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1. Introduction 
 
Nowadays both dynamical and statistical downscaling techniques are widely used to 
produce regional climate change scenarios under different forcing conditions provided 
by GCM projections (Leung et al. 2003). However, the problem of stationarity, or 
robustness, remains a concern with these methods, applying mainly to Statistical 
Downscaling (SD) techniques, but also to the parameterizations of the Regional 
Climate Models (RCMs). In this context, the problem of stationarity can be simply 
stated as assessing whether the statistical relationships derived from present climate 
conditions relating large-scale GCM fields and local observations are still valid under 
future climate conditions. Although there are some positive preliminary results 
obtained comparing the SD projections against GCM surface outputs (Timbal et al. 
2008), or testing the consistency of SD techniques in the surrogate climates of GCMs 
(Frias et al., 2006), the problem of stationarity is still an open issue to be solved. 
 
In this deliverable we analyze the problem of stationarity considering two different 
approaches to test the robustness of SD methods in changing and future climate 
conditions, respectively: 

• First, we consider "cold" and "warm" present climate periods to train and test 
the SD methods, respectively. This approach provides an estimation of the 
robustness of SD methods to generalize their results in changing climate 
conditions. 

• Then, we consider as pseudo-observations the surface outputs (temperature 
and precipitation) given by RCMs coupled to present and future GCM 
simulations. This approach provides an estimation of the robustness of SD 
methods in future climate conditions. 

 

 
Figure 1. Area of study and grid used to define the predictors or the SD methods. 

 
The geographical area of interest in this work is the northern part of the Iberian 
Peninsula (see Fig. 1), which is a homogeneous region for SD methods (see Gutiérrez 
et al. 2004). On the one hand, we considered large-scale circulation predictors 
provided both by a historical reanalysis database (ERA40, 1960-2000) and the 
ECHAM5-MPI model run3 for present climate conditions (period 1960-2000) and 
future A1B scenario (2011-2040 and 2041-2070 periods). The predictor fields were 
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defined on the grid shown in Fig. 1, including geopotential (Z), temperature (T), U 
and V wind components and humidity (R) at 1000, 850 and 500 mb pressure levels at 
OO UTC. 
 
On the other hand, we considered observations from a 50 km observations 
interpolated grid over Spain (Herrera et al. 2009) and pseudo-observations provided 
by the RCM KNMI-RACMO2 model, coupled to ERA40 and ECHAM5 20cm3 
scenario in present climate, and to ECHAM5 A1B scenario for future climate. In this 
work we analize both mean temperature (obtained as the mean of minimum and 
maximum values, for the observed records, and directly from the 'Tg' variable, for the 
RCM data) and precipitation. 
 
Over this region we considered different SD methods implemented in the 
ENSEMBLES Statistical Downscaling Portal, as described in San-Martín et. al (2009) 
(available from www.meteo.unican.es/ensembles), which are representative of the 
main SD methodologies used in the literature: 

1. (M1) An algorithmic analog-based technique: In this case we considered 15 
analog historical dates (using Euclidean distance between the patterns shown 
in Fig. 1) for each of the patterns to be downscaled, and obtained a local value 
in terms of the weighted (inverse distance) mean of the corresponding 
historical observed values. 

2. (M2) A generative (transfer-function) method based on regression: In this 
case, we considered the first 10 PCs of the field shown in Fig. 1 as predictors 
and trained a linear regression model for each observation point. 

3. (M3) A mixed approach based on regression conditioned to weather types. In 
this case we first obtained a partitioning of the reanalysis into 15 different 
groups, or weather types (using the k-means algorithm) and, then, a linear 
regression was fitted locally (for each weather type) for each of the 
observation points. 

 
Note that M1 does not have extrapolation capabilities, whereas M2 and M3 allow for 
global or local extrapolation, respectively. As we will see later, this property becomes 
critical when projecting future climate change scenarios. 
 

2. Changing Climate: Cold/Warm Periods 
 
In order to test the generalization capabilities of the SD method for changing climate 
conditions, we first conducted an experiment using "cold" and "warm" present climate 
periods (see Fig. 2c) to train and test the SD methods, respectively. In particular we 
consider the analog-based method (M1) and analyze its ability to generalize the 
statistical relationships established in the "cold" period in order to reproduce the 
observations of the "warm" one (the results for the other two methods, M1 and M3, 
are very similar and lead to the same conclusions: therefore, they are not shown in this 
paper).  
 
In order to consider extreme conditions for this experiment, we show the results only 
for the case of mean temperature for the summer season (JJA), where annual 
maximum temperatures occur (e.g. summer temperatures in the last decade have no 
similar counterpart in any season of a previous period). This will provide us with an 
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estimation of the robustness of the SD technique to generalize changing climate 
conditions (e.g., near future projections). The climatology and variability of the 
monthly means for summer (JJA) over the region of interest are shown in Fig. 2. 
 

 
Figure 2. (a) Mean and (b) standard deviation of the monthly summer observed temperature 

for the period 1960-2000. (c). Summer mean temperatures over the north Iberian region, 
showing the cold (1970-80) and warm (1990-2000) periods used in this work. 

 
We applied the analog method in cross-validation mode considering two different 
training periods: The whole period 1960-2000, the cold 1970-80 period and the warm 
1990-2000 period, using the same validation period for all of them (1960-2000). An 
advantage of the analog methodology is that it easily allows for cross validation, so 
we considered a one-year exclusion window around each day to look for analogs.  
The mean explained variance (computed as 1-Var(err)/Var(obs), in % units) obtained 
for the monthly summer temperatures were 89.02%, 82.99%, and 85.34%, for the 
complete, warm and cold traning periods, respectively (for the case of daily summer 
values, the corresponding explained variance values are 79.93%, 74.81%, and 
76.16%, respectively). Note that, in both cases, similar results are obtained 
considering the whole period of training data, or just the cold or warm years, 
indicating a good generalization capability of the method for changing climates (only 
a 5% explained variance reduction is obtained when considering the small training 
samples). For instance, Fig. 3 shows the percentage of explained variance (monthly 
observed temperatures) for the complete and cold training data. 

 

 
 

Figure 3. Explained variance corresponding to the cross-validation results using (a) the 1960-
2000 and (b) the cold (1970-1980) training periods from ERA40. 
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We also considered the cold period as the training one, validating the results only in 
the warm one, obtaining similar results.  Moreover, we have seen that the results can 
be reproduced using pseudo-observations from RCM ERA40 coupled simulations.  
 
As a summary, the analog-based SD technique seems to be robust to downscale 
temperature values in changing climate conditions. 
 
A similar study was also performed for the case of precipitation (see Figs. 4 and 5). 
We obtained similar results to the case of temperature, but with a smaller amount of 
explained variance. Thus, the downscaling also seems to be robust in the case of 
precipitation for changing climate conditions. 
 

 
Figure 4. (a) Mean and (b) standard deviation of the monthly summer observed precipitation 

in the period 1960-2000.  
 

 
Figure 5. As Fig. 3, but for monthly precipitation. 

 

3. Future Climate Conditions: A1B Scenario from ECHAM5 
 
In this section, we apply the SD technique considering the fields of the MPI-
ECHAM5 model (A1B scenario from 1960-2100) as predictors and the corresponding 
surface temperature and precipitation fields of the KNMI-RACMO2 model as 
predictands. In contrast to the previous ERA40 driven study, where the fields for a 
particular day have the corresponding observed values in the real world, in this new 
situation the RACMO regional model outputs can be used as pseudo-observations, 
since this model ran in a European domain using the ECHAM5 fields as boundary 
conditions. One can argue that the daily (or montlhy) relationship between reanalysis 
and observations is stronger than the relationship between the GCM and RCM run in 
climate mode, since the RCMs are constrained only by the boundary, not controlled 
within the domain. Therefore, larger deviations between the GCM and pseudo-
observed worlds may occur, but some degree of similarity is expected (see Groll et al, 
2005 for further discussion on this topic). Therefore, we analyze the robustness of SD 
techniques to extrapolate the future climate change regional values from the statistical 
model fitted using the control period (present climate). 
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Figure 6 shows results for the summer monthly climatologies and variability of 
temperature and precipitation as simulated by the RACMO model; a comparison with 
Figures 2 and 4 shows that the model reproduces appropriately the mean precipitation 
and variability amounts, although the spatial patterns have some dissimilarity in the 
North coast, whereas it accurately reproduces the temperature mean pattern with a 
small underestimation of the variability. Therefore, in the rest of the report we use 
these values as pseudo-observations to perform the analysis. 
 

 
Figure 6.  (a) Mean and (b) standard deviation of the monthly summer observed temperature 

simulated by the RACMO model using ECHAM5r3 boundary conditions for 20c3m scenario. 
(c)-(d) correspond to the case of precipitation (see Figs. 2 and 4 for a comparison with 

observations).  
 
Figure 7 shows the results obtained when applying the three SD algorithms described 
above (M1, M2 and M3) considering the ECHAM5 forcing A1B scenario and the 
corresponding coupled KNMI-RACMO2 pseudo-observations, using the period 1960-
2000 as training and the periods 2011-2040 (first column) and 2041-2070 (second 
column) as validation periods. This figure shows that the performance of the analog-
based SD method M1 goes down from 87.8% to 82.6% and to 69.2%. Therefore, it 
seems that the SD method is robust for near-future climate conditions, but starts to 
loss the ability to capture the relationships between the GCM and RCM for the second 
half of the century. However, the SD methods M2 and M3 (both with extrapolation 
capabilities) seem to be able to extrapolate the pseudo-observation values for future 
climate conditions in a robust way (see also Table 1). 
 
We repeated the same experiment considering different seasons of the year (winter, 
fall and spring, yearly results) and considering both precipitation and temperature. 
The results obtained are shown in Table 1; those results with a relative loss of RMSE 
around 50% are marked with orange color, whereas those with a relative loss of 100% 
are marked in red (note that although there is a large loss of explained variance for 
winter temperature, the RMSE loss remains within the established threshold). Thus it 
seems that only the downscaling methods with no extrapolation capabilities lead to 
unrobust results for temperature in some particular seasons. 
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Figure 7. Explained variance for the RACMO summer temperature pseudo-observations using as 

predictor the ECHAM5 A1B scenario periods 2011-2040 (left), 2041-2070 (center) and 2071-2100 
(right). The results for different downscaling methods (M1, M2 and M3) are shown in different rows.  

 
   M1. Analogs M2. Regression M3. Reg. WT 
  Period RMSE ExpVar RMSE ExpVar RMSE ExpVar 

2011-2040 1,234 67,472% 0,844 69,675% 0,613 85,706% 
2041-2070 1,251 63,808% 1,090 62,515% 0,743 82,172% 

Te
m

p 

2071-2100 1,381 59,026% 1,178 60,758% 0,880 75,890% 
2011-2040 0,942 78,922% 0,923 78,292% 0,842 83,427% 
2041-2070 1,149 83,169% 1,087 81,267% 0,970 86,059% W

in
te

r 

Pr
ec

ip
 

2071-2100 0,956 83,709% 0,903 80,433% 0,852 83,299% 
2011-2040 0,965 87,794% 0,837 89,913% 0,626 93,074% 
2041-2070 1,404 82,620% 0,944 88,577% 0,790 91,089% 

Te
m

p 

2071-2100 2,303 69,279% 1,148 86,338% 0,966 89,607% 
2011-2040 0,454 38,182% 0,6168 36,719% 0,521 45,247% 
2041-2070 0,475 31,136% 0,5325 45,438% 0,4395 51,258% Su

m
m

er
 

Pr
ec

ip
 

2071-2100 0,451 10,538% 0,5455 22,236% 0,4335 29,525% 
2011-2040 0,680 95,619% 0,703 96,639% 0,592 97,441% 
2041-2070 0,698 95,899% 0,626 97,409% 0,579 97,461% 

Te
m

p 

2071-2100 0,864 96,000% 0,702 97,079% 0,649 97,476% 
2011-2040 0,787 85,478% 0,907 82,790% 0,857 86,181% 
2041-2070 0,753 83,999% 0,873 82,688% 0,807 85,834% Sp

rin
g 

Pr
ec

ip
 

2071-2100 0,694 84,862% 0,843 83,588% 0,784 87,451% 
2011-2040 1,247 96,435% 0,997 96,394% 0,736 98,291% 
2041-2070 1,457 95,488% 0,990 97,251% 0,919 98,214% 

Te
m

p 

2071-2100 1,850 90,798% 1,184 96,004% 1,255 97,935% 
2011-2040 1,018 75,026% 0,960 75,163% 0,892 78,121% 
2041-2070 1,027 77,485% 0,919 77,798% 0,839 81,850% A

ut
um

n 

Pr
ec

ip
 

2071-2100 1,153 73,605% 0,988 74,154% 0,965 75,200% 
1961-2000 0,998 96,957% 0,796 97,861% 1,488 94,106% 
2011-2040 1,069 97,023% 0,858 97,922% 0,648 98,890% 
2041-2070 1,257 96,099% 0,942 97,840% 0,776 98,712% Te

m
p 

2071-2100 1,708 93,595% 1,105 97,638% 0,984 98,636% 
1961-2000 0,874 85,380% 0,879 85,600% 0,751 86,105% 
2011-2040 0,845 85,502% 0,870 84,612% 0,799 87,463% 
2041-2070 0,910 86,276% 0,887 86,388% 0,799 89,210% 

A
nn

ua
l 

Pr
ec

ip
 

2071-2100 0,870 85,219% 0,847 85,191% 0,795 86,768% 
Table 1. Root Mean Squared Error (RMSE) and Explained variance (%) for three different 

downscaling methods (M1, M2, and M3) applied to the RACMO temperature (Temp) and precipitation 
(Precip) pseudo-observations using as predictor the ECHAM5 A1B scenario for different seasons and 
time-slices (the 1961-2000 timeslice for the annual results corresponds to the 20cm3 control scenario). 
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Finally, we want to remark that the results presented in this deliverable have been 
obtained over a single region (northern Iberia peninsula). A more detailed analysis, 
including more regions and downscaling methods is necessary in order to make some 
more general conclusions. 
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