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1. Introduction   

Drought is a natural and recurrent feature of climate. It occurs in all climatic zones, even if its 
characteristics vary significantly from one region to another, and differs from aridity that is a 
permanent feature of climate restricted to low rainfall areas. Drought originates from a 
deficiency of precipitation (less than normal) over an extended period of time, usually a season 
or more (Wilhite & Glantz, 1985; Bordi & Sutera, 2007). However, since precipitation is related 
to the amount of water vapor in the atmosphere, combined with the upward forcing of the air 
masses containing that water vapor, a reduction of either of these may favour the onset of 
drought conditions. Thus, the phenomenon can be triggered by an above average prevalence 
of high-pressure systems, by winds carrying continental rather than oceanic air masses, or by 
high temperatures that enhance evaporation. Moreover, drought is a creeping phenomenon 
that slowly sneaks up and impacts many sectors of the economy, the environment, and 
operates on many different time scales (Wilhite et al., 2007). For example, soil moisture 
conditions respond to precipitation deficits occurring on a relatively short time scale, whereas 
groundwater, streamflow, and reservoir storage respond to precipitation deficits arising over 
many months. As a result, drought cannot be viewed solely as a physical phenomenon but it 
should be considered in relation to its impacts on society. The American Meteorological 
Society (1997) grouped drought definitions and types into four categories: meteorological, 
agricultural, hydrological and socioeconomic (Heim, 2002).  
Based on all these definitions that nowadays are commonly accepted by the scientific 
community, three main issues emerge to be important for a comprehensive drought 
assessment: 1) Development of a drought index able to objectively assess drought conditions 
of regions characterized by different hydrological regimes and to evaluate the different 
kinds of droughts, 2) Perform a drought risk analysis in order to prevent the negative 
impacts of droughts, and 3) Understanding the link between climate variability and drought 
occurrence in relation to a changing climate. The first point has been addressed first by 
McKee et al. (1993) by developing the Standardized Precipitation Index (SPI), which is a 
drought index based only on monthly precipitation. The idea was to quantify the 
precipitation deficit for multiple time scales that reflect the impacts of drought on the 
availability of the different water resources. Since the index is standardized through an 
equal-probability transformation (see next section and Bordi & Sutera, 2004 for details), dry 
and wet conditions can be monitored in the same way as well as a comparison between 
locations with different climates is possible. For these reasons the SPI is widely applied for 
drought monitoring purposes, and in 2009 it has been recommended for characterizing 
meteorological drought around the world (see Lincon declaration on drought indices, Hayes 

www.intechopen.com



 
Climate Variability – Some Aspects, Challenges and Prospects 

 

124 

et al., 2011). Recently, two new standardized drought indices have been proposed for 
drought variability analysis on multiple time scales, the Reconnaissance Drought index 
(RDI, Tsakiris et al., 2007) and the Standardized Precipitation Evapotranspiration Index 
(SPEI, Vicente-Serrano et al., 2010). The indices are based on the supply-demand concept 
and take into account precipitation (P) and potential evapotranspiration (PET, hence 
temperature through the Thornthwaite equation). Although both indices comply with the 
requirement of the standardization, some questions concern their effective capability to 
better capture temperature changes, and, more importantly, the more appropriate basic 
variable to be used for drought assessment (i.e. P, P/PET or P–PET, see Raziei et al., 2011).  
To address the second point, a full understanding of the third point on climate variability is 
required. The traditional approach to drought management is reactive, relying largely on 
crisis management. This approach is usually ineffective because the response comes too late, 
is poorly coordinated, and costly. In addition, the post-impact response to drought tends to 
reinforce the existing water resource management methods that often contribute to increase 
the societal vulnerability to drought. For these reasons, in recent years, governments and 
institutions involved in water resources management showed more interest in learning how 
to employ proper risk management techniques to reduce vulnerability to drought and, 
therefore, lessen the impacts associated with future drought events (Wilhite et al., 2000). In 
coping with drought following a proactive approach, the first step is the monitoring of the 
phenomenon and the understanding of the temporal variability of drought events, also in 
relation to a changing climate (Hayes et al., 2004).  
All drought indices developed so far (see the reviews by Heim, 2002 and Keyantash & 
Dracup, 2002), including the standardized ones mentioned before, are based on drought 
as a relative concept: drought is defined as the negative departure of 
meteorological/water-related variables from some pre-established mean conditions (often 
referred to as calibration period that according to WMO recommendation should be at 
least 30 years long). By definition, drought occurrence should not depend on slow 
variations of climate conditions, since a normal climate is defined as the averaged 
conditions over the long-term record. Unfortunately, data have finite time span so that the 
stability of the average may undermine an objective assessment, especially when a drift 
on this random behaviour occurs. Of course, if we were certain that such a drift were of a 
deterministic kind a few differentiations of the original time series would be in order and 
would be enough to restore the original definition of climate. However, the situation may 
be disrupted if the assumptions on the nature of the trend are fallacious or even simply 
overstated. Moreover, other moments of the climate variables may be very well not 
stationary. In these cases the entire probability distributions would be affected, and in 
particular their tails that are, after all, what we are more interested. Things may be even 
more worsen if variables, relevant for drought occurrence, change differently both in 
space and time. If, for example, precipitation and temperature in a given location respond 
differently to climate changes we could overweight one variable with respect to the other 
reaching unwise conclusions on future drought occurrences.  
In the present paper we address the question of how drought indices should be used in a 
changing climate conditions, i.e. the variables of interest are not stationary. In particular, we 
evaluate the impact of the observed climate drift on drought assessment. We focus our 
attention on the European sector providing an updated drought analysis based on the SPI 
on 24-month time scale computed using the National Centers for Environmental 
Prediction/National Center for Atmospheric Research (NCEP/NCAR) reanalysis 
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precipitation data from January 1948 to June 2011. The choice of the SPI is motivated by the 
simplicity and advantages mentioned above, while the long time scale is selected just to 
filter out high frequency fluctuations in drought signals, highlighting the long-term 
behaviours to which we are interested on. Moreover, through sample analyses at selected 
grid points, it is evaluated the existence of a reference calibration period over which the 
distribution parameters underlying the SPI computation remain stable when a data update 
is taken into account. In particular, the effect of using a reference calibration period, shorter 
than the full data record available, on the SPI computation is studied for different climate 
tendencies. Some conclusions and discussions on future outlooks are provided in the final 
section.       

2. Data and methods 

Data used for the analysis are monthly mean precipitation rates retrieved from the 

NCEP/NCAR reanalysis archive for the period January 1948–June 2011. They are available 

on the regular grid 1.9ox1.9o in longitude and latitude. Such precipitation data have been 

derived from the primary meteorological fields of the NCEP medium range forecasting 

spectral model with 28 “sigma” vertical levels and a triangular truncation of 62 waves, 

equivalent to about 210-km horizontal resolution. The model is based on the assimilation of 

a set of observations, such as land surface, ship, rawinsonde, aircraft and satellite data 

(Kalnay et al., 1996). These data were quality controlled and assimilated with a data 

assimilation system kept unchanged over the reanalysis period. Though precipitation is not 

directly assimilated, but derived completely from the model 6-hour forecast, its midlatitude 

features have been compared favourably with observations and several climatologies 

(Janowiak et al., 1998; Trenberth & Guillemot, 1998). Since for the present study we have 

considered the area centred over Europe (25.72oN–71.43oN, 13.13oW–60.00oE), we may feel 

enough confidence on the data quality.  

Hydrological dry/wet conditions over Europe, updated to June 2011, have been assessed 

through the SPI on 24-month time scale. The SPI computation for a given location and 

month of the year is based on the long-term precipitation record accumulated over the 

selected time scale. The empirical probability distribution of the accumulated precipitation 

is fitted to a theoretical distribution that is then transformed through an equal-probability 

transformation into a normal distribution. Usually, the two-parameter Gamma distribution 

is used for fitting the observed precipitation distribution, even if in particular regions other 

choices may result more suitable (Guttman, 1999). In the present study, we apply the 

original definition of the SPI by McKee et al. (1993) that is based on the two-parameter 

Gamma probability density function defined as:  

 
 

11
( ) for 0

x

g x x e x 
  

   (1) 

where  and  are the shape and scale parameters, respectively, positive defined, x the 
precipitation amount and  

             1

0

yy e dy 
            (2) 
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with () the Gamma function. Even if we recognize that the first source of uncertainty in 
the SPI computation is the determination of the probability density function, we point out 
that for our purposes such a choice is not relevant, i.e. the issues addressed here apply 
regardless of the underlying distribution.  
Given the time scale of interest, and for each month of the year, the shape and scale 
parameters are optimally estimated using the maximum likelihood solutions. The resulting 

parameters, ̂  and ̂ , are then used to find the cumulative probability of an observed 

precipitation event as: 

  
 

ˆˆ 1
ˆ

0 0

1
( )

ˆ ˆ

x x
xG x g x dx x e dx

  
              (3) 

Letting ˆt x  , equation (3) becomes the incomplete Gamma function  

    
ˆ 1

0

1

ˆ

x
tG x t e dt

 
            (4) 

Since the Gamma is undefined for x = 0, while a precipitation distribution may contains 
zeros, the cumulative probability becomes: 

      1H x q q G x          (5) 

with q the probability of a zero (if n is the number of precipitation observations and m the 

number of zeros in the precipitation time series, q can be estimated by m/n). The cumulative 

probability H(x) is then transformed to the standard normal random variable Z with zero 

mean and unit variance, which is the value of the SPI.  By using the approximation provided 

by Abramowitz and Stegum (1965) that converts cumulative probability to the standard 

normal random variable Z, we have: 
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 (6) 

where    2
ln 1t H x  for  0 0.5H x  ,    2

ln 1 1t H x   for  0.5 1.0H x  , 

while c0, 1, 2 and d1, 2, 3 are constants. Thus, conceptually the SPI represents a z-score, or the 
number of standard deviations above or below that a precipitation event is from the mean 
(Bordi & Sutera, 2004). Positive SPI values indicate greater than median precipitation, and 
negative values indicate less than median precipitation. The SPI classes are defined as: 
values between –0.99 and +0.99 denote near normal conditions, between –1 and –1.49 
moderately dry (hereafter D1), between –1.5 and –1.99 severely dry (hereafter D2) and less 
than –2 extremely dry (hereafter D3) conditions. The same applies to positive values for 
wet classes (hereafter W1, W2 and W3 for moderately, severely and extremely wet 
conditions). 
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In analyzing the spatial variability of drought across Europe the Principal Component 
Analysis (PCA) is applied to the SPI field. The PCA consists in computing the covariance 
matrix of the input data with the corresponding eigenvalues and eigenvectors (Rencher, 
1998). The projection of the SPI fields onto the orthonormal eigenfunctions provides the 
principal components or PC score time series. In guiding a proper interpretation of the 
results shown in the next section, we remark that the spatial patterns (eigenvectors), 
properly normalized (divided by their Euclidean norm and multiplied by the square root of 
the corresponding eigenvalues) are called “loadings” and represent the correlation between 
the original data (SPI time series at single grid points) and the corresponding PC score time 
series. 
In analyzing the long-term drought variability, as in Bordi et al. (2009) we have evaluated 
both the linear trends and the leading nonlinear components in the SPI time series. To 
extract the long-term linear trend we have used the least-squared method to fit a linear 
model to the time series, while the leading nonlinear components in the SPI time series 
are extracted using the Singular Spectral Analysis (SSA). SSA technique is a 
nonparametric spectral estimation method based on embedding a time series in a vector 
space of dimension M (see Ghil et al., 2002 for details on the technique). In the present 
study, following Bordi et al. (2009), we have reconstructed the signal considering only the 
leading component by selecting a window length of M = 70 months (i.e. about 1/10th of 
the time series) because it provides statistically meaningful estimates of the largest 
resolvable fluctuation period. 

3. Results 

Firstly, the impact of the actual climate trend (linear and nonlinear) on drought variability in 
the European sector is assessed. The study is complemented by sample analyses at three 
selected grid points considered representative of the different climate drifts observed in the 
available data record. Secondly, the existence of a reference sample size that provides stable 
estimates of the Gamma distribution parameters, when additional (more recent) data are 
taken into account, is evaluated.     

3.1 The impact of the climate drift on drought variability 
We started our analysis by applying the Mann-Kendall test to the NCEP/NCAR monthly 
precipitation time series from January 1948 to June 2011. The result is shown in Fig. 1a 
where grey areas denote p-values less than the significance level of 0.01 (i.e. the test rejects 
the null hypothesis of trend absence). As can be noted, most of northern regions, central 
Europe and north Africa are characterized by trends of not specified nature, probably 
affected by seasonality (here not removed). When the accumulated precipitation on 24-
month time scale is considered, the statistical test provides the result shown in Fig. 1b. As 
expected, the area characterized by trend is larger because of the correlation introduced by 
the accumulation procedure. The application of the statistical test to the SPI on 1-month and 
24-month time scales provides the same results (not shown) illustrated in Fig. 1a and 1b, 
respectively. This means that whenever the precipitation time series has a statistically 
significant trend, the same holds for the associated SPI on the same time scale.  
To investigate which kind of climate drift characterizes the SPI time series in the area of 
interest, we have applied the PCA to the SPI field. The leading mode of the spatial 
variability is shown in Fig. 2a, while the associated PC score time series and the fitting linear 

www.intechopen.com



 
Climate Variability – Some Aspects, Challenges and Prospects 

 

128 

and nonlinear trends are shown in Fig. 2b. The first loading pattern explains 20.1% of the 
total variance and seems remained unchanged compared to the one shown by Bordi et al. 
(2009) in their Fig. 4 where the update was limited to February 2009. 
 

 

Fig. 1. Results of Mann-Kendall test applied to monthly and accumulated (on 24-month time 
scale) precipitation time series. Grey areas denote p-values less than the significance level of 
0.01.     

 

 

Fig. 2. PCA of the SPI field on 24-month time scale: (a) first loading, (b) First PC score time 
series and fitting linear and nonlinear trends (black straight line and red line, respectively). 

The same holds for the first PC score (PC-1) time series that in the latest two years 
confirms the fluctuation around –0.5 (i.e. the climate drift occurred from about 1997 
onward). The R2 associated with the linear trend is now 65.4% and the one associated with 
the reconstructed signal using the leading SSA component is 91.8%. Again, it appears 
more suitable to represent the long-term SPI variability through a nonlinear fitting instead 
of the linear one. Thus, the interpretation of the results after this recent update remains 
basically the same: regions characterized by high positive loading values from the mid 
seventies onward have experienced prevailing dry events with a change in the last 15 
years or so toward near normal conditions (see Bordi et al., 2009 for an in depth 
discussion). It is worth noting that the PCA technique does not isolate the trend 
component in the first PC score but just extracts the leading component that maximises 
the total variance of the SPI field. This means that, for example, the second PC score (not 
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shown) also has a linear trend component, less pronounced, but it is statistically 
significant at 0.01 level (R2 = 5.5%).      
Now, in analysing the effect of the observed climate drift on drought variability, we have two 
possibilities: the first one is to remove the observed trend (linear or nonlinear) from the 
precipitation time series at each grid point, while the second consists in removing the trend on 
the SPI time series. The first option could provide several problems because of the possible 
negative values of precipitation derived by subtracting the estimated trend. Thus, it turns out 
that precipitation (the input variable for the SPI computation) is no more positive defined and 
the fitting of the empirical precipitation distribution with the two-parameter Gamma is no 
more possible. Based on the results obtained before (Fig. 1), the second option appears the 
most suitable. Thus, we continued our analysis by removing the linear and nonlinear trend 
components from the SPI time series at each grid point, standardizing the SPI residuals time 
series, and performing again the PCA. Results obtained when the linear trend is removed are 
shown in Fig. 3a, b, while when the nonlinear trend is excluded are in Fig. 3c, d.   
 

 

Fig. 3. PCA of the SPI field after removing the linear/nonlinear trend: (a) first loading and 
(b) first PC score for linear trend removing, (c) first loading and (d) first PC score for 
nonlinear trend removing.  

In case of the removal of linear trend removing the first loading pattern, explaining 14.1% of 
the total variance, shows high positive values (i.e. high correlations between the 
standardized residuals of the SPI series and the corresponding PC score) in northern 
Europe, in the middle of the Mediterranean basin and part of north Africa. The associated 
PC score has, by construction, no linear trend component, and shows a pronounced 
minimum around the seventies. Embedded in multi-year fluctuations, three distinct 
“phases” are noticeable: two periods characterized by positive values, from the beginning of 
the time record to the seventies and from around 1997 to present, and another one with 
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negative values in between. It is interesting to compare these results with the ones 
previously obtained by Bordi and Sutera (2001) for the time section 1950–2000 (see their 
Panels VI and VII): the addition of the last eleven years has changed remarkably the first 
loading and the corresponding PC score. This is because the estimated linear trend changed 
when the time record has been extended. Also, since the reference period used for 
estimating the Gamma parameters is longer and the precipitation time series are not 
stationary, the SPI values have been affected by the update (class transition of events).   
In case of the removal of nonlinear trend, the first loading explains 13% of the total variance 
and has a north-south structure. The corresponding PC score is characterized by multi-year 
fluctuations with a prevalent periodicity around 5.5 years; hence, as expected, the time 
variability of the SPI residuals is strongly affected by the estimates of the nonlinear trend 
components (i.e. the choice of M in SSA decomposition). These results suggest that the 
uncertainty on the nature of trends (linear or nonlinear) leaves undetermined the natural 
climate variability, which is highly dependent from the assumptions made on the observed 
tendencies for their estimation. 
At this stage of the analysis, it appears interesting to quantify the effect of the estimated 
climate drift on drought classes. At this purpose, we have computed for selected grid points 
the percentage of events in each drought/wet class by considering the original SPI time 
series and the de-trended ones. Due to the high spatial variability of the observed climate 
trends, we have selected the grid points so that they are representative of no linear trend 
conditions (North Germany), upward (North England) and downward (Scandinavia) linear 
trend. Note that the grid points are the same discussed in Bordi et al. (2009) in order to allow 
the reader to follow the effect of the update of the data subjected to the current climate drift.    
Results are illustrated in Fig. 4. In Fig. 4a, b, c we have reported the time behaviour of the 
precipitation accumulated on 24-month time scale at the three grid points. From a quick 
look of the bar plots, the different long-term linear trends appear evident, which are the 
same characterizing the corresponding SPI time series illustrated in Fig. 4d, e, f. In case of 
linear trend absence (Fig. 4g), we have changes in drought classes only when the first 
nonlinear SSA component is removed from the SPI time series. The most evident effect is on 
the severe wet class W2 that changes from 4% to about 7.5%. In case of an upward linear 
trend (Fig. 4e), accounting for 36% of the total variance of the SPI signal, the impact of 
removing the trend (both linear and nonlinear) is more evident, especially on moderate and 
extreme dry/wet classes (Fig. 4h). In the third case (Fig. 4f), the SPI series has high positive 
correlation with the leading PC score illustrated in Fig. 2b, and the linear downward trend 
accounts for about 35% of the total variance. The major change (Fig. 4i) occurs for the 
moderate drought class that increases the percentage of events when the trend is removed; 
the same holds for the moderate wet class, while for the extreme wet class there is a loss of 
events when the linear trend is removed. These examples show how the climate drift affects 
the frequency of occurrence of dry/wet events, showing that it depends on the nature of the 
estimated trend (linear or nonlinear). In general, it seems that the impact is more 
pronounced on moderate dry/wet classes (D1 and W1), but taking into account the lower 
probability of occurrence of the severe and extreme classes, small changes of those events 
are equally remarkable.  

3.2 Reference sample size in a changing climate 
Since the computation of the SPI requires the preliminary fitting of a probability distribution 
to monthly precipitation aggregated at the selected time scale, the index value for a given 
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Fig. 4. Accumulated precipitation time series on 24-month time scale at three selected grid 
points: (a) North Germany, (b) North England, (c) North Europe. SPI time series are in (d), 
(e) and (f). Straight black lines are the fitting linear trends, red curves the leading SSA 
components. Bar plots (d)–(f) are the percentages of events in each dry and wet class for the 
original SPI (blue), the SPI with linear trend removed (black), and the SPI with the leading 
SSA component removed (red). D1 (W1), D2 (W2) and D3 (W3) stand for moderate, severe 
and extreme drought (wet) classes, respectively. 

year and month will depend on the sample size adopted for its estimation. Usually, the size 

of precipitation data has to be long enough in order to yield a reliable estimation of the 

parameters related to the index. McKee et al. (1993) suggested that the length of record for 

precipitation used in the SPI calculation is “ideally a continuous period of at least 30 years”. 

Guttman (1994) and, later on, Wu et al. (2005) investigated further this problem concluding 

that longer records are necessary for a stable estimation of the distribution parameters. 

Unfortunately, the long record requirement of high quality data (observations or reanalysis) 

cannot be met in most cases, even in the US where precipitation record length varies from 

one station to another across a region. Moreover, the presence of a trend in the underlying 

precipitation time series will affect adversely the estimation of the distribution parameters 

and, therefore, the SPI values. In fact, because the climate is changing, different time periods 

have different climate mean conditions. In addition, as shown before, the observed trend 

varies spatially so that the stability of the distribution parameters may be different from one 

region to another.  

In the present subsection we investigate the effect on the SPI computation of the last 15 
years, when a change in drought variability is detected. In particular, we address the 
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question whether a reference sample size exists in a changing climate given the actual 
record length of about 63 years, i.e. the distribution parameters estimated over the reference 
record remain stable when additional (more recent) data are taken into account in the SPI 
computation. For the three grid points previously selected as representative of different 

climate tendencies, we have estimated for each month of the year the parameters ( and ) 
of the Gamma distributions fitting the accumulated precipitation on 24-month time scale. 
First, the estimates have been performed using data from 1948–1995 and then 1 year at a 
time has been added up till 2010 (for a total of 15 years added). Next, the SPI time series for 
the full record length have been computed using these parameter estimates. This is an 
application of the “relative” SPI introduced by Dubrovsky et al. (2009). Assuming as the best 

estimate of  () be the one obtained using the full record length, we have computed the 
percent relative error for each added year as: 

 i N

N


 



  (3) 

with i = 1, 2, … N, and N = 15. The same holds for . Voluntarily, the absolute value has not 

been applied to (i–N) in order to retain the information on the decreasing/increasing 
behaviour of the Gamma parameters as a function of time. In Fig. 5, for the three selected grid 

points, the relative error (in %) on  and , the SPI time mean and the standard deviation as a 
function of the number of years added to estimate the distribution parameters are shown.  
From the figure it can be noted that for North Germany (absence of statistically significant 
linear trend in the SPI series), the relative errors on the Gamma parameters are bounded at 
10%, and the mean and the standard deviation of the relative SPI are close to 0 and 1, 
respectively. This result shows that the distribution parameters remain almost stable in the 
latest 15 years, resulting in a preservation of the basic characteristics of the SPI. Thus, in this 
case the period 1948–1995 can be taken as a reference calibration period for assessing recent 
climate conditions; this is because the climate mean conditions had not remarkably changed 
in the latest 15 years. In case of North England, instead, where an upward linear trend has 
been detected in the SPI time series, the relative errors on the Gamma parameters are higher 
and cross the threshold of 10% just when almost all the recent 15 years are taken into 
account. The mean and standard deviation of the relative SPI strongly depart from 0 and 1, 
respectively. This suggests that in this case the whole precipitation record must be 
considered in computing the SPI, and a shorter record is not suitable for assessing current 
drought conditions. Lastly, for the grid point located in Scandinavia, where the SPI showed 
a downward linear trend embedded in a long-period fluctuation, results suggest that a 
suitable calibration period for the computation of the relative SPI may be 1948–2005, i.e. by 
excluding the latest five years no remarkable errors occur in the Gamma parameters 
estimates.      
In applying the relative index, another problem arises: even small changes in the 
distribution parameter estimates (relative errors below 10%) might change the number of 
dry/wet events falling in each SPI dry/wet class. To quantify this effect we have reported in 
Table 1 the percentage of dry/wet events for the calibration period 1948–2010 (full record) 
and 1948–1996 (short record). It is worth noting that when a very long time record is 
considered, by construction, each SPI class corresponds to a known probability (for 
example, extreme dry events occur with probability 2.3%). Here, the deviations from the 
nominal probability values are due to the limited record size.   
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Fig. 5. For the three selected grid points: percent relative error on  and  for each month of 
the year, SPI time mean and standard deviation as a function of the number of years added 

for the Gamma parameter estimates. Horizontal dashed lines on  and  time behaviours 
denote the +10% and –10% levels.  

www.intechopen.com



 
Climate Variability – Some Aspects, Challenges and Prospects 

 

134 

 North Germany Norh England Scadinavia 

Dry/wet 
classes 

Full 
record 

Short 
record 

Full 
record 

Short  
record 

Full 
record 

Short  
record 

D3  
(extreme  
dry) 

2.2 2.3 1.6 2.3 2.7 1.0 

D2  
(severe  
dry) 

4.1 4.6 5.0 4.6 7.1 7.0 

D1  
(moderate 
dry) 

8.5 8.6 8.3 7.1 6.5 8.0 

W1  
(moderate 
wet) 

11.1 10.5 6.5 11.5 8.2 6.5 

W2 
(severe wet) 

4.2 4.6 4.0 6.7 4.1 5.5 

W3  
(extreme wet) 

2.7 3.0 4.2 10.2 2.5 0.1 

Table 1. Percentage of dry/wet events in each class when the SPI at the three reference grid 
points (North Germany, North England, Scandinavia) is computed using the full record 
length of data or the shorter period 1948–1996 for estimating the Gamma parameters. 

Table 1 shows that for North Germany there is only a slight change of the percentage of 

events in each class, while for the other two grid points the differences are more evident. To 

be point out is the great increase of extreme wet events in North England, while the 

opposite occurs in Scandinavia. The impact on dry classes seems less dramatic. 

To better understand these changes we show in Fig. 6 the monthly precipitation 

aggregated on 24-month time scale as a function of the corresponding SPI values for the 

two calibration periods: full record (blue) and shorter record (1948–1996, red). The 

dispersion of the points in the plots is related to the month-to-month variability within the 

year (SPI values are calibrated separately for each month). It is interesting to note how the 

precipitation threshold levels associated with dry/wet classes changed noticeably in the 

three locations. For example, while for the grid point in North Germany there are no 

appreciable changes, for the grid point in North England there are noticeable differences, 

especially for the wet classes. The threshold level on the accumulated precipitation for 

extreme wet conditions (SPI > 2) is about 1950 mm when the calibration period is the full 

record, while it is reduced to about 1800 mm when the calibration period is shorter (1948–

1996). This is the reason why the relative SPI computed on the shorter time period 

provides a higher percentage of extreme wet events. Similar considerations can be made 

for the other classes. 

Summarizing, since climate conditions vary spatially and temporally, and the climate 
tendencies (for example, long-term linear trends) highly depend on the record length 
considered, there is not a general rule for establishing whether a reference sample size, 
shorter than the full data record available, exists and can be used as a calibration period for 
the SPI computation. Such a calibration period should be long enough to ensure the stability  
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Fig. 6. Accumulated precipitation on 24-month time scale as a function of the corresponding 
SPI values for the three selected grid points. The SPI Gamma parameters have been 
estimated using the full precipitation record (blue) and the shorter period 1948–1996 (red). 
Vertical black lines denote the different dry/wet classes. Units of precipitation are mm.   

of the Gamma distribution parameters underlying the index computation even when 
additional (more recent) data are taken into account. The methodology here proposed, and 
illustrated through a few examples, may be of reference for addressing the problem in a 
changing climate conditions. First of all, it is preferable to provide a regionalization of 
drought conditions in the area of interest, identifying sub-regions characterized by 
independent drought variability. At this purpose, the application of the PCA with 
VARIMAX rotation can be a useful tool (see for example Bordi & Sutera, 2001, Raziei et al., 
2010 and references therein), or, as suggested by Hannachi et al. (2009), the alternative 
rotation method based on the Independent Component Analysis (ICA) can be used. Then, 
for each sub-region a study of the stability of the Gamma parameters can be carried out as a 
function of the record length. As a general rule, and as illustrated before, it is expected that 
the SPI time series not characterized by statistically significant long-term linear trends are 
not much affected by the update of recent data, provided that the reference sample size is 
long enough to yield a reliable estimation of the parameters. Differently, the SPI at sub-
regions characterized by upward or downward long-term linear trends may be quite 
affected by the update. However, a shorter (with respect to the full record length available) 
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reference period can be found depending on the long-term structure of the SPI tendency. 
The different results obtained for the grid points at North England and Scandinavia, in fact, 
suggest that the presence of a linear trend in the SPI series does not exclude the possibility to 
define a shorter reference calibration period. Moreover, whenever a reference period is 
defined and the relative SPI applied, a check on the percentage of events falling in each 
dry/wet class is desirable, to quantify even the effect of small differences between the SPI 
values computed using the full record and the shorter one. Lastly, the impact of the data 
update on the precipitation thresholds associated with the SPI dry/wet classes (Fig. 6) 
appears of interest to quantify the recent changes of climate conditions.  

4. Conclusion 

In the present paper we have illustrated some approaches for assessing drought conditions 

in a changing climate. The analysis has been focused on the European sector using the 

NCEP/NCAR reanalysis precipitation data from 1948 to 2011 (June). This is for continuity 

with the previous study by Bordi et al. (2009) where the authors analysed the recent changes 

occurring in drought and wetness conditions over Europe after the update to 2009.    

Since for drought analysis a standardized and multi-scale drought index is preferred to 

facilitate the quantitative comparison of drought events at different locations and time 

scales, we chose the SPI on 24-month time scale for our study. The long time scale is selected 

to filter out high frequency fluctuations in drought signals, highlighting long-term 

behaviours to which we are interested on. Moreover, we applied the original definition of 

the SPI based on the fitting of the empirical accumulated precipitation distributions with the 

two-parameter Gamma function. It is worth noting that our arguments are independent on 

the theoretical probability density function underlying the SPI computation.   

After verifying (through the Mann-Kendall test) that if there is a trend in precipitation time 

series at a given location the same holds for the associated SPI, we have performed the PCA 

of the SPI field and analysed the leading spatial mode and temporal principal component 

score. As expected, the first loading remained the same after the recent update (only two 

more years) and the corresponding PC score confirmed the actual tendency toward near 

normal conditions in the areas characterized by high positive loading values. Then, the long-

term tendency of the SPI time series at each grid point is estimated through a linear and 

nonlinear fitting, and removed from the original index signals. The resulting SPI residuals 

were standardized and decomposed into principal components. The first loading and PC 

score obtained represent the leading mode of space and time drought variability when the 

estimated climate drift is removed. It turns out that the results are very different, dependent 

on the nature of the trend (linear or nonlinear). Moreover, in case of the nonlinear trend, 

here estimated through the SSA with a time window M of 70 months, the oscillatory 

behaviour of the first PC score depends on the choice of M. For three sample grid points, 

considered representative of climate conditions with not statistically significant linear trend 

and statistically significant upward and downward trend, we have quantified the class 

change of dry/wet events due to the trend removal. The key studies show how the climate 

drift affects the frequency of occurrence of dry/wet events, showing that it depends on the 

nature of the estimated trend. It appears that the impact is more pronounced on moderate 

dry/wet classes but, taking into account the lower probability of severe and extreme events, 

small changes of those events are equally remarkable.  
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In the second part of the paper we have addressed the question of the reference sample size 
useful for the computation of the relative SPI proposed by Dubrovsky et al. (2009). For the 
three grid points previously considered, we have estimated for each month of the year the 

parameters  and  of the Gamma distributions fitting the monthly precipitation 
accumulated on 24-month time scale. The estimates have been performed using data from 
1948–1995 and then 1 year at a time has been added up till 2010 (for a total of 15 years 
added). Using such parameter estimates, the SPI time series for the full record length have 
been computed. Results suggest that in case of linear trend absence, the period 1948–1995 
can be taken as a reference calibration period because the climate mean conditions, and 

hence  and , had not remarkably changed in the last 15 years. For the second grid point 
considered, instead, the whole precipitation record must be taken into account for properly 
assessing recent climate conditions. Lastly, for the third grid point, a suitable calibration 
period is estimated to be 1948–2005. Thus, the different results obtained for the latter grid 
points (North England and Scandinavia) suggest that the presence of a linear trend in the 
SPI series does not exclude the possibility to define a shorter calibration period.  
The impact of the data update on the precipitation thresholds associated with the SPI 
dry/wet classes (Fig. 6) appears of interest to quantify the recent changes of climate 
conditions. It is worth noting that this approach, also finds a useful application in case of 
drought analysis in a different climate, i.e. comparison of dry/wet conditions between the 
control run of a given general circulation model and the corresponding scenario run. This 
kind of analysis is nowadays very common due to the increasing interest in future climate 
projections related to the increasing greenhouse gases emission (see for example Burke & 
Brown, 2008; Sheffield & Wood, 2008; Bothe et al., 2011). In dealing with this issue by using 
a standardized drought index, like the SPI, there are three viable strategies: compute the SPI 
using the full data record (control plus scenario), compute the relative SPI (relative to the 
control climate mean conditions), or compute the SPI separately for the control and future 
run. Since, by construction, the future climate is expected to be different from the control, 
the first choice will change drastically the SPI values computed for the control (present 
climate), without providing useful information. The second option, based on the relative 
SPI, has the shortcomings discussed above (i.e. the index does not preserve the zero mean 
and unit variance) and its interpretation can be misleading since the dry/wet classes refer to 
the Gamma distributions of the present climate, kept (wrongly) unchanged in the future. In 
other words, the loss of the standardization of the SPI is due to the erroneous fits of the 
actual precipitation distributions. The third option, instead, offers the possibility to properly 
compute the SPI in the two time sections, but now the index classes are relative to two 
different climate mean conditions. Thus, in this case the mapping of the accumulated 
precipitation versus the SPI values, both for the control and the projection, can provide an 
estimation of the new precipitation thresholds associated with dry/wet events. These 
thresholds may be then used to estimate the return times of extreme events when a point 
over threshold method is applied (see Bordi et al., 2007 and references therein).  
In concluding, based on the high spatial variability of the observed climate trends and its 
dependence on the time section considered (usually too short for a comprehensive drought 
assessment), future efforts should be devoted to the analysis of synthetic precipitation time 
series where the nature of the trend is prescribed, with no limitation on the record length. In 
this way, the climate drift is known and its impact on drought can be studied applying 
different drought indices, testing their suitability under various changing climate 
assumptions (i.e. for example, change of the mean or variance in the precipitation 
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distributions). In particular, it should be interesting to start from the observed climate 
conditions in the last 60 years or so and simulate possible future evolutions of the variable of 
interest (in our case the precipitation). Then, perform a risk analysis associated with the 
underlying assumption on the climate trend. This will be the topic of a next study.          
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