
Santander Meteorology Group 
    A multidisciplinary approach for weather & climate http://www.meteo.unican.es 

ESCENARIOS-PNACC 2012: 

José Manuel Gutiérrez 
IFCA (CSIC – Univ. de Cantabria) 

Dpto. Matemática Aplicada y
Ciencias de la Computación

Grupo de Meteorología, Santander

Email: gutierjm@unican.es 

8º Congreso AEC “Cambio Cimático. Extremes e impactos”. Salamanca 25-28/9/ 2012 

Descripción y Análisis de los 
Resultados de  

Regionalización Estadística 



Santander Meteorology Group 
    A multidisciplinary approach for weather & climate 

•  Descripción de Escenarios-PNACC 2012 
•  Antecedentes 
•  ENSEMBLES, ESCENA, esTcena, y AEMET 

•  esTcena: Regionalización estadística 
•  Datos utilizados: ERA40 + IPCC-AR4 + Spain02 
•  Técnicas de downscaling estadístico 
•  Problemas metodológicos (perfect prog.) 
•  Downscaling estadístico-dinámico (ENSEMBLES)  

•  Productos disponibles y resultados 
•  Proyecciones B1, A1B y A2 para temp. y precip.  
•  Comparación con ENSEMBLES 

Contenidos 



Santander Meteorology Group 
    A multidisciplinary approach for weather & climate 

•  1ª fase (2007):  Metodologías y datos 
existentes (IPCC-AR3). http://www.aemet.es 

Necesidad de disponer de proyecciones de 
los impactos del cambio climático en los 
diferentes ecosistemas y sectores 
socioeconómicos españoles (PNACC, 2006). 

Manola Brunet(5), M. Jesús Casado(1), Manuel de Castro(4), Pedro Galán(4), 
José A.Lopez(1),  José M. Martín(1), Asunción Pastor(1), Eduardo Petisco(1), 
Petra Ramos(2), JaimeRibalaygua(3), Ernesto Rodríguez(1), Luis Torres(3) 

 

PNACC 
Escenarios regionales 

de cambio climático 

•  2ª fase (2008-2012): Programa 
coordinado, nuevos métodos e IPCC-AR4. 
-  ESCENA: regionalización dinámica. 
-  esTcena: regionalización estadística. 
-  Proyectos de AEMET. 

  (2009) Datos de ENSEMBLES 
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Variable Código Unidad 
Agregación  

temporal 
Tipo de 

agregación 
Tª máxima  TXMM ºC Mensual Promedio 
Tª mínima  TNMM ºC Mensual Promedio 

Precipitación total acumulada PRCPTOT mm/mes Mensual Acumulado 
Velocidad del viento a 10m (*) WSS m/s Mensual Promedio 

Velocidad máxima del viento a 10m (*) WSSMAX m/s Mensual Promedio 
Humedad relativa (*) HURS % Mensual  Promedio 

Percentil 95 de la temperatura máxima diaria TX95 ºC Anual - 
Percentil 5 de la temperatura mínima diaria TN05 ºC Anual - 

Percentil 95 de la precipitación diaria R95p mm Anual - 
Nº de días con temperatura mínima < 0ºC FD ºC Anual Acumulado 

Nº de días con Tmin > 20º (noches tropicales) TR días Anual Acumulado 
Precipitación máxima en 24h RX1day mm Mensual Máximo 

Nº de días con precipitación <1mm DD días Mensual Acumulado 
Nº de días con precipitación >20mm R20 días Mensual Acumulado 

Máximo Nº de días consecutivos con prec <1mm CDD días Anual - 
 

Escenarios-PNACC 2012 
Escenarios PNACC-2012 

Portada Cambio matico sin traz 8/7/08 09:14 P gina 1 

PNACC Plan Nacional de Adaptación
a l  Cambio  C l imá t icoCambio  C l imá t ico

GOBIERNO
DE ESPAÑA

MINISTERIO
DE MEDIO AMBIENTE
Y MEDIO RURAL Y MARINO

GOBIERNO
DE ESPAÑA

MINISTERIO
DE MEDIO AMBIENTE
Y MEDIO RURAL Y MARINO

Identificar variables e indicadores relevantes para las comunidades de 
impactos y homogeneizar los productos disponibles de los proyectos 
ENSEMBLES, ESCENA, esTcena y AEMET  ficheros texto y SIG. 
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http://www.meteo.unican.es/trac/estcena 
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http://www.meteo.unican.es/downscaling 

EU-funded: 
Projects 

(2004-2009) 
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Predicciones  
globales Escenarios de emisión 

Downscaling 
Estadístico: basado en 
métodos estadísticos que 
relacionan las ocurrencias 
locales con las 
simulaciones globales.  

Y = f (X;θ) 
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Los parámetros 
de los modelos 
son ajustados con 
los datos 
observados y 
simulados en 
clima presente. 

A2 

RCM 
A2 B2 

Downscaling Dinámico: 
basado en Modelos 

Regionales del Clima (RCMs) 

Rejilla interpolada (20 km) 

A2 

Metodologías de 
Regionalización: 

Estadísticas 
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Precipitation, min. and max. temperatures 

Observaciones: 
AEMET + Spain02 

Freely available at: 
http://www.meteo.unican.es/datasets/spain02 
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1960 1970 1980 1990 2010 2020 2030 2070 2080 2090 … 2000 

Present Climate Future 

Observations 
Spain02, 20km … ………………… 

… ………………. GCM scen. 
AR4 ~250km 

Control scenario: 20c3m B1, A1B, A2 

… ………………. 

Projections 
Spain02, 20km 

… ………………… 
SDM 

Control projections 
………………… … 

Scenario projections 

SDM 

GCM reanal. 
ERA40, 250km 

… ………………. 

day-to-day  
Correspondence 

 
Statistical model 

SDM 

… ………………… 

•  PROBLEM: Stationarity/robustness: SDM     SDM  

Calibración y 
Validación en  
Perfect Prog. 
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Comparación de 
Reanálisis 

1960 1970 1980 1990 2010 2020 2030 2070 2080 2090 … 2000 

Present Climate Future 

Observations 
Spain02, 20km … ………………… 

GCM reanal. 
ERA40, 250km 

… ………………. 

day-to-day  
Correspondence 

 
Statistical model 

… ………………… 
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Es necesario 
trabajar con 
anomalías y 
no con 
valores 
absolutos 
porque en 
este último 
caso no hay 
coherencia 
entre 
reanálisis (es 
decir hay 
incertidumbre 
observacional) 
en algunas 
regiones del 
globo. 

Comparación de 
Reanálisis 
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Escenarios  
IPCC-AR4 A1B 

(2007) 
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Escenarios  
IPCC-AR4 A1B 

(2007) 
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MSLP 
2T 

 

U,V 
Z 
T 

Q, R 
500,850mb 

 
 

Typical downscaling predictors: 
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1.  INTRODUCTION

‘All downscaling approaches will only be as accurate
as the available GCM predictors’ (Wilby et al. 1998,
p. 17).

Nowadays, statistical downscaling (SD) is a sound
and mature field that provides several techniques to
use coarse-resolution global climate models (GCMs) or
atmosphere-ocean GCMs (AOGCMs) on regional to
local scales (Hewitson & Crane 1996, Wilby & Wigley
1997, Zorita & von Storch 1999, Maraun et al. 2010).
These methods link the large-scale output of GCMs
(predictors) with simultaneous local historical observa-
tions (predictands) in the region of interest.

Selecting appropriate large-scale predictor(s) is a
key task of the SD approach. The choice depends on

the area under study (Cavazos & Hewitson 2005), the
predictand to be downscaled (Haylock et al. 2006), and
the underlying data sets (Timbal et al. 2003). To date,
most SD studies have been applied to mid-latitude cli-
mates. For these regions, some spatially robust predic-
tors have been identified when working under optimal
conditions (Cavazos & Hewitson 2005), i.e. taking the
predictor data from quasi-observations which are typi-
cally represented by reanalysis data (Hewitson & Crane
1996, Wilby et al. 2004, Sauter & Venema in press).

However, little is known about how the predictive
power of SD models trained on reanalysis data is
affected, when they are applied to GCM data (Randall
et al. 2007). In this case, the predictor choice made
under optimal conditions has to be re-evaluated with
respect to the following  criteria:

© Inter-Research 2011 · www.int-res.com*Email: brandssf@unican.es

Validation of the ENSEMBLES global climate
 models over southwestern Europe using probability
density functions, from a downscaling perspective

S. Brands*, S. Herrera, D. San-Martín, J. M. Gutiérrez

Instituto de Física de Cantabria (CSIC – Universidad de Cantabria), 39005 Santander, Spain

ABSTRACT: In this study we analyzed the performance of 12 state-of-the-art global climate models
(GCMs) from 2 different model generations used in the ENSEMBLES project (a European Commission-
funded climate-change research project) over southwestern Europe. For this purpose, we assessed the
similarity of the simulated and quasi-observed (reanalysis) probability density functions for circulation,
temperature, and humidity variables at various pressure levels, which we chose from a statistical-
downscaling point of view. Our main goals were to assess which GCM variables can be reliably used
as predictors for downscaling, and which GCMs perform especially well over the region under study.
Results showed that specific humidity is as reliably reproduced as circulation and temperature vari-
ables, and that overall performance is best for the Hadley Centre’s HADGEM2 model. Secondary goals
were to estimate the skillful scale of the models, and to measure the added value of bias correction, a
post-processing step commonly used in practice. We found that all models lack performance at the
scale of individual grid boxes, indicating that they are not robustly skillful at their smallest scale.
We also found that model performance generally improves after removing monthly bias. However,
model errors at higher-order moments, which cannot be removed by simply correcting the bias, were
common in some models.
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Downscaling · Iberian Peninsula · Monte Carlo methods · Multi-model
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ables at the different levels needed for an SD study
(e.g. Wilby et al. 2004), especially in the climate-
change context (Hewitson & Crane 2006). Ideally,
GCMs should additionally be validated against radio -
sonde (Ben Daoud et al. 2009) and/or satellite (Brog-
niez & Pierrehumbert 2007) data to estimate observa-
tional uncertainties.

ERA-40 data were obtained from the ECMWF MARS
server at their native resolution of 1.125° × 1.125°. In
contrast, the native horizontal resolution of the GCMs
varies between 1.25 and 3.75° and comes on regular or
Gaussian grids. Therefore, all predictor data were
regridded on a common regular 2.5° × 2.5° lattice by
using bilinear interpolation. Gleckler et al. (2008) high-
lighted that validation results are sensitive to the
choice of grid size in the case of precipitation, while for
MSLP they are not. Consequently, if spatially redun-
dant variables (like MSLP) are evaluated, as is the case
in the present study, sensitivity to different grid sizes is
probably negligible. Outliers were defined as values
above or below 10 times the interquartile range (IQR)
and subsequently set to ‘not a number’ values. In
accordance with Huth (2005) and Ben Daoud et al.
(2009), we found negative values and values well
above 100% for R in both the reanalysis and GCM con-
trol-run data, as obtained from the ECMWF MARS
server and CERA database (see Section 2). Before the
regridding process, we corrected them to 0 and 100%
respectively.

For the sake of simplicity, we refer to ‘observations’
when talking about ERA-40 reanalysis data and to
‘simulations’ when focusing on GCM data.

3.  VALIDATING GCMs FROM A DOWNSCALING
PERSPECTIVE

Although there exist plenty of GCM validation
 studies with a regional focus (Giorgi & Mearns 2002,

Perkins et al. 2007, Errasti et al. 2010), they are of lim-
ited practical value for the downscaling community
and, in particular, the SD community. The main reason
is that most of these studies focus only on surface vari-
ables (e.g. Perkins et al. 2007) but do not validate mid-
dle tropospheric variables, which are commonly used
as predictors in the downscaling process. Moreover,
most studies work with monthly averages, which are of
practical value on a daily timescale only if weather
generators are used (Semenov & Stratonovitch 2010).
Finally, if a wide range of daily variables is evaluated,
validation is usually restricted to a single model or
model family (e.g. Ringer et al. 2006).

Consequently, a study assessing which of the predic-
tor variables identified in optimal downscaling condi-
tions, i.e. by using reanalysis data (Cavazos & He -
witson 2005, Sauter & Venema 2011), are reliably re -
produced by state-of-the-art GCMs, is still missing,
to our knowledge. This is an important issue, since
GCM errors are transmitted through the downscaling
scheme and affect the downscaled time series (Chen et
al. 2006, Brands et al. 2011), as well as subsequent
impact studies (Beaumont et al. 2008).

Among the predictors to be validated, we included
2 variables, Q and R, which on the one hand have
considerable predictive power for downscaling in
optimal conditions (Cavazos & Hewitson 2005), but on
the other hand are assumed to be poorly reproduced
by the current GCM generation (Maraun et al. 2010).
This is an important issue, since humidity variables
should be included as predictors in order to yield
realistic climate-change signals (Charles et al. 1999,
Hewitson & Crane 2006). In contrast, the use of circu-
lation predictors alone yields downscaled projections
that should be treated with caution, as the circula-
tion’s simulated response to greenhouse gas forcing
is negligible (Wilby et al. 1998, Goodess & Jones
2002)—at least with predictions until the middle of
the 21st century.

Clim Res 48: 145–161, 2011148

Model Variable
T Q R Z U V MSLP

850 700 500 850 700 500 850 700 500 850 700 500 1000 850 700 500 850 700 500 sea level

MPEH5 x x x x x x x x x x x x x x x x x x x x
MPEH5C x x x x x x x x x x x x x x x x x x x x
HADGEM x x x x x x x x x x x
HADGEM2 x x x x x x x x x x x x x x x x x x x
HADCM3C x x x x x x x x x x x x x x x x
CNCM3 x x x x x x x x x x x x x x x x x x x x
CNCM33 x x x x x x x x x x x x x x x x x x x x
BCM2 x x x x x x x x x x x x x x x x x x x x
EGMAM x x x x x x x x x x x x x x x x x
EGMAM2 x x x x x x x x x x x x x x x x x
IPCM4 x x x x x x x x x x x x x x x x
IPCM4V2 x x x x x x x x x x x x x x x x

Table 3. List of variables (by pressure level in hPa) available for the 12 models. See Tables 1 & 2 for abbreviations. x: available

Datos disponibles 
en ENSEMBLES 
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Advantages Shorcomings 

Linear Regression 
GLMs 

Simple 
Easy to interpret 

Linear assumption 

Spatially inconsistent 
Selection of predictors 

Neural Networks Nonlinear 

“Universal” interpolator 

Complex blackbox-like 

Optimization required 
Selection of predictors 

Analogs 
 

Nonlinear 

Spatial consistency 

Algorithmic. No model. 

Difficult to interpret 

Weather Typing 
(k-means, SOM, etc.) 

Nonlinear 

Easy to interpret 
Spatial consistency 

Loss of variance 

Problem with borders 

•  Transfer-Function Approaches 
•  Algorithmic Methods 

•  Weather Generators 

Técnicas 
Estadísticas de 

Downscaling 
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Geographical domains 

Robust SD-methods for temperature in Spain 9

Table 3 Tested predictor combinations, ranked by decreasing complexity; for each combi-
nation, the combinations marked by * have been tested with both the static and dynamic
temporal setup.

Code Predictor variables

P1* SLPd, T850, Q850, U500, V500
P2* SLPd, T850, Q850, Z500
P3* SLPd, T850, Q850
P4* SLPd, T850
P5 SLPd, T2d
P6* T850
P7 T2d
P8 Tmax
P9 Tmin

(not shown). Note that in the latter case, results cannot be further improved
by using the 12 UTC predictor values (not shown).

Figure 7 shows the results for the calibration of the Tmax (columns 1 and
2) and the Tmin (third and fourth column). Along rows one to three, 1) the
Pearson Correlation Coe�cients, 2) the KS-pValues, 3) the biases and 4) the p-
values for testing robustness are shown for whole test period (i.e. no seasonal
separation). In the fifth row, the standard deviations of the monthly biases
are displayed for estimating the season-dependency of the results. In each
matrix, the results for all possible combinations of domains (along columns)
and predictor combinations (along rows) are shown. For reasons of simplicity,
we only take into account the dynamic temporal setup for the Tmax and the
static for the Tmin, respectively.

As shown by the figure, the results are generally better for the Tmax than
for the Tmin and are more sensitive to the predictor choice than to the domain
size. For both Tmax and Tmin, information on the near-surface temperature
(in terms of T2 and Tmax/Tmin) generally yields the best validation results.
Correlation coe�cients and KS-pValues are highest, while the bias and its
associated seasonal fluctuation are negligible. Moreover, the bias is stationary
for anomalously cold/warm years.

Predictive power generally decreases if information on the near-surface
temperature are excluded from the predictor field. In this case, a combination
of SLP and T850 is optimal for the Tmax while combining SLP, T850 and
Q850 works best for the Tmin. However, including Q850 to the predictor field
leads to a loss of robustness (in terms of the bias) for cold/warm years in any
case.

Small domains generally perform better than larger ones, the largest do-
main covering the whole European-North Atlantic sector being worse in any
case. Note that the bias of the analog method (M1a) is especially sensitive
to the predictor and domain choice. Varying the predictor combination for a
given domain or vice-versa changing the domain while keeping the predictor
combination constant, may lead to considerable modifications in the magni-
tude and even sign of the bias (see third row in Figure ??). In terms of the bias,

Predictors 

Downscaling Methods 
A k-fold cross-
validation (5-fold) 
approach has been 
applied using the 
1961-200 period:  
5 independent test 
samples with 8 years 
each (32 for train). 

Cross-Validation 

Calibración y 
Validación en  
Perfect Prog. 
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Tmax / Tmin 
2T 
T850 
SLP+2T 
SLP+T850 
SLP+T850+Q850 
… +Z500 
… +U500+V500 
 
 

KS-test for 
distribution
similarity. 

Is the bias 
significantly 
different in 
the warm 
and normal 
periods? 
  

SLP+2T 
SLP+T850 The two first scores are standard (Bürger et al. 2012). 

Calibración y 
Validación en  
Perfect Prog. 
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  We calculate the mean difference, ƌ, between the 5 biases in ‘normal’ conditions, bk, (k 
= 1, … ,5), and the bias in the ‘warm’ period, bw 

 
      an apply a two sided t-test to the t statistic (Dietterich 1998). 
                                                                           

 
 

  ‘Warm p-value’: 

  Eight warmest years: 1995, 1989, 
1994, 1997, 1961, 1990, 1998, 2000. 

    Mean anomaly: 0.97 ºC (Tmax), 
0.75 ºC (Tmin)  surrogates of a 
possible moderate warming. 

H0: ƌ = 0 
p-value < α  H0 rejected at α*100 (%) significance level  
bias in ‘warm’ conditions is significantly different from bias in 

‘normal’ conditions  SD not robust to warmer climate 
conditions! 

Validación en  
Perfect Prog: 

No-Estacionariedad 
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  The inability shown by non robust methods to capture the warming signal in present 
climate is translated to the late 21st century when applied to ECHAM5 projections. 

Validación en  
Perfect Prog: 

No-Estacionariedad 
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Downscaling Method Predictor 
Variables 

Nearest neighbor (1 analogue)  T2m and SLP  

Linear regression with 30 PCs  T2m and SLP  

Linear regression with 15 PCs 
+ Nearest grid box  T2m and SLP  

S3 conditioned on 10 WTs  
(k-means for SLP) T2m 

Weather generator 
(Gaussian on 100 WTs ) T2m and SLP  

FIC: Two-steps: Analogs + 
regression 

Z and T at 
different 

levels 

Técnicas 
Estadísticas de 

Downscaling 

Downscaling Method Predictor 
Variables 

Nearest neighbor (1 analogue)  T+Q 850 
U,V 500 

GLMs with 30 PCs  T+Q 850 
U,V 500  

GLMs with 15 PCs + Nearest 
grid box  

T+Q 850 
U,V 500  

GLM conditioned on 10 WTs  
(k-means for SLP) 

T+Q 850 
U,V 500 

Weather generator 
(Gamma/Binom. on 100 WTs ) 

T+Q 850 
U,V 500  

FIC: Analogs Z and T 
levels 

UIB: Análogos + weather 
types 

Z and Q 
levels 

 

Temperature (minimum and maximum) Precipitation 
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Plumas (A1B): 
Temperatura Max. 
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Mapas (A1B): 
Cambio Tmax. 

2041-2070 w.r.t. ctr 
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Mapas: Cambios 
Temperatura máx. 

y min. (A1B) 
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ENSEMBLES 

esTcena 

Los modelos dinámicos tienen un 
sesgo/bias superior al de los 
estadísticos, lo que se traduce 
en mayor variabilidad. 
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ENSEMBLES 

esTcena 
Los GCMs aportan la mayor 
incertidumbre (frente a los 
métodos de regionalización). 
Para Tmax se observa un efecto 
de continentalidad, con mayores 
incrementos en el interior. 
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Existe mayor variabilidad que en 
el caso de las temperaturas. 
Ahora ya no está claro que la 
mayor componente esté 
asociada al GCM. 
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•  Descripción de Escenarios-PNACC 2012 
•  Antecedentes 
•  ENSEMBLES, ESCENA, esTcena, y AEMET 

•  esTcena: Regionalización estadística 
•  Datos utilizados: ERA40 + IPCC-AR4 + Spain02 
•  Técnicas de downscaling estadístico 
•  Problemas metodológicos (perfect prog.) 
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Downscaling 
(“calibración”) de 

RCMs 

El MOS mejora la fiabilildad 
cuando el RCM tiene un 
mínimo de skill día – día. 

Testing MOS precipitation downscaling for ENSEMBLES regional
climate models over Spain
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[1] Model Output Statistics (MOS) has been recently proposed as an alternative to the
standard perfect prognosis statistical downscaling approach for Regional Climate Model
(RCM) outputs. In this case, the model output for the variable of interest (e.g. precipitation)
is directly downscaled using observations. In this paper we test the performance of a
MOS implementation of the popular analog methodology (referred to as MOS analog)
applied to downscale daily precipitation outputs over Spain. To this aim, we consider the
state‐of‐the‐art ERA40‐driven RCMs provided by the EU‐funded ENSEMBLES project
and the Spain02 gridded observations data set, using the common period 1961–2000.
The MOS analog method improves the representation of the mean regimes, the annual
cycle, the frequency and the extremes of precipitation for all RCMs, regardless of the
region and the model reliability (including relatively low‐performing models), while
preserving the daily accuracy. The good performance of the method in this complex
climatic region suggests its potential transferability to other regions. Furthermore, in order
to test the robustness of the method in changing climate conditions, a cross‐validation in
driest or wettest years was performed. The method improves the RCM results in both
cases, especially in the former.

Citation: Turco, M., P. Quintana‐Seguí, M. C. Llasat, S. Herrera, and J. M. Gutiérrez (2011), Testing MOS precipitation
downscaling for ENSEMBLES regional climate models over Spain, J. Geophys. Res., 116, D18109,
doi:10.1029/2011JD016166.

1. Introduction

[2] Global Climate Models (GCM) are tools of primary
importance to study and simulate the climate, and to obtain
future climate projections under different anthropogenic
forcing scenarios [Intergovernmental Panel on Climate
Change, 2007]. However, due to their coarse resolution —
generally few hundred kilometers—, they are not suitable
for regional studies [Cohen, 1990]. This is especially true
for Spain, a geographically complex and heterogeneous
region characterized by a great variability of precipitation
regimes [Serrano et al., 1999; Trigo and Palutikof, 2001].
Consequently, developing regional climate scenarios is a
key problem for climate change impact/adaptation studies
and has become a strategic topic in national and international
climate programs (see, e.g. the WCRP CORDEX initiative)
[Giorgi et al., 2009].
[3] Two different methodologies have been developed for

downscaling GCM simulations over a region of interest (e.g.
Europe). First, dynamical downscaling is based on high
resolution (e.g. 25 km) limited area models —also called

Regional Climate Models (RCMs)— which are coupled at
the boundaries to the GCM outputs [Giorgi and Mearns,
1991]. Secondly, statistical downscaling techniques [Wilby
et al., 2004; Benestad et al., 2008] are based on statistical
models, fitted to historical data to capture the empirical rela-
tionship between large‐scale GCM variables (the predictors,
e.g. 500mb geopotential) and local variables (the predictands,
e.g. precipitation at a given location); typically, these models
are first trained using reanalysis data—following the Perfect
Prognosis (PP) approach— and later applied to downscale
GCM scenario outputs.
[4] Traditionally, statistical downscaling has been used as

an alternative to dynamical downscaling, or vice‐versa. How-
ever, due to the increasing availability of reanalysis‐driven
RCM simulations —produced in projects like ENSEMBLES
[van der Linden and Mitchell, 2009],— some authors have
recently suggested the possibility of combining the advantages
of the two downscaling methodologies. The idea is applying
the statistical downscaling directly to the RCM outputs fol-
lowing the Model Output Statistics (MOS) approach [see
Maraun et al., 2010, and references therein]. In this case, the
predictor is directly the RCM output variable (i.e. the RCM
precipitation), which is empirically related to the observed
variable (local precipitation at a station or an interpolated grid
point) by the statistical downscaling algorithm. This alternative
approach can be seen as an advanced calibration method for
end‐users, allowing the local adaptation of RCM outputs using
the high‐resolution observations available in the area of
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Existe un conjunto de datos listo para analizar/utilizar y de libre 
acceso: http://www.meteo.unican.es/trac/estcena 

Conclusiones 

Las técnicas de regionalización estadística producen resultados 
comparables a las de regionalización dinámica.  

En los últimos años ha habido avances importantes (al menos 
parciales) de algunos de los problemas de la regionalización 
estadística de escenarios globales de cambio climático. 

En el proyecto esTcena se ha llevado a cabo una 
intercomparación de metodologías y técnicas sin precedentes 
hasta la fecha y se proporcionan las herramientas para la 
reproducción/generalización de resultados. 

El downscaling estadístico-dinámico permite “calibrar” las 
salidas de los modelos regionales (RCMs), como alternativa a 
otras técnicas más cuestionable de correción de sesgos. 




