform ERA-40

and NCEP reanalyses in reproducing 10-m wind speeds

compared to in-situ measurements (buoy-mounted ane-

mometers) over two sites in the Mediterranean Sea (Ruti

et al. 2008).

The fact that differences between ju10j across the MPE

are mostly within the sampling uncertainty range

(	0:2 m s�1) and that WRF simulated wind speeds follows

closely ERAI values suggest that WRF biases are at least

partially explained by biases in the driving data. The

observed underestimation in WRF simulations can have

important consequences. Although surface coefficients Cm

do not depend directly on |u10| but on the friction velocity

u� (see Eq. 2), a general increase (decrease) of |u10| will

lead to an increase (decrease) of Cm values. As a conse-

quence surface exchange coefficients in simulations would

Fig. 6 HOAPS3 annual-mean values of a the surface exchange coefficient (Cm), b the near-surface humidity gradient (qs � q) and c the temporal

daily covariance of both quantities (cov(Cm, dqs)). See Eq. 12 for details. a Cm. b qs � q. c cov(Cm, qs - q)
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be larger if the driving data would give the right winds

(e.g., HOAPS3 |u10| values). For example, the comparison

between annual mean fields of E (Cm) and ju10j when

pooling all grid points with similar moisture vertical gra-

dients results in an increase of about 130 mm yr-1 in E

(24 mm g ðyr kgÞ�1
in Cm) for a 0:8 m s�1 anomaly in

ju10j.

5.1.1 Influence of SPBL schemes on evaporation

As briefly discussed in Sect. 2.3, differences in the repre-

sentation of evaporation across simulations appear due to

differences in the friction velocity and/or the function D ¼
Dðz0; wðz=LÞÞ in the denominator. Figure 9a presents the

annual mean field of friction velocity (u�) for the CTL run

Fig. 7 Bias as a function of

spatial correlations between the

HOAPS3 fields and members of

the MPE ensemble for the

RRTM (top panels), the

RRTMG (central panels) and

the Goddard (bottom panels)

RAD subensembles for the

surface exchange coefficient

(left panels) and the vertical

humidity gradient (right

panels). Mean biases across the

various SPBL and CU

subensembles are shown in the

right side of each plot. The red

bar gives an estimation of the

sampling uncertainty associated

with the CTL run (see Sect. 2.6

for details)
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showing that the spatial distribution of u� follows closely

the wind speed field. MPE simulations anomalies com-

pared to the CTL run for Cm as a function of u� are shown

in Fig. 9c. For simplicity, only results obtained for simu-

lations performed using the RRTMG RAD scheme are

shown. Although Cm anomalies are always larger than the

sampling uncertainty, u� anomalies are generally within its

sampling uncertainty range suggesting that changes in

friction velocity do not determine surface exchange coef-

ficient anomalies. Moreover, while u� anomalies can

partially explained the larger (smaller) values of Cm in the

case of the ACM2 (MYNN) SPBL schemes, MYJ shows

smaller u� values with larger values of Cm suggesting that

the relative large Cm values must come from changes in the

denominator D.

The annual-mean field of D (Fig. 9b) shows larger

values in the western part of the domain mainly due to

more stable conditions in that region. Differences in D

values between simulations and the CTL run (Fig. 9d)

show that the choice of the SPBL scheme lead to

Fig. 8 a Annual-mean field of 10-m wind speed for the HOAPS3

dataset and b biases as a function of spatial correlations between

individual members of the MPE and HOAPS3. ERAI and OAFlux

bias and spatial correlations compared to HOAPS3 are also included.

Only results from simulations performed using RRTMG RAD scheme

are shown. Mean biases across the various SPBL and CU subensem-

bles are shown in the right side of each plot. The red bar gives an

estimation of the sampling uncertainty associated with the CTL run

(see Sect. 2.6 for details)

Fig. 9 CTL-run annual-mean

fields of a the friction velocity

and b the denominator function

D (see Eq. 2). Mediterranean

Seaaveraged differences

between members of the MPE

and the CTL member for the

surface exchange coefficient as

a function of differences in c the

friction velocity and d the

denominator function D. Only

results from simulations

performed using RRTMG RAD

scheme are shown. Red bars

give an estimation of the

sampling uncertainty associated

with the CTL run (see Sect. 2.6

for details)
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significant differences (as large as 25 % of the D)

according to the sampling uncertainty measure. Smaller

(larger) values of Cm are thus related with positive (nega-

tive) values of D anomalies in MYNN (MYJ and ACM2).

As discussed in Sect. 2.3, changes in D can be accounted

by either differences in the surface roughness (z0) and/or in

the Monin–Obukhov stability parameter (Li = z/L). CTL-

annual mean fields of z0 and z=L are shown in Fig. 10a, b

respectively. Interestingly, the spatial pattern of D follows

closely the pattern of z=L with maximum (minimum)

values in the western (eastern) part of the Mediterranean.

Anomalies of D as a function of z0 and z=L (Fig. 10c, d

respectively) show that significant differences in D may

arise due to differences in both parameters. For example,

the relatively small values of D for MYJ members result

from the combined effect of larger values of z0 and

smaller values of z/L (i.e., more unstable SL) although

mainly due to changes in the former. The explicit for-

mulation of the viscous layer in MYJ SL scheme tend to

increase the effective z0 compared to values obtained

using the usual Charnock relation. Generally changes in D

seems to be dominated by changes in the roughness

length with the stability term playing a secondary role.

Excepting MYJ, z0 differences across simulations are

directly related with the magnitude of the Charnock

constant (ac) with the PX (MYNN) SL scheme showing

the smallest (largest) values of z0 due to the largest

(smallest) values of ac.

5.1.2 Influence of RAD schemes on evaporation

As shown in Sect. 4, the influence of RAD schemes on the

evaporation field is small compared with the influence of

SPBL schemes. However, these small changes appear to be

systematic and result from a compensation between chan-

ges in surface exchange coefficients and vertical humidity

gradients.

Table 6 shows annual mean values of various quantities

averaged over the Mediterranean Sea and over simulations

performed using the same RAD scheme. Differences

between evaporation values (first column in Table 6)

across subensembles of simulations performed using the

same RAD scheme span a range of about 60 mm yr-1

which is nearly 5 times smaller than the range span by

SPBL subensembles. The range span by RAD subensem-

bles when considering the Mediterranean averaged Cm

(dqs) is of about 50 mm g ðyr kgÞ�1
(1:1 g kg�1) that is

similar (larger) than the same for SPBL subensembles.

That is, RAD schemes have a primary influence on both Cm

and dqs but because large values of Cm are associated with

small values of dqs, their total influence on evaporation is

small.

Mean values of 2-m temperature (T2m) are 293.4, 292.4

and 291.6 K for the RRTM, the RRTMG and the Goddard

schemes respectively. Given that the mean SSTs are the

same for all simulations (SST ¼ 292:9 K), differences in

T2m lead to different surface lapse rates and values of

Fig. 10 CTL-run annual-mean

fields of a the surface roughness

(z0) and the Monin–Obukhov

stability parameter (Li = z/

L) (see Sect. 2.3 for details).

Mediterranean Sea averaged

differences between members of

the MPE and the CTL run for

the function D as a function of

differences in c the surface

roughness and d the Monin–

Obukhov stability parameter.

Only results from simulations

performed using RRTMG RAD

scheme are shown. Red bars

give an estimation of the

sampling uncertainty associated

with the CTL run (see Sect. 2.6

for details)
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sensible heat fluxes (SH) that are larger for smaller values

of T2m. As a result, the Goddard (RRTM) scheme suben-

semble shows the smallest (largest) values of the Monin–

Obukhov stability parameter z/L and the largest (smallest)

values of the surface exchange coefficient Cm due to the

more unstable (stable) surface conditions. In turn, the lar-

ger values of Cm in Goddard explain the larger values in

evaporation.

The effect on the stability term describe above tends to

dominates evaporation variations across RAD subensem-

bles and also have consequences on the vertical humidity

gradient term. The larger values of evaporation lead to

larger values of the specific humidity near the surface (ql)

that in turn appear to decrease vertical humidity gradients

near the surface decreasing the initial differences in

evaporation and partially offsetting the effect of RAD

schemes on evaporation through changes in Cm.

5.2 Precipitation

The observational uncertainty in precipitation is quite large

with annual-mean values of 237 mm yr-1 in HOAPS3,

345 ð385Þ mm yr�1 in ERAI and 441 ð468Þ mm yr�1 in

the GPCP dataset when averaged over the HOAPS3 (whole

Mediterranean Sea) domain (see Table 5). Precipitation

totals in the HOAPS3 dataset are very small compared to

ERAI and GPCP estimations mainly due to a deficit of

precipitation in the southern and eastern part of the Med-

iterranean Sea (not shown). Romanou et al. (2010) argued

that the relative small amounts of precipitation in HOAPS3

can be related with issues in the microwave retrievals that

primarily detect precipitation that falls from cold ice clouds

and may miss significant amounts of precipitation falling

from warm, winter stratiform clouds. A comparison

between total precipitation amounts in HOAPS3, ERAI and

another independent satellite product (TRMM) over the

period 2001–2005 (see Fig. 14b in Appendix 1) also con-

firms the HOAPS3 underestimation of precipitation. Tak-

ing advantage of the higher spatial resolution of ERAI

compared to GPCP, in what follows we will consider that

ERAI gives a more realistic representation of precipitation

over the Mediterranean Sea.

Figure 11 shows the annual-mean precipitation field for

ERAI (Fig. 11a) and the associated MPE member biases as

a function of the spatial correlations (Fig. 11d). Only

simulations performed using the RRTMG RAD scheme are

shown because precipitation results depend little on the

RAD scheme. It is seen that simulations performed with

different CU and SPBL schemes show a large range of

annual mean values. Biases compared to ERAI vary

between -250 and 30 mm yr-1 showing that WRF simu-

lations generally tend to produce too little precipitation.

Spatial correlations between simulations and ERAI are

very high with values varying between 0.8 and 0.9 sug-

gesting that biases are likely to be related with a systematic

underestimation everywhere over the Mediterranean Sea.

In the right part of the plot, Fig. 11d also shows mean

biases for subensembles of simulations using the same

SPBL and CU schemes. Precipitation variability across the

ensemble clearly results from the combined effect of both

CU and SPBL schemes and some systematic changes are

generally induced by individual schemes. For example, for

any given CU scheme (i.e., any given colour), the order of

SPBL schemes according to increasing values of precipi-

tation (i.e., decreasing negative biases) gives always the

same pattern: (1) MYJ (2), (2) MYNN (5), (3) YSU (1) and

(4) ACM2 (7). Similarly, for a given SPBL scheme, the

order of CU schemes according to increasing values of

precipitation gives always the same pattern: (1) NSAS, (2)

SAS, (3) KF, (4) G3D, (5) BMJ and (6) MT.

ERAI annual mean fields of convective and non-con-

vective components of precipitation (Fig. 11b, c) show that

approximately one fourth of the total precipitation (381

mm yr-1) arises due to large-scale condensation (104

mm yr-1) while the remaining precipitation (277

mm yr-1) arises from the activation of the CU scheme.

Convective precipitation anomalies in the MPE (Fig. 11e)

are about 100 mm yr-1 and often significantly larger than

the sampling uncertainty (&±60 mm yr-1). On the con-

trary, for the non-convective precipitation component

(Fig. 11f), differences are generally smaller than 20

mm yr-1 and are generally not significant according to the

sampling uncertainty (� 	18 mm yr�1). Again, spatial

patterns of precipitation in individual simulations are

Table 6 1994–1995 annual mean values of evaporation (E), surface exchange coefficient (Cm), moisture vertical gradient (dqs), 2-m temperature

(T2m), sensible heat (SH), Monin–Obukhov stability parameter (z=L) and lowest-level specific humidity (ql)

Units E (mm yr-1) Cm (mm g ðyr kgÞ�1
) dqs (g kg-1) T2m(K) SH (W m-2) z=L ql (g kg-1)

RRTM 1,262 242 5.5 293.4 1.1 0.32 9.0

RRTMG 1,274 274 4.6 292.4 9.3 -0.67 9.8

Goddard 1,320 295 4.4 291.6 16.7 -1.1 10.1

Columns shows values averaged across simulations performed using the same radiation scheme. All values are averaged over the whole

Mediterranean Sea
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similar to the ERAI pattern with spatial correlations

showing values always larger than 0.75 with an overall

average of 0.77 for the convective part and 0.83 for the

non-convective part. Figure 11 shows that the simulated

annual mean precipitation over the Mediterranean is

underestimated compared to ERAI due to a deficit of both

the convective and the non-convective terms. Because the

convective part is proportionally larger than the non-con-

vective part, total precipitation biases are dominated by

biases in the convective term.

The factors controlling precipitation over the Mediter-

ranean Sea are more difficult to determine than those

controlling evaporation because there is no direct bulk

formula describing precipitation amounts. Rather, precipi-

tation results from various hypothesis about its triggering

and duration. The difficulty is also enhanced because, as

shown in Sect. 4, the causes leading to changes in pre-

cipitation requires to consider the behaviour of CU

schemes together with those of SPBL schemes and prob-

ably their mutual interactions. In order to gain some insight

Fig. 11 ERAI annual-mean

fields (left panels) and biases as

a function of spatial correlations

between ERAI and members of

the RRTMG RAD multi-physics

subensemble (right panels) for

the total precipitation (top

panels), the convective

precipitation part (middle

panels) and the non-convective

precipitation part (bottom

panels). Mean biases across the

various SPBL and CU

subensembles are shown in the

right side of each plot. The red

bar gives an estimation of the

sampling uncertainty associated

with the CTL run (see Sect. 2.6

for details)
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on the sources of these systematic differences, Fig. 12

shows the relative frequency of dry days (days with pre-

cipitation amounts smaller than 1.0 mm; top panels) and

the mean precipitation intensity of wet days (i.e., non dry

days; bottom panels) for ERAI, HOAPS3 (when available),

individual members of the MPE and subensembles of

simulations using the same SPBL and CU schemes. Dry

days are computed from daily time series of precipitation in

their original grids and then spatially averaged over the

Mediterranean Sea thus retaining the information of pre-

cipitation distributions at their original resolution.

For total precipitation (Fig. 12a), the frequency of dry

days in the ERAI reanalysis is 82 % and all simulations

show a larger number of dry days with values varying

between 82 and 95 %. Given that the ERAI horizontal grid

spacing (near 75 km) is somewhat larger than that of WRF

(50 km) it is expected to find a higher frequency of wet

days in ERAI compared to WRF at least assuming a similar

Fig. 12 Dry-day frequency (left

panels) and wet-day mean

precipitation intensity (right

panels) for the total

precipitation (top panels), the

convective precipitation part

(central panels) and the non-

convective precipitation part

(bottom panels). Red and blue

asterix designate the ERAI and

the HOAPS3 (when available)

datasets and the combination of

numbers and colors individual

MPE members. SPBL and CU

columns show subensemble

averages across SPBL and CU

schemes respectively. Only

results from simulations

performed using the RRTMG

radiation scheme are shown
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performance (see for example Di Luca et al. (2012a)).

However, differences between dry days in ERAI and MPE

members cannot be explained solely by differences in the

horizontal resolution and show to be dependent on the

specific CU and SPBL scheme used by each member.

The comparison of mean total precipitation anomalies

across CU subensembles (Fig. 11d) with dry day frequency

and wet day mean intensities suggest that dry day fre-

quency differences dominate changes in total amounts of

precipitation. For example, simulations performed using

the NSAS (MT) CU scheme that showed the largest

(smallest) total precipitation amounts (349 vs. 179

mm yr-1) also show the largest (smaller) number of wet

days (16 vs. 6 %) with the minimum (maximum) mean

intensity of daily events (5.5 vs. 7.5 mm/day). That is,

differences in the number of wet days and the intensity of

mean events somewhat compensate each other although the

effect due to the number of raining days dominates.

Assuming that the frequency of wet days can be used as a

proxy of the frequency of the CU scheme activation (i.e.,

efficiency of the triggering), the above results suggest that

the variability of precipitation across the MPE is mainly

related with the way in which CU schemes represent the

triggering more than the duration/intensity.

5.2.1 Influence of SPBL and RAD schemes on precipitation

The dependence of total precipitation amounts with the

choice of the SPBL scheme is fundamentally different than

the same for CU schemes. For example, simulations per-

formed using the ACM2 (MYJ) SPBL scheme that showed

the largest (smallest) total amounts of precipitation (344 vs.

224 mm yr-1) also show the largest (smallest) mean pre-

cipitation on wet days (7.0 vs. 5.7 mm/day). Although both

parameters (i.e., frequency and intensity) seem to explain

total precipitation differences across SPBL schemes, more

significant changes appear to be related with the mean

intensity of wet days than with dry day frequencies. That is,

differences between SPBL scheme formulations seem to

induce more important changes in the duration/intensity (i.e.,

closure) of events that in their frequency (i.e., triggering).

An important variable that influences both frequency

and intensity of precipitation events is the amount of water

vapor available in the atmosphere. Mainly through differ-

ences in evaporation, the choice of the SPBL scheme

induce significant changes in the available low-levels water

vapor and consequently in total amounts of precipitation.

Figure 13 shows CTL-run anomalies of the total precipi-

tation as a function of low-levels integrated water vapor

(qintll) for the RRTMG RAD scheme subensemble. qintll is

computed as the mass-weighted vertical integral of specific

humidity through the lowest 10 levels (i.e., under about 800

hPa). Figure 13 shows that for a given value of qintll the

amount of precipitation can change considerably for the

various CU schemes suggesting that the efficiency to pre-

cipitate is strongly dependent on the choice of the CU

scheme. Also interesting, for any given CU scheme (i.e., a

given color), simulations tend to show increasing values of

P as qintll increases and the variation suggests an approxi-

mate linear relation. Although some values can show

important discrepancies compared to this linear variation,

the slope can be used to roughly quantify changes in P as a

function of changes in qintll. Pooling all members of the

MPE we obtain that, averaged over the Mediterranean Sea,

precipitation increases by near 170 mm yr-1 for each kg/m2

of water vapor added in low levels.

As stated before, differences in qintll across SPBL

schemes are generally related with differences in mean

evaporation. For long-term mean values, the water budget

is equal to the divergence of the horizontal water vapor flux

(E�P ¼ r � ½qV�) so a change in evaporation can lead to a

change in precipitation and/or in the water vapor diver-

gence. Table 7 shows that an excess of evaporation

(DE
 0) between two SPBL subensembles generally leads

to an increase of precipitation (DP
 0) together with larger

amounts of the exported water (Dðr � ½qV�Þ 
 0) and larger

values of the mean (equilibrium) integrated water vapor

(Dqintll
 0). This partition is however dependent on the

SPBL scheme. Simulations performed using the ACM2

(MYNN) SPBL scheme showing the highest (lowest)

evaporation rate also show the largest values of qintll and

water vapor divergence (r � ½qV�). While the MYNN su-

bensemble shows the smallest values of E and r � ½qV�, the

smallest values of qintll and P appear in simulations per-

formed using the MYJ SPBL scheme suggesting that, in

Fig. 13 Precipitation annual mean differences between members of

the MPE and the CTL run as a function of differences of the low-

levels integrated water vapor. Only results from simulations per-

formed using the RRTMG RAD scheme are shown
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relative terms, the export of water vapor tend to be larger in

MYJ than in MYNN simulations.

The choice of the RAD scheme influences precipitation

also through changes in the vertically integrated specific

humidity. Table 7 shows that total precipitation mean

values for individual RAD subensembles increase as the

integrated low-levels water vapor increases. As shown in

Sect. 5.1.2, increases in low level humidity are generally

tied with evaporation increases. An important difference

between SPBL and RAD schemes influence on precipita-

tion is that precipitation differences across RAD suben-

sembles are mostly related with changes in the non-

convective part (not shown) as opposite to the response

found across the various CU and SPBL schemes that tend

to modify the convective part of precipitation. The mean

non-convective precipitation values across simulations

performed using the same radiation scheme are of 106, 71

and 53 mm yr-1 for the Goddard, the RRTMG and the

RRTM schemes respectively.

6 Summary and discussion

Good quality simulations of the atmospheric component of

the Mediterranean Sea water budget (i.e., mainly evapo-

ration and precipitation) are of key importance to conduct

atmosphere–ocean coupled RCM simulations in order to

produce future climate projections. Recently, a particular

configuration of the version 3.1 of the WRF RCM (Le-

beaupin Brossier et al. 2011; Drobinski et al. 2012) was

shown to overestimate the Mediterranean Sea water budget

(defined as the difference between evaporation and pre-

cipitation) mainly due to an excess of evaporation thus

compromising its use to perform coupled experiments. In

this article we use a 70-member multi-physics ensemble to

try to elucidate the relative importance and the role of

various atmospheric subgrid scale processes in evaporation

and precipitation. The physics ensemble was constructed

by peforming 70 1-year long simulations using version 3.3

of the WRF regional climate model by combining 6

cumulus schemes, 4 surface/planetary boundary layer

schemes and 3 radiation schemes.

The analysis concentrates on annual mean values with no

explicit consideration of seasonal or daily variations of the

various fields thus probably hiding errors that compensate

when computing mean values. Moreover, a similar critique

can be made for the spatial analysis that does not explicitly

assess a number of climatically distinct basins over the

Mediterranean Sea. Despite these limitations, a number of

valuable conclusions can be drawn from the analysis.

First, a variance decomposition technique was used to

separate the contribution of each parameterization scheme

to the total variability of the evaporation, precipitation and

water budget annual-mean fields across the multi-physics

ensemble. Our results show that the spread in the evapo-

ration field across the multi-physics ensemble is largely

dominated by the choice of the surface/planetary boundary

layer scheme that is shown to explain more than 70 % of

the total variance. The precipitation variability across the

multi-physics ensemble is determined by a balance

between the choice of the cumulus (55 % of the total

variance) and the surface/planetary boundary layer (32 %

of the total variance) schemes with a strong regional

dependence. Finally, although mean evaporation values

(*1,300 mm yr1) are much larger than mean precipitation

values (*300 mm yr1), the relative greater variability

across simulations for the precipitation variable implies

that the choice of the surface/planetary boundary layer

(41 % of the total variance) and of the cumulus (50 % of

the total variance) schemes are about equally important in

the determination of the water budget.

The variance analysis also show that the spread obtained

from a multi-physics ensemble can be nearly as large as the

spread obtained from a multi-model ensemble (Sanchez-

Gomez et al. 2011) depending on the variable being con-

sidered with precipitation showing relatively more depen-

dence on the physics than the evaporation field. This last

result is in agreement with Jerez et al. (2013) that using an

8-member physics ensemble found a similar spread com-

pared to a multi-model ensemble for precipitation over the

Iberian Peninsula.

Second, the influence of individual parameterization

schemes on variables such as surface exchange coeffi-

cients, moisture vertical gradients, surface layer instability

and low-levels water vapor was investigated to try to

understand the sources of biases in evaporation and pre-

cipitation fields and to try to explain differences across

members of the ensemble. Whenever possible, estimations

from observations and reanalysis were included to ascer-

tain about the performance of individual members of the

Table 7 1994–1995 annual mean values of evaporation (E), total

precipitation (P), water-vapor divergence (r � ½qV�) and the inte-

grated specific humidity (qint) for SPBL and RAD subensembles

Units E (mm yr-1) P (mm yr-1) r � ½qV� (mm yr-1) qint (kg/m2)

MYNN 1,175 254 921 14.3

MYJ 1,234 224 1,010 14.0

YSU 1,294 302 992 14.3

ACM2 1,438 344 1,094 14.6

RRTM 1,262 250 1,012 14.1

RRTMG 1,274 280 994 14.2

Goddard 1,320 313 1,007 14.5

All values are averaged over the whole Mediterranean Sea

2370 A. Di Luca et al.

123



multi-physics ensemble. One reanalysis (ERA Interim) and

different, although not independent, gridded observed

datasets (HOAPS3 and OAFlux for evaporation; HOAPS3

and GPCP for precipitation) were used to evaluate the

performance of simulations.

For evaporation our results suggest that:

• Averaged over the Mediterranean Sea, annual mean

evaporation values as estimated from observations and

reanalysis lead to a relatively small uncertainty not

larger than 5 %. Uncertainties in surface exchange

coefficients and near-surface moisture vertical gradi-

ents are larger with values near 10 %.

• Over the whole Mediterranean Sea, most members of

the ensemble overestimate evaporation compared to

observed datasets with biases varying between -30 and

near 400 mm yr-1 depending on the member of the

ensemble. This overestimation is generally related with

an overestimation of surface exchange coefficients

which are in turn related with too large values of the

roughness length parameter and/or a surface layer which

is too unstable. Roughness length values over sea are

directly related with the value of the Charnock contant.

• The evaporation overestimation appears even though

all simulations systematically underestimate 10-m wind

speeds compared to observations by nearly 20 %. The

negative wind speed biases are associated with similar

biases in the driving fields. This result would imply an

even larger overestimation of evaporation in the case

that the WRF would be driven using the ‘‘right’’

boundary conditions.

• Although the influence of the choice of radiation

schemes on evaporation is relatively small compared to

the choice of the surface/planetary boundary layer

scheme, radiation schemes strongly influence the

variability of exchange coefficients and vertical humid-

ity gradients near the surface. These influences are

associated with changes in the surface layer stability

due to modifications of temperature lapse rates.

For the precipitation variable, our results suggest that:

• The observational uncertainty of precipitation over the

Mediterranean Sea is as large as precipitation mean

values and prevent us to make any definite statement

about the behaviour of the MPE members. ERAI

reanalyses were considered as the best estimation due

to the clear underestimation of the HOAPS3 dataset and

the relatively low spatial resolution of the GPCP product.

• Most multi-physics ensemble members underestimate

total precipitation amounts over the whole Mediterra-

nean Sea compared with ERAI with biases varying

between 20 and near -250 mm yr-1 mainly due to an

overestimation of the number of dry days. The larger

number of dry days in simulations is associated with

deficits in the activation of cumulus schemes (i.e.,

efficiency of the triggering).

• Both radiation and surface/planetary boundary layer

schemes influence precipitation through modifications

of the available water vapor in the boundary layer that

are tied with changes in evaporation.

In agreement with other studies (Argüeso et al. 2011;

Evans et al. 2012; Fernández et al. 2007; Jerez et al. 2013;

Mooney et al. 2013; Ruiz et al. 2010), we found that any of

the members of the ensemble outperforms all the others for

every variable and metrics although it is clear that some par-

ticular schemes perform very poorly. Our analysis show that

simulations performed using either MM5/YSU or PX/ACM2

surface/planetary boundary layer schemes largely overesti-

mate evaporation mean values while simulations performed

using the Dudhia/RRTM radiation scheme show important

biases in the simulation of moisture vertical gradients. Results

also show that individual members using the MM5/MYNN

surface/planetary boundary layer scheme generally outper-

form other members in the representation of the evaporation

related variables (e.g., surface exchange coefficients, moisture

vertical gradients, etc). Regarding the precipitation variable,

the best performances are found for simulations using SAS

and NSAS cumulus schemes with simulations using the KF

cumulus scheme also showing good performances.

As already pointed out by other authors (Sanchez-Go-

mez et al. 2011), this study makes evident the need to

improve our knowledge about the observed climatology

over the Mediterranean Sea, mainly of the precipitation

variable but also regarding other variables such 10-m wind

speeds and surface humidity gradients that are useful to

evaluate in more detail the representation of the evapora-

tion in climate models. Finally, it should be noted that

although this analysis is motivated by the use of atmo-

sphere–ocean RCMs, the intensity and variability of air–

sea fluxes will certainly differ in atmosphere–ocean cou-

pled simulations. As a consequence, results and conclu-

sions found in this study cannot be extrapolated to

atmosphere–ocean coupled systems.
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