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Abstract. This study presents a statistical downscaling model based on canonical
correlation analysis (CCA) to estimate future changes in a cold stress index at 61
stations in Romania. The model is calibrated over the 1961-1990 interval and
validated over the independent data set 1991-2010. It was found that even if the
temperature at 850 hPa is a very good predictor, the combination with sea level
pressure (representing the dynamic factor-surface circulation) gives more plausible
physical explanation to the characteristics of the cold index spatial variability. The
model performance over the independent data set is very high showing a strong
connection between predictor and predictand. Future changes in the selected cold
stress index over two time horizons (2021-2050, 2071-2100) are estimated by
applying the statistical downscaling model to predictors derived from the
simulations of four ENSEMBLES GCMs. It was concluded that more plausible
results are obtained when the predictors are simulated by the CNCM33-run1 GCM
used as driver in the statistical downscaling model. This conclusion is based on the
good skill of this model in reproducing the mean state of the large-scale predictors
used as inputs in statistical downscaling model.
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1. INTRODUCTION
Changes in various atmospheric patterns inducing changes in the intensity
and frequency of extreme meteorological phenomena are usually justified
by global climate change. The impact of this phenomena is observed in
many places over the world and it is shown that the effects of
meteorological extremes on environment and society is very strong.
Observational studies over the last century highlighted the global warming
enhancing due to natural factors as well as anthropogenic ones (e.g.
Alexander et al., 2006; IPCC, 2007; Busuioc et al, 2010; Orlowsky and
Seneviratne, 2011; Donat et al., 2013). However, the greenhouse increase in
the atmosphere represents one of the main reasons of the pronounced
warming of climate over the half of last century. The global warming leads
to changes in the characteristics of climate extremes over some areas such
as: more frequent heat waves, more intense/frequent droughts and even
heavy rains triggering to floods (IPCC, 2007). Changes in duration and
frequency of climate extremes have been presented in many papers and a
comprehensive synthesis on this issue is presented in the last IPCC report
(IPCC, 2013) but some regional details are missing. Pronounced regional
features associated with the variability of climate extremes could be noted.
The great interest related to this issue is justified by the significant
damages caused by these events in various regions. For example, in Europe,
the heat wave duration is doubled since 1880 to present time (Della Marta et
al., 2007). It was found that the heat wave duration in the last decades is
three days in average and the longest periods are extended to 13 days,
compared to a mead duration of about 1,5 days in 1880. More heat waves
with severe impact on society and environment were recorded in last decade
such as: in Europe year 2003 (Beniston, 2004; Chase et al., 2006), in Rusia
year 2010 (Dole et al., 2011; Trenberth and Fasullo, 2012) and in USA
years 2011/2012 (Hoerling et al., 2012). In contrast, the cold extremes
become less frequent after 1950 (Alexander et al., 2006; Orlowsky and
Seneviratne, 2011; Donat et al., 2013).
Generally, most studies related to thermal extremes have considered
several indices based on maximum, minimum or daily temperatures
(frequency, duration, intensity and heat waves). Other more complex indices
quantifying the direct discomfort felt by the human body, such as the heat
index based on air temperature and relative humidity (temperature−
humidity index: THI) and cold index based on air temperature and wind
speed, usually called thermal stress indices, have thus far been less analysed
in terms of their past and future changes. As an example, Dobrinescu et al.
(2015) presented observed changes in thermal stress indices (heat and cold
indices) in Romania over the period 1961-2010 and their connection with
large-scale mechanisms. It was found a strong relationship between the
regional/local variability of these indices and the large-scale anomalies of
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some climate variables, suggesting the posibility to develop a statistical
downscaling to make a plausible projections of their future changes on high
resolution spatial scale. Such a model is presented in this study reffering to a
cold stress index. More details are presented in section 2.2. Various thermal
stress indices have so far been defined (e.g., Spagnolo & De Dear, 2003;
Osczevski & Bluestein, 2005; Dikmen & Hansen, 2009; Sherwood &
Huber, 2010; Nastos & Matzarakis, 2012; Mohan et al., 2014). The main
climate parameters involved in their definition are air temperature, relative
humidity and wind speed.
Considering all aspects related to the observational evidence of the
global warming enhancing, leading to changes in the characteristics of
climate extremes (intensity, frequency, duration), and associated impact on
various socio-economic sectors, it is very important to estimate possible
fututure changes in the characteristics of climate extremes. These
information could be used in long term planning to mitigate the climate
change impact and to elaborate the adaptation measures. The global climate
models (GCMs) are plausible tools in simulation of global climate system
characteristics and to project the climate system response to influence of the
external factors (natural or anthropogen). However, the GCMs are not
capable to reproduce the regional climate characteristics. To obtain
information on high-resolution spatial scale (under the GCM grid spatial
scale), two downscaling techniques have been developed, summarised by
Christensen et al. (2007): dynamical downscaling given by the regional
climate models (RCMs) and statistical downscaling models (SDMs) based
on a statistical relationship between regional /local scale climate variables
(predictands) and large-scale climate variables (predictors). In both cases
the quality of the downscaled quantity is dependent on the GCM
performance in simulating the large-scale predictors used as inputs in
SDMs. We have to note also that both downscaling techniques exhibit
advantages and disadvantages as it was shown by Christensen et al. (2007).
For an established area, the combination of the two downscaling techniques
is sugested.
The SDMs can be grouped into two basic models: linear and nonlinear. Linear models refer to simple/multiple regressions (Johansson and
Chen, 2003; Huth, 2005), models based on canonical correlation analysis
(CCA) (von Storch et al.,1993; Busuioc et al., 2001, 2006, 2008; Huth,
2005; Xoplaky et al., 2004) or singular-value decompo-sitions (e.g. Huth,
2002; Widmann et al., 2003). Non-linear models employ the weather
classification/analogue method (Zorita and von Storch, 1999; Palutikof et
al., 2002), neural networks/self-organizing maps (e.g. Trigo and Palutikof,
2001; Cavazos et al., 2002; Hewitson and Crane, 2002) and weather
generators/stochastic models (e.g. Huth et al., 2001; Palutikof et al., 2002;
Busuioc and von Storch, 2003; Katz et al., 2003; Wilby et al., 2003;
Buishand et al., 2004).
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In this study a SDM based on CCA (Busuioc et al., 1999, 2006, 2008) is
used to estimate future changes in a cold stress index at 61 stations in
Romania. Previous studies regarding future statistical downscaled climate
changes in Romania were focused mainly on seasonal precipitation and
seasonal mean temperature (Busuioc et al., 1999, 2006, Busuioc et al., 2010)
using SDMs based on CCA as well as on some precipitation extreme indices
using a conditional stochastic model (Busuioc and von Storch, 2003 ;
Busuioc et al., 2010). This is the first study quantifying future changes in a
more complex index quantifying the discomfort felt by the human body.
More details are presented in section 2.2 and the results summarised in
section 3. The conclusion are presented in section 5.

2. DATA AND METHODS
2.1. Data
Using daily data of air temperature and wind speed recorded at all weather
stations in Romania, with complete data records over the period 1962−2010,
the cold-related index (abreviated as CI) was computed for winter at 61
meteorological stations. The observational data set was available from the
National Meteorological Administration (NMA) through the CLIMHYDEX
project (www.climhydex.meteoromania.ro). The names and locations of the
stations used in this study are presented in Figure 1. The winter CI averages
were then computed and their time series were further used to develop the
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CCA SDM. The CI index represents a measure of temperature felt by the
human for a given air temperature and wind speed. The relationship used to
calculate the daily CI values is given by :
(1)
where TA represents the air temperature and ff-wind speed. This
re;lationship is used by the NMA in daily operational activity.
The large-scale predictor data (air temperature at 850 hPa: T850; sea
level pressure: SLP) were downloaded from the NCEP / NCAR database
(Kalnay et al. 1996) for the same period as local thermal index
(1961−2010), in a spatial grid of 2,5° × 2,5°.

CI = 1.34 * TA − 1.59 * ff + 2.29

2.2. Methods
The SDM used in this study is based on CCA method (von Storch et
al.,1993; Busuioc et al., 1999, 2001, 2006, 2008). CCA selects pairs of
spatial patterns of two space-time-dependent variables (the large-scale
predictors and regional-scale predictands) so that their time components are
optimally correlated. The predictors refer to T850 and SLP data. Prior to the
CCA, the original data are transformed in anomalies and then projected into
their EOFs to eliminate noise (small-scale features) and to reduce the
dimension of data set. For the downscaling purpose, a subset of CCA pairs
are then used in a multivariate linear model (downscaling model) to estimate
the local parameter (CI index in this case) from the large-scale predictors.
The SDM was built separately for each predictor field as well as for a
combinations of them. The anomalies used in combined predictors were
standardized through dividing by their standard deviation. In this case, the
EOF analysis is applied to the vector containing the combination of
standardized predictor anomalies. The optimum SDM for CI index is
selected so that the skill of the model, expressed as correlation coefficient
between observed and reconstructed values for the independent data set,
should be maximum. An alternative measure of the skill is the variance
explained by the reconstructed values as a fraction from total variance of
observed values. The model’s skill is strongly dependent on the number of
EOFs used in CCA and the number of CCA pairs used in SDM. An
optimum SDM was selected from a hierarchy of SDMs considering various
combinations of numbers of EOFs and CCA patterns for each predictor data
set, following the technique presented by Busuioc et al. (1999, 2001, 2008).
The model calibrated on observation (1971-2000) is then applied to future
changes of predictors simulated by GCMs available from the ENSEMBLES
project (http://ensembles-eu.metoffice.com). Two future periods are
considered: 2021-2050 and 2071-2100. The following ENSEMBLES GCMs
have been selected: CNRM (run1, run2) and MPEH5 (run1, run3). In this
paper, the standardised anomalies of predictors for the two periods are
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calculated by dividing their anomalies over these periods (deviation against
their long term mean over current climate represented by the period 19712000) by their standard deviation over the future periods.
This study is a continuation of a previous one that established the
connection between CI index computed at 61 stations and large-scale
predictors represented by the T850 and SLP (taken separately or in
combination) using the CCA method (Dobrinescu et al., 2015). It was found
that the relatioship between predictanand and predictors is very strong,
explaining an important fraction from the observed predictand variance.
This result shows that one of the most important condition needed to built a
reliable SDM is fulfilled, namely a strong connection between predictor and
predictand. The real SDM skill will be computed over the independent data
set 1991-2010 with the model fitted over the period 1961-1990. Other
additional conditions are also necessary to have a reliable SDM: predictors
should be well simulated by the GCMs and the established downscaling
relationship between predictors and predictands should be also valid in the
future. The last condition is difficult to be verified, even if some techniques
have been proposed as those presented by Busuioc et al. (1999). Usually, in
the statistical downscaling techniques, this condition is assumed to be valid
in the future as it is the case in this paper. The GCM capability to fairly
reproduce the large-scale predictor variability is usually demonstrated by
checking their performance in simulation the long term mean and variance
of the predictors over the current climate (e.g. Busuioc et al., 1999, 2001,
2006). Other more sophisticated methods are also known such as:
verification of the main predictor variability modes (given by the first two
EOF patterns) as well as the validity of connection between predictand and
predictors over current climate given by the first two CCA pairs (e.g.
Busuioc et al., 1999, 2001, 2006). In this paper, the capability of the
selected GCMs in simulating the long term mean and standard deviation of
predictors will be used.
3. RESULTS
3.1. Developing of statistical downscaling model
As discussed in Section 2.2, the SDM performance depends on the number
of EOFs/CCAs selected to build the model. In a previous paper (Busuioc et
al., 1999), the combination of EOFs and CCAs was selected so as to
maximize the correlation coefficient between the spatial averages of
observed and reconstructed anomalies.
As presented above, according to the results obtained through the
CCA technique presented by Dobrinescu et al. (2015), it was found a strong
link between the winter CI anomalies in Romania and large-scale T850
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anomalies, while the combination between the standardised T850 and SLP
anomalies does not very much enhancing this link but gives a better spatial
coherence to distribution of magnitude of the CI anomalies. From these
reasons, the SDM was developed using as large-scale predictors the winter
T850 alone as well as the combination between SLP and T850. The
complete interval 1961-2010 was divided into two subintervals: 1961-1990
(used for the SDM calibration) and 1991-2010 (used for the SDM
validation). Table 1 shows the results of the SDM performance: numbers of
EOFs/CCAs, explained variance of the estimated values and correlation
coefficient between estimated and real values. These values are computed
over the validation interval (1991-2010) with the model fitted over the
calibration interval (1961-1990).Various combinations of EOFs/CCAs are
presented to highlight the variation of model skill, optimum model with the
highest explained variance being selected. These combinations are presented
only for T850 as predictor alone, while for the combined predictors (SLP
and T850) the optimum EOFs/CCAs combination is presented. We can see
that when the T850 alone is used as predictor, the highest skill (65%
explained variance and 0,82 correlation coefficient) is obtained by selection
of 2 EOFs for T850 and 4EOFs for CI index in CCA and then using only the
first CCA pair (further abbreviated as combination 2+4,1) to build the SDM.
This result shows that the first CCA pair of connection between CI index
and T850 captures the highest part of the explained variance. Similar results
are obtained when (3+5,2) combination is used (first line in Table 1).
When the combined T850+SLP predictor is used, the highest SDM
skill is obtained for (4+4,3) combination (the last row in Table 1), which is
very similar to the optimum skill presented for the T850 predictor.
Table 1. Explained variance (var) of the reconstructed CI anomalies through the SDM
from the total observed variance (%) and correlation coefficient (r) between observed and
reconstructed CI anomalies, spatial average over the entire country over the validation
interval (1991-2010); number of EOFs used in CCA and CCAs used in SDM are alost
presented.
Predictors

CI

tt850(25)

SLP+tt850
(optimum model)

No EOFs
No CCAs

var

r

Predictor

Indices

3

5

2

64

0.81

2

2

2

55

0.71

3

4

3

63

0.78

3

3

3

62

0.79

2

4

1

65

0.82

4

4

3

63

0.81
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From physical reasons, this predictor combination is used for the
selected optimum SDM skill and this model will be further used to project
future CI changes presented in the following section. Figure 2 shows the
spatial distribution of the model skill (explained variance as well as
correlation coefficient). The model skill is very high with explained
variance between 65% and 82%, while the correlation coefficient exceeds
0,81 over almost the entire country. The highest skill is noted over the
southwestern, northern and southeastern areas. Figure 3 shows, as an
example, the comparison between observed and reconstructed anomalies
(through SDM) of the CI index for two stations (Dragașani and Pitești) over
the validation interval. A very good temporal coherence of the two curves is
noted, the year to year variation as well as the magnitude of the anomalies
being very well captured by the model.
Explaind variance (%)

Correlation coefficient

Figure 2. Performance of the statistical model (SDM) in reproducing
the CI variability, expressed by explained variance (left) and correlation
coefficient (right); these values are computed over the independent data set
1991-2010 with the model fitted over the interval 1961-1990.

Figure 3 . Observed and estimated CI anomalies for two stations with high
SDM skill.
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3.2. Future changes of cold thermal stress CI index
The statistical model presented above, calibrated over the observed interval
1971-2000, has been applied to the predictors simulated by two versions of
two ENSEMBLES GCMs: CNCM33 (run1, run2) and MPEH5 (run1, run3).
Two future time horizons were selected: 2021-2050 and 2071-2100. The
changes are computed against the current period 1971-2000. To compute the
standardized predictors, the deviation of their long term averages over the
two future periods against the current period 1971-2000 is divided by their
standard deviation derived over the two future periods.
The results related to CI changes based on the CNCM33 predictors are
presented in Figure 4 and those based on MPEH5 predictors are presented in
Figure 5. For the 2021-2050 time horizon, under the A1B scenario, a slight
CI increase between 0,6 and 1,5 unities is expected, with highest values
over the northern and eastern- southeastern regions. The lowest increase is
expected over the southwestern areas. In case of the MPEH5 predictors,
lower changes are expected: 0,4-0,9 unities for run1 and 0,2-1,4 for run3.
This result is explained by lower changes in T850 derived from the MPEH5
simulations (not shown). However, the spatial distribution of change is
similar with those based on the CNCM33 predictors showing that the
physical mechanism controlling this change is similar.

CNCM-run1-CI-2021-2050

CNCM-run1-CI-2071-2100

CNCM-run2-CI-2021-2050

CNCM-run2-CI-2071-2100

Figure 4. CI changes over two time horizons (2021-2050, 2071-2100) derived through
statistical downscaling model applied to predictors simulated by the CNRM33 (run1, run2).
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For the 2071-2100 time horizon, the SDM projections based on the
CNCM33 predictors show changes smaller for those based on CNCM33run2 predictors (0,8-1,9 unities) compared to those based on CNCM33run1 predictors (2,3-3,6 unities). The spatial distribution of the climate
signal is similar to those obtained for the 2021-2050 time horizon for both
model versions. In case of the SDM projection based on the MPEH5
predictors, the CI changes are much higher (2,6-5,8 unities for MPEH5-r3
predictors and 3,8-8,7 for MPEH5-r1 predictors). This result can be
explained by much higher changes in T850 over 2071-2100 period (against
1971-2000) resulted from the MPEH5 simulations compared to those
resulted from the CNCM33 simulations (not shown).

MPI-r1-2021-2015

MPI-r1-2071-2100

MPI-r3-2021-2015

MPI-r3-2071-2100

Figure 5. Same as in Figure 4 but for predictors simulated by the MPEH5 (run, run3) GCM.

The results presented above highlight an uncertainty regarding the
future projections of the CI changes in Romania. To estimate what
projections are more plausible, the capability of the four GCMs in
simulating the predictors (used as input in the SDM) over the current
climate is evaluated.
Considering the results presented in section 3.1, the best predictor is
given by T850. Therefore, the GCM skill in reproducing the T850 long term
mean in winter was analysed. For this objective, the comparison between
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the T850 winter long term mean derived from the reanalysis and from
GCMs was carried out. It was found that the CNCM33-run1 shows the
highest skill. Figure 6 shows the differences between the T850 winter long
term mean derived from the reanalysis and from CNCM33-run1 and
MPEH5-run1, respectively. We can see that the MPEH5-run1 overestimate
the T850 long term mean. Even if this conclusion is not a proof that the
CNCM33-run1 GCM will reproduce fair well the T850 in the future as well,
we could assert that this result give more confidence in the SDM
estimations based on the CNCM33-run predictors.

Figure 6. Differences between winter long term mean (1971-2000) computed from two
ENSEMBLES GCMs (CNCM33-run1 and MPEH5-run1) and observations (reanalysis).

4. CONCLUSIONS
A statistical downscaling model (SDM) based on CCA technique used to
estimate future changes in cold thermal stress index (CI) in Romania is
presented in this paper. The main conclusions can be summarized as
follows.
(1) The best large-scale predictor to estimate the CI index at 61 stations in
Romania is T850 (representing the thermodynamic factor controlling the
regional CI variability) but the combination with SLP (representing the
dynamic factor-surface circulation) gives more physical coherence to the
spatial distribution of magnitude for the CI anomalies. Therefore, the
combination between the two large-scale predictors was used to develop the
SDM for the CI index.
(2) The SDM performance represented by the explained variance of the
reconstructed CI anomalies through the SDM from the total observed
variance as well as by the correlation coefficient between observed and
estimated values over independent data set is very high showing a strong
connection between predictor and predictand.
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(3) The projections of future CI changes over two time horizons (20212050, 2071-2100) based on predictors derived from the simulations of four
ENSEMBLES GCMs (CNCM33-run1, run2; MPEH5-run1, run3) show
more plausible results when predictors are simulated by the CNCM33-run1
GCM used as driver in the SDM. This conclusion is based on the good skill
of this model in reproducing the mean state of the SDM large-scale
predictor (T850).
(4) To obtain a better estimation of the uncertainty in estimation of future CI
changes, a larger GCM ensemble is needed as drivers of the SDM
developed in this study.
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