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Abstract: Assessing the characteristics of extreme precipitation over large regions has a great interest, 10 

mainly due to its applications in hazard analysis. However, most of the analyses are reduced to daily 

rainfall intensity, due to the fact that most long precipitation records were collected on a daily basis. 12 

Hazardous situations related to extreme precipitation events, however, can be originated either by very 

intense rainfall, or by large accumulated precipitation due to the persistence of the rainy conditions over a 14 

long period of time. In this paper we show the use of a methodology based on the extreme value theory to 

obtain continuous maps of quantiles of precipitation event parameters—peak intensity, magnitude and 16 

duration—for a large region with contrasted climatic characteristics in NE Iberian Peninsula. Spatial 

models of the probability distributions parameters were calculated, which allowed constructing the 18 

regional probability models. The analysis was based on time series of precipitation events, which were 

obtained from the original daily series. In addition to the usual annual-based analysis, seasonal analyses 20 

were also performed. This allowed the differences in the spatial distribution of the probability of extreme 

events to be assessed at different times of year. 22 
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The analysis of the characteristics of extreme precipitation events over large regions—especially of 

probabilistic nature—has attained considerable attention, mainly due to its applications in hazard analysis. 28 

Hazardous situations related to extreme precipitation events can be originated either by very intense 

rainfall, or by large accumulated precipitation due to the persistence of rainy conditions over a long 30 

period of time. For example, dangerous phenomena such as torrential flooding are typically caused by 

short, but very intense rainfall (White et al., 1997). On the other hand, regional floods are usually 32 

generated by long lasting rainfall, even if the intensity is not very high. Also, long sequences of 

consecutive days with precipitation can favour the infiltration of water into the soil which may eventually 34 

cause their saturation and the triggering of landslides at a regional scale (Gallart and Clotet-Perarnau, 

1988; García-Ruiz et al., 2002). Reliable estimations of the probability of extreme events are also 36 

required in land planning and management, the design of hydraulic structures, civil protection plans, and 

other applications. 38 

The extreme value theory provides a complete analysis of the statistical distribution of extreme 

precipitation parameters, allowing for the construction of magnitude–frequency curves. Derived statistics 40 

such as quantile estimates—the average expected event for a given return period—have been widely used 

to express the degree of hazard related to extreme precipitation at a given location. In most cases the 42 

analysis of extreme events has been reduced to the daily intensity (or whatever the sampling frequency of 

the data), ignoring other important aspects such as the event's duration and its total magnitude. This is 44 

mainly a consequence of the structure of the data series, which are usually sampled at regular intervals, 

complicating the delimitation of rainfall events. However, an effort has to be made to shift from daily 46 

based to event based analysis, which will allow incorporating these parameters into the practice of 

extreme precipitation analysis. Besides its greater information value, the event based approach has 48 

important methodological advantages over plain daily analysis, since daily precipitation series often 

exhibit strong self-correlation, invalidating the independence assumption which is common to many 50 

methods. Aggregating the daily data series into series of events—often called 'declustering'—is usually a 

pre-requisite in parametric frequency analysis, such as extreme events analysis (Beguería, 2005). 52 
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The probability of occurrence of extreme events in terms of their intensity and duration changes between 

regions and during the year, due to the different physical mechanisms that prevail at different seasons and 54 

the geographical features which affect them. This complexity makes traditional methodologies for 

assessing the probability of extreme precipitation events insufficiently flexible to address this problem in 56 

a complete manner. Standard methodologies based on the extreme value theory are generally restricted to 

the fitting of the data from a single station to a probability distribution, usually known as 'at-site' analysis. 58 

However, this technique has been recently extended to regional analysis, in which the parameters of  the 

probability distributions are regionalised over the study area by means of one of several standard mapping 60 

techniques, from the simple division into homogeneous regions (Hosking and Wallis, 1993 and 1997) to 

most advanced spatial regression techniques (Beguería and Vicente-Serrano, 2006; Casas et al., 2007). 62 

This allows making estimations of the probability of extreme events at ungauged locations, and to obtain 

spatially continuous representations—maps—of the degree of hazard. Another important extension of the 64 

standard methodology refers to seasonal analysis, in addition to the more common annual analysis. By 

dividing the original data series into seasonal event series it is possible to characterize the temporal 66 

variability of the process, allowing for a much more detailed analysis.  In addition, seasonal hazard 

analysis can be of great importance to several economic activities. For example, risk to agriculture of a 68 

given event can vary greatly during the year, as a function of the phenology of the cultivated species, and 

the erosion risk can also be very different as a function of the state of the natural vegetation. In general, 70 

there is a lack of a commonly accepted methodology for regional extreme events analysis, so it can be 

said that it is still a topic of methodological research. 72 

Precipitation is a climatic element with a high spatial and temporal variability in the Iberian Peninsula 

(Esteban-Parra et al., 1998; Muñoz-Díaz and Rodrigo, 2004; Vicente-Serrano, 2006). The reason is that 74 

the atmospheric processes which drive precipitation are quite complex (Rodríguez-Puebla et al., 1998 and 

2001; Rodó et al., 1997; Martín-Vide and López-Bustins, 2006). In fact, neighbouring sectors can be 76 

affected by different weather types or atmospheric circulation patterns (Vicente-Serrano and López-

Moreno, 2006). Moreover, precipitation has a strong seasonality, determined by the latitudinal movement 78 
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of the Polar front and the associated perturbations between the cold (northwards) and warm (southwards) 

seasons. Therefore, the atmospheric circulation patterns change noticeably as a function of the season 80 

(Serrano et al., 1999; Martín-Vide and Fernández, 2001), which means that precipitation is generated by 

completely different physical processes at different times of year (Llasat and Puigcerver, 1997). The relief 82 

of the Iberian Peninsula also introduces an important source of precipitation variability, which explains to 

a larger extent the spatial variability of the average precipitation values (Egido et al., 1991; Ninyerola et 84 

al., 2000; Vicente-Serrano et al., 2003), and also of the most intense precipitation events (Llasat, 1990; 

Llasat and Puigcerver, 1997; García-Ruiz et al., 2000; Peñarrocha et al., 2002; Beguería and Vicente-86 

Serrano, 2005). 

Several papers have analysed the spatial and temporal variability of precipitation in the Iberian Peninsula. 88 

The majority of them are based on annual, monthly and seasonal data (e.g., Serrano et al., 1999; Esteban-

Parra et al., 1998; Muñoz-Díaz and Rodrigo, 2004). Nevertheless, other time-scales have also provided 90 

very interesting results such as pentad (five-day) precipitation (Andrés et al., 2005) or decad (ten-day) 

precipitation (Caramelo and Manso, 2007). Thus, few days with precipitation of high intensity or 92 

magnitude can determine the dry or moist conditions of a given month, season or even a year. Moreover, 

in wide regions of the Iberian Peninsula it is common that a high percentage of the annual precipitation is 94 

concentrated in a few rainy days (Martín-Vide, 2004). This leads to considerable uncertainty in the 

pluviommetry of the region. 96 

Some studies have focused on the analysis of temporal and spatial patterns of daily rainfall in the Iberian 

Peninsula (e.g., Romero et al., 1999a; Lana et al., 2004; Martínez et al., 2007; Burgueño et al., 2005), the 98 

daily precipitation trends (González-Hidalgo et al., 2003; Gallego et al., 2006; Ramos and Martínez-

Casasnovas, 2006; Rodrigo and Trigo, 2007) and weather-type connections (Romero et al., 1999b). The 100 

analysis of extreme precipitation events has attained special attention (e.g. Puigcerver et al., 1986; Llasat 

and Rodríguez, 1992; Llasat and Puigcerver, 1997; Peñarrocha et al., 2002), because in the Iberian 102 

Peninsula they cause highly negative impacts in the form of floods (Llasat et al., 2003; Llasat et al., 2005; 

Barnolas and Llasat, 2007), landslides (Trigo et al., 2005) and soil erosion (Martínez-Casasnovas and 104 
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Ramos, 2006; González-Hidalgo et al., 2007). As Rodrigo and Trigo (2007) highlighted: “the statistical 

analysis of daily data in the Iberian Peninsula is very interesting from a climatic point of view, because 106 

monthly and annual values may conceal highly different precipitation regimes on the daily scale”. From 

an applied point of view, the analysis of daily precipitation has an unquestionable interest in many fields 108 

too, such as risk estimation, land management, infrastructure planning, civil defence, etc. 

Most of the studies dedicated to the analysis of daily precipitation in the Iberian Peninsula focus on daily 110 

precipitation intensity. On the contrary, there are no examples of event based analysis. However, in most 

of the area precipitation usually happens in events of more than one consecutive days. Due to this 112 

clustered nature of precipitation, the accumulated amount of rain recorded during precipitation events can 

be very high, even if the peak daily intensity recorded is not large.   114 

This paper analyses the annual and seasonal spatial patterns of extreme precipitation event parameters—

peak intensity, magnitude and duration—in a large area of northeast Spain with a strong Atlantic-116 

Mediterranean climatic gradient. The purpose of the study is double: on one hand, to enrich the existent 

knowledge about the spatial and temporal patterns of extreme precipitation in the Iberian Peninsula and, 118 

on the other hand, to develop and demonstrate the use of a methodology based on the extreme value 

theory useful for regional precipitation related hazard analysis. In addition to standard annual analysis, a 120 

seasonal analysis has been performed due to the high seasonality of the climate in the region, considering 

the applied aspects of the research since the hazard derived from extreme precipitation events can be very 122 

different throughout the year, and its assessment can be relevant for many economic sectors. 

 124 

2. Methodology 

2.1. Study area 126 

The study area covers the northeast of Spain (Figure 1). The boundaries of the study area correspond to 

administrative limits, including 18 provinces which cover an area of about 160,000  km2. The study area 128 

has strong relief contrasts. The main unit is the Ebro valley, an inner depression surrounded by high 

mountain ranges. It is limited to the north by the Cantabrian Range and the Pyrenees, with maximum 130 
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elevations above 3000 m a.s.l. The Iberian range closes the Ebro valley to the south, with maximum 

elevations in the range of the 2000-2300 m. To the west of the study area the main unit is the Meseta, a 132 

plain structure with elevations ranging between 700 and 900 m a.s.l. To the east, parallel to the 

Mediterranean coast, the Catalan Coastal Range closes the Ebro valley, with maximum elevations 134 

between 1000 and 1200 m a.s.l. 

 136 

2.2. Data used 

A dense database with 459 complete daily precipitation series with continuous data between 1970 and 138 

2002 was used in this study (see location of the observatories in Figure 1). The series were obtained by 

means of a process that included reconstruction, gap filling, quality control and homogeneity testing 140 

(Beguería et al., 2007). Although the original database contained 828 data series, some of which had 

more than 80 years of records, we selected the period between 1970 and 2002 for this analysis. A period 142 

of 32 years was considered enough for the extreme events methodology, which requires long datasets in 

order to obtain reliable quantile estimates.  For example, Porth et al. (2001) tried to determine the 144 

adequate sample size for return interval estimation and found that 20 years of data provided estimates 

with a 20% rate of error, and in order to obtain the return periods with less than 20% error 25 or more 146 

years of data were necessary. In this case it was possible to lengthen the study period above 32 years, but 

at the expense of having a significant reduction of the spatial density of the data, which was not desirable 148 

for a spatially explicit assessment. 

A declustering process was applied to the original daily series to obtain series of rainfall events. A rainfall 150 

event was defined as a series of consecutive days with registered rainfall, so a period of one or more days 

without precipitation was the criteria to separate between events. Declustering the series has important 152 

consequences for the analysis, since it usually eliminates the—undesired—serial dependence of the 

process (Beguería, 2005). But it also allows for a more complete analysis compared to the raw daily 154 

series, since the duration and the total magnitude of the events can be analysed, too. Hence, three 

parameters were determined for each precipitation event: its maximum intensity (in mm per day), total 156 
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magnitude (accumulated precipitation, in mm), and duration (in days). Each event was assigned to the last 

date of the cluster, which allowed for constructing time series of precipitation events. 158 

Apart from the complete series including all the events registered during the study period, four seasonal 

event series were constructed, which included only the events that occurred during spring, summer, 160 

autumn and winter months. All further analyses were performed on these derived series. 

 162 

2.3. At-site extreme value analysis 

Classical at-site extreme value analysis consists on fitting a given probability distribution function to the 164 

highest values of a data series, in order to obtain reliable estimates of quantiles. 'At-site' refers here to the  

fact that each data series is analysed separately, so if a set of series is analysed—for example, all the 166 

series belonging to a given region—the result is a set of individual probability models. 

Several methods exist to sample the original data series for extracting the extreme observations. The 168 

methodology adopted in this study was based on exceedance, or peaks-over-threshold, sampling. Given 

an original variable X, a derived exceedance variable Y is constructed by taking only the exceedances over 170 

a pre-determined threshold value, x0: 

0xX=Y − , 0x>X∀ . (eq. 1) 172 

Exceedance series were obtained from the complete and seasonal event intensity, event magnitude and 

event duration series. 174 

A threshold value corresponding to the 90th centile of each series was used to construct the exceedance 

series. This means that only the ten percent highest events, in terms of intensity, magnitude and duration, 176 

were retained for the analysis. The selection of the threshold value is one of the most delicate tasks in 

extreme value analysis, since it is directly related to the assumption of independence of arrival times and 178 

exceedances. A low truncation value is desirable, since this increases the sample size and reduces the 

uncertainties of the analysis. However, there is a risk of introducing serial dependence in the series if the 180 

events are too close in time, and thereby violating the independence assumption. In general, it has been 
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shown that the declustering process reduces the problem of serial correlation to a large extent, allowing 182 

for threshold values as low as the 90th centile (Beguería, 2005; Vicente-Serrano and Beguería, 2003). 

As it has been demonstrated, the probability distribution of an exceedance or peaks over threshold variate 184 

with random occurrence times belongs to the Generalised Pareto (GP) family. The Poisson / GP model 

has been used by numerous authors for extreme value analysis (i.e., van Montfort and Witter, 1986; 186 

Hosking and Wallis, 1987; Wang, 1991; Madsen and Rosbjerg, 1997; Martins and Stedinger, 2001). The 

GP distribution is a flexible, long-tailed distribution described by a shape parameter κ, a scale parameter 188 

α, and a location parameter ξ. It and has the following cumulative distribution function: 
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. (eq. 2) 190 

The previous equation is expressed in terms of the original variate X, so the location parameter ξ 

corresponds to the threshold value used for obtaining the exccedance series. α can take any arbitrary 192 

value, and κ controls the shape of the function—and hence the more or less pronounced character of its 

right tail. For κ > 0 the distribution is long-tailed—longest for smaller values of κ—and for κ < 0 it 194 

becomes upper-bounded with the endpoint at -α/κ. The GP distribution yields the Exponential 

distribution as a special case when κ = 0 (eq. 2, second expression). 196 

Although the GP distribution is very flexible due to its three parameters, there is large uncertainty 

involved in estimating the shape parameter κ and it is frequently difficult to determine whether the 198 

estimates of κ differ significantly from zero for a given sample. Uncertainty in the estimation of κ 

depends basically on the sample size, and there are tests designed to check the significance of the κ 200 

estimations (Rosbjerg et al., 1992). On some occasions it is advisable to use the simplest Exponential 

distribution instead of the GP, due its highest robustness. In the context of this study, the use of the 202 

Exponential distribution seemed very reasonable a priori, due to the significant reduction of the sample 

size in the case of the seasonal series with respect to the complete—annual—datasets. Thus, the test by 204 

Rosbjerg et al. (1992) was used to check whether the null hypothesis that κ = 0 could be rejected for a 
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majority of the data series. It was found that the estimated values of κ did not differ significantly from 0 206 

for a large part of the seasonal series. Consequently, the Exponential distribution (κ = 0) was selected for 

the analysis. Alternatively, L-moment plots where obtained as a graphical confirmation of the goodness 208 

of fit of the GP and the Exponential distribution to the data series. On these plots a comparison is made 

between theoretical and empirical L-skewness (τ3) and L-kurtosis (τ4)—two distribution parameters 210 

which depend solely on the shape parameter κ—, which allows us to determine the appropriateness of a 

given distribution function to model a given data set. Apart from the GP/Exponential model, lines 212 

corresponding to the Lognormal and Pearson III distributions have been also included as a way to 

compare with other common heavily skewed distributions. 214 

Under the Exponential distribution, and assuming Poisson distributed arrival times, the T-year return 

period exceedance, YT, can be obtained as the (1 - 1/λT) quantile in the distribution of the exceedances: 216 

⎟
⎠

⎞
⎜
⎝

⎛+=
T

xXT λ
α

1log0 , (eq. 3) 

where λ is the average frequency of the events in the exceedance series (expected number of events per 218 

year). 

There are several ways to obtain sample estimates of the parameters of an Exponential distribution (see, 220 

i.e., Rao and Hamed, 2000). Here we have adopted the method of the probability weighted moments for 

obtaining the at-site scale estimates, α̂ (Hosking and Wallis, 1987). Although in exceedance series 222 

modelling there is no need to estimate the location parameter—it equals the threshold value—, we will 

use the symbol ξ̂ for referring to at-site estimates of this parameter in the ongoing discussion. 224 

 

2.4. Regional extreme value analysis 226 

In many studies the use of the extreme value theory is reduced to at-site—independent—analysis. In the 

case of regional analyses, in order to obtain continuous maps of extreme value variates such as quantile or 228 

return periods, a common procedure is the subsequent mapping of at-site estimated quantiles by means of 

interpolation techniques (e.g., Weisse and Bois, 2002; Prudhome and Reed, 1999; Casas et al., 2007). 230 
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Opposing to this methodology, the goal of regional extreme value analysis is to obtain a single, common, 

model of the probability of extreme events. Regional extreme value analysis relies on the idea that the 232 

parameters of the probability distributions of extreme events at close locations are similar, so 

consequently this property could be used to obtain a general distribution by modelling this variability. 234 

This idea was first exploited in the analysis of river floods (Cunnane, 1988), and several alternative 

methodologies have been proposed. One of the most broadly used methods is the index flood method 236 

(Stedinger and Lu, 1995; Madsen and Rosbjerg, 1997), in which a common shape parameter is obtained 

by averaging the at-site estimations from the gauging stations on a given river or even in set of spatially 238 

close rivers. The subsequent probability distributions only differ in the scale parameter, which is 

calculated individually for each gauging station. This method has the important advantage that the 240 

uncertainty in the estimation of the shape parameter is greatly reduced due to the concurrence of more 

data on its calculation. 242 

In the context of climatic variables, the regional method has been much less used, partly because the 

relationship between parameters from different observatories is less evident. In the original methodology 244 

a common shape parameter needs to be found for a given region, so the problem of how to determine a 

homogeneous region became crucial (Vogel and Fennessey, 1993; Hosking and Wallis, 1993). However, 246 

recent studies have shown that spatial interpolation techniques could be used to obtain smooth continuous 

spatial representations of the probability distribution parameters, resulting in coherent and robust regional 248 

models and allowing for an easier spatial estimation of the extreme quantiles (Beguería and Vicente-

Serrano, 2006). Spatial interpolation techniques allow not only to use the information contained in the 250 

data series, but also to exploit the relationships existing between the modelled variable and other 

geographic parameters such as the relief or the location with respect to the main climatic drivers. In this 252 

work we followed the same approach, extended to the case of a multivariate representation of extreme 

precipitation events. 254 

 

2.5. Spatial interpolation 256 
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A number of different interpolation procedures have been used to obtain maps from punctual 

meteorological data, including global, local and geostatistical methods (Burrough and McDonnell, 1998). 258 

The most widely used procedures are global methods based on regression techniques, which relate the 

value of the target variable to a linear combination of spatially-explicit independent variables (Daly et al., 260 

2002). This method allows exploiting the relationship existing between the target variable and other 

variables which are known to control or influence its spatial distribution, and of which we can obtain or 262 

easily produce maps. Typical independent variables are those derived from digital terrain models, such as 

the elevation, terrain shape, distance to the seas, etc. In contrast with regression methods, local and 264 

geostatistical methods exploit the spatial self-correlation existing in most spatial variables, such as 

climatic parameters. This way, the value of a spatial parameter at a given point is estimated based on the 266 

value of the same parameter measured at close, known, locations. Since interpolated values at ungauged 

locations depend on the observed values, local methods strongly depend on a sufficiently dense and 268 

evenly spaced sampling network. The methods of splines and kriging are among the most used local and 

geostatistical methods. 270 

During the last decade, several alternative forms of combined global and local models have been 

proposed for interpolating spatially explicit environmental variables, such as different combinations of 272 

kriging and regression (Hudson and Wackernagel, 1994; Knotters et al., 1995; Goovaerts, 1999; 

Ninyerola et al., 2000; Agnew and Palutikof, 2000; Bishop and McBratney, 2001; Brown and Comrie, 274 

2002; McBratney et al, 2003; Beguería and Vicente-Serrano, 2006; Vicente-Serrano et al., 2007). These 

and other studies have demonstrated that combined models usually allow for more precise and detailed 276 

representations of the target variables. In our case, parameter estimates at ungauged locations, ( )0ˆ xπ , were 

obtained as a mixture of a linear regression and a local autoregressive component: 278 

( ) ( ) ( )0
1

0
0

0ˆ xε+pλ+xzβ=xp j

m

=j

n

=i
ii ∑∑  (eq. 4) 

or, in compact vector notation, 280 

( ) ( ) ( ) ( ) ( )xε+xpxλ+xzβ=xp 0ˆ , (eq. 5) 
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where ( )xp̂ represents a continuous field—a map—of the target parameter p, z(x) is a vector of spatially-282 

explicit covariates, β  is a vector of coefficients, which includes an intercept β0,  p(x) is a vector of known 

values of p at specific locations, λ  (x) is a weighting function field, and ε(x) is a random error field. 284 

The first term in the right hand side of equation 5 represents the global trend component of the variance 

of p(x), and has the form of a linear regression. We used a set of independent variables at a spatial 286 

resolution of 1000 m as covariates (Table 1). Elevation is usually the main determinant of the spatial 

distribution of climatic variables. Nevertheless, other variables such as latitude, longitude, distance to the 288 

oceans, slope gradient and aspect and incoming solar radiation may also have an important influence. 

Most of variables were derived from a Digital Terrain Model at a resolution of 1 km, except the distance 290 

to the Cantabrian and Mediterranean seas which were obtained from the Iberian Peninsula coastline 

coverage, using the BUFFDIST module of the MiraMon GIS package (Pons, 2007). The latitude and 292 

longitude were obtained in UTM-30N coordinates using the same software. The slope aspect may be 

important in the modelling of peak intensity, magnitude and duration parameters because it accounts for 294 

the effect of wind flows on precipitation events. The incoming solar radiation is a spatially continuous 

variable that show the terrain aspect (northern and southern slopes have low and high incoming solar 296 

radiation values, respectively). Digital coverage of annual mean incoming solar radiation was created 

using the MiraMon GIS and the DEM according to Pons (1996). Low-pass filters with radii of 5, 10 and 298 

25 km were applied to elevation, slope and incoming solar radiation models in order to measure the wider 

influence of these variables. Having such a large number of independent variables raises the problem of 300 

co-linearity—correlation between the independent variables—, which causes computational instability 

and invalidates the results of regression analysis. To avoid this, a forward stepwise procedure with a 302 

restrictive ‘probability to enter’—α = 0.01—was used to select only the significant variables, as 

recommended by Hair et al. (1998). 304 

The second term in equation 5 represents the local variation of p(x), and in this case the weights λ(x) 

have been obtained by means of splines with tension (Mitasova and Mitas, 1993), which has proved to be 306 

more suitable than other local techniques such as inverse-distance weighting or geostatistics (Ninyerola et 
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al., 2007; Vicente-Serrano et al., 2003; Nalder and Wein, 1998). Since no GIS or statistical package 308 

known to the authors is able to fit the combined model in equation 5 in a single step, we first fitted the 

regression and then fitted the splines to the residuals from the previous step. 310 

As a result, a set of maps were obtained of the spatial estimates of the parameters of the Exponential 

distribution,

()

)(ˆ xα

x

and 

()

)(ˆ xξ

x

, and of the annual frequency of the events, ( )xλ̂ , for the annual and seasonal 312 

series of event intensity, magnitude and duration. 

 314 

2.6. Validation 

Validating the fit of extreme distributions to the data is difficult, since the exact probability of the events 316 

is unknown. However, empirical cumulative probabilities can be assigned to the observed events via a 

plotting position formula (Landwehr et al., 1979): 318 

Bn
AjyYPjCDF jemp +

+
=≤≡ )()( , (eq. 6) 

where yj is the jth observation in the series of exceedances sorted in ascending order, and n is the total 320 

number of observations in the series. The values of A = 0.15 and B = 0 were used, as recommended by 

Landwehr et al. (1979) for similar long-tailed distributions. Quantile-quantile (QQ) plots were then 322 

obtained which relate the empirical probabilities and the ones obtained by means of the adjusted 

Exponential distributions. QQ plots are a common technique for assessing if a dataset follows a given 324 

distribution function (see Chambers et al., 1983). 

Additionally, a quantile plot–weighted correlation coefficient (QQWR2) statistic was computed as a 326 

measure of goodness-of-fit of the Exponential distributions to the data (based on Filliben, 1975): 
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where y  and ŷ are the weighted averages of the observed exceedances and the Exponential quantile 

estimates, respectively. Because the number of small exceedances is much greater than the number of 330 

high exceedances, a weighting function ω(j) has been included; ω(j) is proportional to the probability of 

exceedance, thus giving more importance to the highest, less-frequent observations in the sample, which 332 

are of greatest importance in extreme values analysis: 

)(1
1

jCDFemp
j −
=ω . (eq. 8) 334 

To validate the EXP parameters maps, we randomly picked a 10% of the data series and reserved those 

for subsequent tests (see location in figure 1). Several accuracy/error statistics were used (Willmott, 336 

1982): Mean Bias Error (MBE), which indicates the average over- or under- prediction; and Mean 

Absolute Error (MAE), which is a measure of the average error of the interpolation. We did not use the 338 

most widely used error statistic, the Root Mean Square Error (RMSE), because this statistic depends on 

the variability in the squared errors, and hence it is impossible to discern the degree to which the RMSE 340 

reflects the average error and to what extent it reflects variability in the distribution of squared errors 

(Willmott and Matsuura, 2005). We also used the Willmott's D agreement index (Willmott, 1981), a 342 

relative and bounded measure, to assess the map quality. The agreement index retains the average 

information and does not amplify the importance of outliers. It also scales with the magnitude of the 344 

variables, which makes it possible to compare between variables independently of differences in their 

magnitude and range. Table 2 provides the formulations of the accuracy statistics used in this study. 346 
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These statistics were applied to the annual and seasonal maps of alpha and beta parameters for peak 

intensity, magnitude and duration using the reserved dataset. Also the annual and seasonal maps of 348 

lambda values were validated. 

Finally, accuracy statistics were also calculated for quantile estimates corresponding to a return period of 350 

30 years using the at-site estimated parameters, { }λξα ˆ,ˆ,ˆ , and the spatially modelled estimations, 

{ })(ˆ),(ˆ),(ˆ xxx λξα . 352 

 

3. Results and discussion 354 

3.1. At-site analysis 

According to the methodological workflow described above, in a first stage Exponential distributions 356 

were fitted to the exceedance series. The appropriateness of the Generalized Pareto / Exponential 

distribution was tested graphically by means of L-moment plots (figure 2). The closeness of the cloud of 358 

points—each point represents one observatory—to the theoretical line representing the GP model and its 

simplified version in the form of the Exponential distribution supports the appropriateness of its use for 360 

this data set. The even spreading of the cloud of points along the GP line, especially for some of the 

datasets, could be taken as evidence in favour of the GP distribution over the Exponential simplification. 362 

However, as it has been explained in the methods section, the reduction of the sample size in the seasonal 

datasets did not allow the hypothesis of the GP distribution to be accepted for most of the observatories. 364 

In the case of the annual database, for which the sample size was approximately four times bigger, the use 

of the GP distribution would have been a logical option. In other studies it has been shown that the GP 366 

distribution can be used and coherent spatial models can be fit to the parameter κ, for example by means 

of a trend surface model (Beguería and Vicente-Serrano, 2006). For this study, however, we decided to 368 

maintain the use of the Exponential distribution for the annual database too for the sake of the 

homogeneity and comparability of the results among datasets. 370 

The best level of agreement with the GP/Exponential model was found for the annual dataset. The 

seasonal datasets, as a consequence of the smallest sample size, showed less good agreement with the 372 
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theoretical model. Between seasons, spring showed the best agreement, contrasting with the summer 

datasets which showed the worst agreement. Between variables, both the peak intensity and the 374 

magnitude had a good agreement, contrasting with the event duration which exhibited the largest 

dispersion among all datasets. The QQWR2 statistics were very satisfactory, too (Table 3), and the 376 

comparison between datasets leads to identical conclusions to the L-moment plots. The lowest agreement 

of the duration variable to the GP/Exponential model is probably related to the discrete nature of the 378 

variable, which is expressed in days. Further research on the best model for the event duration variable is 

to be considered. 380 

 

3.2. Regional analysis: spatial parameter models 382 

In general, it was possible to obtain good regression models for all the parameters, both at the annual and 

seasonal basis (Table 4). The R2 values exceeded 0.60 in the majority of the cases, although there were 384 

differences as a function of the parameter modelled and the season. In general, annual parameters were 

better modelled than seasonal parameters, as it could be expected since the datasets had important 386 

differences in the sample size. No important differences were found between the goodness of fit of the 

models for )(ˆ xα  and )(ˆ xξ , although the R2 values were in general higher for peak intensity and duration 388 

than for magnitude. Differences in the model performance were quite noticeable between seasons, with 

spring and summer exhibiting the lowest R2 values, in general. 390 

Regarding the variables included in the models, latitude was included in all the models as the first or the 

second variable for )(ˆ xλ . Also the distance to the sea or the distance to the Atlantic Ocean/Mediterranean 392 

Sea were often included. Between the topographic factors, the variables filtered using the greatest radius 

(25 km) were usually included, indicating a very smoothed influence of relief on this parameter. The 394 

same was observed for )(ˆ xα  and )(ˆ xξ . Despite the restrictive significance value used in the stepwise 

procedure, a large number of variables entered the models in general, supporting the idea of a high spatial 396 

variability of the parameters. The distance to the sea and several topographic variables were the most 

important to model the parameters of peak intensity. For magnitude and duration, however, the variables 398 
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related to the slope and the distance to the seas were usually the most important. Topographic variables 

filtered using long radius (e.g., 25 km.) had, in general, a greater importance and are more times included 400 

in the models than the variables filtered using short radius (e.g. 5 km) or not filtered, showing again the 

non local character of the influence of the relief on these parameters. An exception to this was the 402 

summer season, for which few variables were included in the models. 

The spatial distribution of )(ˆ xα  and )(ˆ xξ on an annual basis showed important differences, and distinct 404 

patterns appeared (Figure 3).  

For peak intensity, both )(ˆ xα  and )(ˆ xξ showed higher values close to the Mediterranean Sea and the 406 

Pyrenees, but also in some areas near the Atlantic coastland to the north. There is a transitional area in the 

centre of the Ebro valley, and the lowest values for both parameters appeared in the western inner lands 408 

corresponding to the Meseta. In the north, close to the Atlantic Ocean, average values of )(ˆ xα are 

predominant, although )(ˆ xξ shows high values, similar to the ones observed in the Mediterranean coast 410 

land. In the Pyrenean Range there are some noticeable differences in the spatial distribution of )(ˆ xα  

and )(ˆ xξ . )(ˆ xξ shows the highest values in the central Pyrenees, corresponding to the highest elevations, 412 

whereas α shows the highest values in the eastern part of the chain, close to the Mediterranean Sea. 

The spatial patterns of )(ˆ xα  and )(ˆ xξ for the annual magnitude show some similitude to the ones observed 414 

for peak intensity. High values ofα are recorded in the Mediterranean coast land area and the Pyrenees, 

but the highest values are recorded in the north of the study area, close to the Atlantic Ocean. Also low 416 

values are recorded to the east of the study area, but also in some regions in the centre of the Ebro valley 

and the Iberian range. On the other hand, for )(ˆ xξ the spatial differences are more important, with a clear 418 

gradient throughout the study area. Lowest values of )(ˆ xξ appear in the centre of the Ebro valley, whereas 

there is a progressive increase towards the north of the study area, where the highest values of )(ˆ xξ are 420 

shown. 

Spatial patterns of )(ˆ xα and )(ˆ xξ change in the case of the event duration. The highest values for both 422 

parameters are recorded in the northernmost area, corresponding to the Atlantic coast land, but as a 



 18 

difference to the trend observed for magnitude, low values ofα appear in the Mediterranean coast land. 424 

Also some mountainous sectors of the Iberian range (westernmost chains) show high values of both 

parameters. There is a spatial gradient from the northwest to the southeast. The lowest values of the 426 

parameters are found in the centre of the Ebro valley and along the Mediterranean coast land. 

The spatial representation of )(ˆ xα and )(ˆ xξ for peak intensity, magnitude and duration of events informs 428 

about the characteristics of the precipitation events in the region. They can be very intense but short in the 

Mediterranean coast land and the Pyrenean range. On the contrary, in the Atlantic coast land, the events 430 

can have a very long duration but lower intensity, recording high accumulated magnitudes of rain. There 

are spatial gradients between these two areas, with some spatial discontinuities caused by the relief. The 432 

magnitude parameters show a maximum to the north as a consequence of high precipitation amounts 

recorded, despite the lower intensity of the events. Also high values of )(ˆ xα are found in the 434 

Mediterranean coastland as a consequence of the short but intense events in this area. Therefore, high 

values of )(ˆ xα are found for event magnitude in both areas, which is caused by completely different 436 

characteristics of the events in terms of duration and intensity. 

Regarding the validation of the spatial models of the Exponential distribution parameters (Figure 4 and 438 

Table 4), a good agreement was found in general between the regionalised parameters, { })(ˆ),(ˆ),(ˆ xxx λξα , 

and the ones obtained by at-site analysis, { }λξα ˆ,ˆ,ˆ . Nevertheless, some discrepancies were found between 440 

the regression lines and the line of perfect fit for the magnitude, for which the agreement between the 

annual at-site and regionalised parameters was also lower than for peak intensity and duration (D = 0.75 442 

and D = 0.82 for )(ˆ xα  and )(ˆ xξ , respectively). This is due to local or random variance which was not 

captured by the regression models, resulting in a spatial model that slightly underestimates the variability 444 

of the Exponential parameters for the magnitude. D values for annual )(ˆ xα  and )(ˆ xξ were higher than 0.94 

both for peak intensity and duration. Nevertheless, independently of these few differences, the quality of 446 

the regional modes was very high, as the high values of the agreement index (D) indicates. 
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It would be impossible to analyse here the spatial patterns of each one of the parameters at seasonal basis 448 

here, so only the four seasonal maps for )(ˆ xα  are shown as an example (Figure 5). There are noticeable 

seasonal differences in the spatial distribution of this parameter, with the highest values being recorded in 450 

the Mediterranean coastland and the eastern Pyrenees in autumn. In spring the spatial differences are 

lower than in other seasons, although some high values are recorded in areas close to the Mediterranean 452 

Sea and the northernmost regions. In winter, the highest values of )(ˆ xα are recorded in the eastern 

Pyrenees. 454 

Regarding the validation of the regional models at seasonal basis (Table 4), higher error statistics and a 

lower performance was obtained for magnitude than for peak intensity and duration parameters, in 456 

agreement with the findings in the annual case. Nevertheless, in most of the cases the agreement index 

was very high, independently of the variable and parameter analysed, with the only exception of the 458 

summer magnitude parameters and the summer duration )(ˆ xα , which had D values below 0.75. These 

results are clearly a consequence of the high uncertainty of precipitation during this season, due to the 460 

highly local convective processes responsible for most rain events. The creation of robust spatial models 

for this season is difficult even when average precipitation values are analysed (Vicente-Serrano et al., 462 

2007). It is normal that uncertainty increases when spatial patterns of extreme precipitation are analysed. 

This highlights the need of applying local correction procedures such as the interpolation of residuals as it 464 

is applied in this research, since the inclusion of variables that record the local geographic and 

topographic features at very detailed spatial scales (e.g., the incoming solar radiation and the slope) do 466 

not allow to obtain a noticeable improvement of the models. 

 468 

3.3. Annual maps of extreme quantiles 

Once the regional models of the Exponential distribution parameters have been validated and accepted, 470 

they can be used to obtain maps of peak intensity, magnitude and duration of the precipitation events 

corresponding to a given return period. In the case of a return period of thirty years (Figure 5), the spatial 472 

patterns of quantile estimates for peak intensity, magnitude and duration are very different. Values higher 
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than 140 mm in one day can be expected in the Mediterranean coastland, around the Ebro delta, the 474 

Barcelona coastland and the Catalan Pyrenees. In this last region the absolute maximum quantile 

estimates for peak intensity can be expected (241 mm in one day). Values higher than 170 mm can also 476 

be expected in the Central Pyrenees, although in this case restricted to the areas with highest elevation. 

There is a spatial gradient in the quantile estimates from the Mediterranean coastland to the western 478 

inlands, in which less than 60 mm is the maximum peak intensity expected in a period of 30 years. In the 

northern Atlantic coastlands high peak intensity values (> 140 mm.day-1) can be expected in some areas, 480 

too. 

Regarding the quantile estimates of the magnitude of precipitation events, the spatial differences are very 482 

important between the northern Atlantic coast land and the central Pyrenees, in which high magnitude 

quantile estimates dominate, and the rest of the study area, with low quantile estimates. Thus, differences 484 

between the regions are relatively more important than those found for peak intensity and duration. The 

highest magnitude estimates–650 mm in one single event—are predicted in the north of the Navarra 486 

region. On the contrary, a value of only 70 mm is predicted in the centre of the Ebro valley. In Catalonia 

and the Mediterranean coast land values higher than 225 mm are common, with some local sectors that 488 

record with values higher than 325 mm near the Ebro delta and the eastern Pyrenees. 

Finally, for event duration the quantile map shows the highest predicted values—above 20 days—in the 490 

Atlantic coast land and the Cantabrian Range. Also in the easternmost mountains of the Iberian Range are 

expected event durations higher than 16 days. Average values between 12 and 18 days extend to the 492 

central Pyrenees, although the eastern Pyrenees show low duration estimates of less than 10 days. The 

absolute lowest values are predicted recorded in the centre of the Ebro valley and along the 494 

Mediterranean coast land, with values maximum durations per event lower than 8 days. 

The validation of the regionalised quantiles with respect to the at-site ones showed a very high level of 496 

agreement (Figure 7 and Table 5). For peak intensity and duration quantiles the agreement index (D) is 

0.96. For magnitude quantiles the D value decreases to 0.85. This value is also high and the performance 498 

of the regional models can be considered very good taking into account the high spatial variability of the 
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variable. The MAE for magnitude is 43.7 mm, which is a low value in relative terms, regarding the high 500 

estimated values of this variable. The general pattern is towards a certain sub-estimation of the quantiles 

by the regional model with respect to the at-site estimations, mainly for the series in which the highest 502 

values of event magnitude are estimated. 

 504 

3.4. Seasonal maps of extreme quantiles 

The spatial pattern of event peak intensity quantiles is highly contrasted between the different seasons 506 

(Figure 8). In Winter, high peak intensity values of more than 100 mm per day are predicted in large areas 

of the north (Atlantic coast land and the Pyrenean Range), and the east (eastern Catalonia region). In the 508 

centre of the Ebro Valley and in the western inland areas maximum peak intensities lower than 40 mm 

per day are expected in winter. The spatial patterns of spring and summer are very similar, although in 510 

general the values of the expected peak intensity are lower than in winter. Autumn, on the contrary, 

shows a very different spatial pattern, with the highest peak intensities predicted in the Mediterranean 512 

region and in the central and western Pyrenees. In some areas of the north-eastern Catalonia region peak 

intensities higher than 300 mm per day are predicted. 514 

The validation of the regionalised quantiles with respect to the at-site ones showed a very high level of 

agreement for the four seasons (Table 5). The statistics show a good performance of the estimations, with 516 

very low mean absolute errors in relation to the range of the variable, and high D values, which for 

autumn and winter are above 0.95. For summer the agreement between at-site and regionalised quantiles 518 

is lower than for other seasons, although the D value is also very high (D = 0.88), which indicates a good 

performance of the model. 520 

With respect to the spatial pattern of event magnitude quantiles (Figure 9), noticeable seasonal 

differences are also found, although some similarities can be observed for winter, spring and autumn. The 522 

highest event magnitudes are expected in winter, whilst the highest peak intensity occurs in autumn. The 

centre of the Ebro valley shows the lowest magnitude quantile estimates in the four seasons. The highest 524 

seasonal contrasts are found in the Mediterranean coast land. In the northern Atlantic coastland high 
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values are recorded in the different non-summer seasons, but in the Mediterranean coastland the highest 526 

values are recorded in autumn (more than 200 mm per event are expected in autumn in large areas). 

Again, there is a good agreement between seasonal event magnitude quantiles estimated from 528 

regionalised and at-site estimated parameters (Table 5). For autumn and winter the relationship between 

both estimates is very close, with an agreement index of D = 0.94 and D = 0.93, respectively. In spring, 530 

and summer the relationship is worse. In spring there is a general underestimation of the quantile 

estimates using the regionalised parameters, and in summer the opposite behaviour is found. 532 

In the case of the event duration quantiles (Figure 10), less differences are found in the seasonal spatial 

patterns. The quantile estimates for winter, spring and autumn are very similar and resemble the pattern 534 

observed at an annual level. The highest event durations of events are predicted in the northern Atlantic 

coast land and in the easternmost chains of the Iberian range. The predicted values of maximum duration 536 

are also similar between the three seasons:  (more than 16 days in the north, and less than 8 days in the 

Mediterranean coast land and the centre of the Ebro valley). The unique exception is the summer season, 538 

in which spatial patterns are more complex and a high spatial diversity in the quantile estimates is found, 

in which the local factors seem to play an important role. The maximum duration of precipitation events 540 

recorded in summer for some areas can be the result of errors or anomalies in the models or the database. 

Nevertheless, this behaviour is recorded specially in mountainous areas as in the Western Pyerenees. It is 542 

well known that the maximum precipitation amounts are recorded during the summer in this area 

(Ninyerola et al., 2000), due to convective processes related to a high topographic diversity. Therefore, 544 

the results obtained in the north-east part of the study area agree with the expected climate of the region. 

A non-expected pattern was obtained in the south-west, in which a bulls-eye effect can be observed 546 

around the observatory of Cubillejo de la Sierra, which could be due to very local residual errors in the 

dataset. 548 

With the exception of the summer there is a close relationship between regionalised and at-site estimated 

quantiles (Table 5). Mean absolute errors are lower than 1.32 days, and D values are higher than 0.9. In 550 
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the summer, as a consequence of the higher local variability, a D value of 0.70 is found, which implies a 

higher uncertainty of the estimations. 552 

To summarize the information about the extreme precipitation events a regionalization of the study area 

was made as a function of the season in which the maximum quantile estimate for peak intensity, 554 

magnitude and duration is predicted (figure 11). 

 556 

3.5. Spatial and seasonal patterns of extreme precipitation events in the NE Iberian Peninsula: 
meteorological interpretation 558 
 
In general, the lowest event magnitude and duration have been found in the summer season, although 560 

high peak intensities are also expected, mainly in the inner regions. Generally, summer rains and showers 

are caused by convective storms as a consequence of the frequent thermal lows that affect the Iberian 562 

Peninsula (Capel, 2000; Campins et al., 2000; Martín-Vide and Olcina, 2001). During this season, and 

coinciding with dominant antyciclonic conditions and clear skies, there is a progressive warming of 564 

superficial air as a consequence of land warming. This causes a decrease of pressure in the superficial 

atmospheric layer and an entrance of maritime air from the coastlands because the sea surface is colder as 566 

a consequence of thermal inertia. Thermal lows do not produce global precipitation in the region because 

the moisture conditions are in general low, but they can produce intense and local precipitation as a 568 

consequence of the interaction between convective conditions and the relief. Therefore, the spatial 

distribution of summer rains depends essentially on local factors, having a high spatial variability in time 570 

and space, which explains the lower quality of the parameter models and the quantile estimates for the 

summer season compared to other seasons. 572 

Higher duration and magnitude of precipitation events is found in autumn, spring and winter. During the 

winter the atmospheric patterns that control precipitation in the Iberian Peninsula are the Atlantic 574 

perturbations associated to the Polar fronts that cross the Iberian Peninsula from west to east. These 

perturbations cause precipitation events of relatively low intensity but of a spatially extensive nature and 576 

long duration. This explains the low peak intensities estimated in the majority of the study area in winter, 

but also the highest magnitudes. 578 
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Nevertheless, spatial variability is very high in the winter season, with the maximum magnitude values 

expected in the Atlantic coastland and the western Pyrenees. In this case the relief also plays a major role 580 

because precipitation in the Atlantic coast is usually associated with northerly flows (Serrano et al., 

1999). Under these conditions the Cantabrian chain, parallel to the coast, forces the air masses to ascend 582 

(orographic forcing), producing precipitation events of high magnitude and duration on the windward side 

(northern slopes). On the contrary, the air mass reaches the southern slopes dry and hot because of the 584 

föhn effect. For this reason there is a very sharp and continuous spatial boundary between the northern 

areas and the Ebro valley in winter, because this region is isolated with respect to the Atlantic influences 586 

by the Cantabrian chains. 

The unique exception to this spatial pattern is the easternmost area of Catalonia, in which events of high 588 

magnitude are also expected in winter, but coinciding with high peak intensities of more than 140 mm per 

day. Although the Polar front depressions are usually less strong when they arrive to the east, sometimes 590 

they are affected by a rapid cyclogenesis when they arrive at the Mediterranean Sea as a consequence of 

vorticity created by the asymmetrical heating pattern from the cold land to a relatively warm sea (Llasat 592 

and Puigcerver, 1997). This has the effect of reactivating the atmospheric instability, and the 

Mediterranean Sea would provide the necessary moisture to cause intense precipitation events. Moreover, 594 

eastern Catalonia is also affected in winter by a precipitation pattern characterised by a centre of high 

pressure over the Atlantic Ocean and a centre of low pressure over Algeria (Serrano et al., 1999). This 596 

situation causes an easterly wind flow of high moisture content as it crosses the Mediterranean, affecting 

the easternmost areas of Catalonia which are open to these flows. 598 

The westernmost sector of the study area (called 'La Meseta') does not show high estimated event peak 

intensity and magnitude in winter and spring, but a high duration of events is expected (12 to 14 days). 600 

This sector has similarities to the precipitation variability in the eastern and central areas of the Iberian 

Peninsula in autumn and winter (Serrano et al., 1999), the air masses arriving from the Atlantic ocean 602 

being the main source of precipitation since no mountain chains exist oriented in the northsouth direction 

which act as topographical barriers. Therefore, strong westerly flows that drive the humid Atlantic air 604 
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masses to the Peninsula would be the cause of major precipitation in the Meseta region. Nevertheless, 

although the events can last for several days, the expected magnitude is low because the westerly flows 606 

that arrive to the study area are exhausted after crossing a major part of the Iberian Peninsula. 

In autumn events of high magnitude and duration are expected over most of the study area, with the 608 

highest peak intensities expected along the Mediterranean coastland and in the eastern Pyrenees. Llasat 

and Puigcerver (1997) identified two kind of extreme events affecting this region: i) short and high 610 

intensity summer or early autumn showers or thunderstorms, usually of local character; and ii), more 

extensive events, usually during the autumn, which cause catastrophic floods. Both are caused mainly by 612 

convective activity and/or potential instability triggered by airflow and topographical features. 

The high atmospheric instability that characterises the region during autumn and causes very intense 614 

precipitation are caused by the arrival of cold fronts generated by northerly, north-easterly or easterly 

flows or cold continental air (cut-off lows) over the Mediterranean Sea (Ramis et al., 1997). The warm 616 

condition of this sea causes a moisture recharge of the air masses, which are subsequently transported 

towards the coastland region in which the topography can favour torrential precipitation (Pastor et al., 618 

2001). This explains the event peak intensities of more than 250 mm per day which are expected in this 

area for a return period of 30 years. In fact, even higher values have been recorded a bit more to the south, 620 

in the Valencia region, where the absolute maximum reached 800 mm in 24 hours (Peñarrocha et al., 

2002). 622 

In general, the role of the relief is very important to explain the spatial distribution of the highest quantile 

estimates, with a sharp boundary corresponding to the mountains that surround the Ebro valley in the 624 

centre of the study area. Air inflows in late summer and autumn caused by cut-off lows usually come 

from the southeast. The coastal ranges which exist parallel to the coast line force the air masses to ascend, 626 

which causes its instabilization and explains the very high discharge in the chains near the littoral. If more 

ascent is necessary for the instabilization of the air masses, then the highest precipitation rates are 628 

recorded in the mountains located further north (the Pyrenees), where the air flows are forced to ascend 

even more (Llasat and Puigcerver, 1997). Thus, the highest concentration of cyclones in the whole 630 



 26 

western Mediterranean region is recorded to the south of the eastern Pyrenees (Campins et al., 2000). The 

western slopes of the coastland ranges, however, are not affected by this phenomenon, and the highest 632 

peak intensities estimated for a period of 30 years are lower than 60 mm, contrasting with values of more 

than 160 mm expected in the eastern slopes.  634 

Despite the high intensity, precipitation tends to be concentrated in a short number of days in the 

Mediterranean coastal region (Martín-Vide, 2004). In fact, extreme precipitation events are usually 636 

concentrated within a few hours, and have also a marked spatial concentration because of the importance 

of the local relief in the formation of convective systems (Peñarrocha et al., 2002). This also explains why 638 

the total event magnitude of the autumn events is smaller than in other regions in the study area, such as 

the Atlantic coast. 640 

An important role of the relief has been also observed in the case of the central Pyrenees, in which 

southerly flows caused by low pressures in northwest Spain and the Gulf of Biscay are also the cause of 642 

important precipitation events in winter, spring and autumn (Romero et al., 1999b). The south-western 

flows that affect the whole of the Iberian Peninsula and reach the Ebro Valley relatively exhausted are 644 

reactivated in the Pyrenees (Esteban et al. 2002; Vicente-Serrano 2005), which would help to explain the 

high values of peak intensity and magnitude of events expected in this region during most of the year. 646 

 

 648 

4. Conclusions 

In this paper we have investigated the spatial distribution of the probability distribution parameters and 650 

quantile estimates of extreme precipitation event parameters—intensity, magnitude and duration—over a 

large region in northeast Spain with a marked Atlantic-Mediterranean climatic transition. Apart from the 652 

global dataset including all the events, which we termed annual analysis, we performed independent 

seasonal analysis considering only those events occurring in winter, spring, summer and autumn, in order 654 

to reflect the different physical mechanisms that originate rainfall at different times of year. 
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The analysis has been based on precipitation events and not only on daily precipitation data, which 656 

allowed for a much more complete description of extreme precipitation in the region. Considering the 

duration and total magnitude of the events, instead of only the daily intensity as it is usually done in many 658 

studies, is of great importance for practical reasons, for example in estimating the hazard associated to 

extreme climatic events. 660 

We have shown that the annual and seasonal exceedance series of event-related parameters can be fitted 

with a high level of accuracy to the Exponential distribution, especially in the case of the events 662 

magnitude and intensity. In the case of the events duration the appropriateness of the Exponential 

distribution was weaker at the seasonal scale, especially in the case of the summer events, proving that 664 

finding a single distribution representing the statistical behaviour of this variable for all series is a 

difficult task that needs further study. 666 

We choose the Exponential distribution in favour to its three-parameters and more flexible parent, the 

Generalized Pareto distribution, because of its highest robustness due to having one less parameter. This 668 

decision was motivated by the reduction of the sample size when working at the seasonal level, and it was 

ratified by an independent test. However, if the methodology outlined on this work is to be applied to 670 

other datasets, especially in the case of larger datasets—a dataset comprising 33 years was used here—, it 

is advisable that the use of the GP distribution be considered. 672 

Thanks to the high spatial density of the database it was possible to obtain a regional probability 

distribution model based on multivariate regression and spatial interpolation techniques. This approach 674 

represents an improvement over previous approaches based on at-site estimates and subsequent 

interpolation, because it increases the robustness of the models and helps in obtaining maps of quantile 676 

estimates for the required return periods, which is an important advantage for possible end-users. 

Compared to other regionalisation methods based on delimiting homogeneous regions and using averaged 678 

parameters, the methodology used on this study allows for a much more detailed and accurate spatial 

representation. 680 
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The method used on this study has demonstrated enough flexibility to capture the large heterogeneity of 

precipitation present in the study region. Noticeable spatial and seasonal differences have been found for 682 

quantile estimates of peak intensity, magnitude and duration of the precipitation events, which can be 

explained by the atmospheric factors and processes that dominate the precipitation in the region. This 684 

demonstrates the usefulness of this methodology as a practical tool for regional hazard estimation 

applications, such as in planning preventive measures against regional torrential floods, or in land 686 

planning and management. 
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Table 1. List of independent geographic and topographic covariates using for regression-based 918 
interpolation of the Exponential distribution parameters 

 920 

LAT Latitude (km) 

LONG Longitude (km) 

D_SEA Distance to the Sea (km) 

D_MED Distance to Mediterranean Sea (km) 

D_ATL Distance to Atlantic Ocean (km) 

ELEV Elevation (m) 

ELEVx Average elevation (m) within x, where x is a circular window with radii of 2.5, 5, and 25 km 

RAD Annual average incoming solar radiation (MJ × day) 

RADx Annual average incoming solar radiation (MJ × day) within x, where x is a circular window with 
radii of 2.5, 5, and 25 km 

SLOPE Slope gradient (%) 

SLOPEx Average slope gradient (%) within x, where x is a circular window with radii of 2.5, 5, and 25 km 



 34 

Table 2: Several error statistics used as goodness-of-fit and model validation in this work. 922 
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Table 3. Goodness of fit of the Exponential distributions, at-site analysis (QQWR2 goodness of fit 926 

statistic): a) event duration; b) event magnitude; c) peak intensity. 

a) average st. dev max min 
annual 0.955 0.002 0.957 0.952 
winter 0.967 0.008 0.975 0.960 
spring 0.872 0.008 0.880 0.864 
summer 0.919 0.004 0.924 0.916 
autumn 0.908 0.069 0.979 0.841 
     

b)     
annual 0.965 0.010 0.974 0.954 
winter 0.917 0.006 0.922 0.911 
spring 0.941 0.003 0.943 0.938 
summer 0.932 0.040 0.970 0.891 
autumn 0.854 0.135 0.984 0.713 
     

c)     
annual 0.962 0.028 0.998 0.789 
winter 0.916 0.057 0.995 0.673 
spring 0.927 0.054 0.998 0.714 
summer 0.921 0.058 0.996 0.670 
autumn 0.924 0.054 0.993 0.704 
 928 
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Table 4. Goodness of fit of the Exponential distribution parameters regression models (R2), and variables 930 
entering in each model: a) peak intensity; b) magnitude; c) duration; d) annual frequency of events (λ 
parameter). The order of the variables indicates their importance in the model. 932 
 
 R2 Variables 
a)   

Annual (α ) 0.73 D_SEA, SLOPE10, D_ATL, ELEV10, ELEV, D_MED, SLOPE25, ELEV25, RAD25 

Annual ( ξ ) 0.70 SLOPE25, D_SEA, RAD25, ELEV25, ELEV10, LAT, D_MED, LONG 

Autumn (α ) 0.62 D_SEA, RAD25, D_ATL, ELEV25, D_MED, SLOPE25, ELEV 

Autumn ( ξ ) 0.73 D_SEA, RAD25, ELEV25 LAT, SLOPE25, ELEV10, D_MED, D_ATL 

Winter (α ) 0.64 D_SEA, SLOPE10, D_ATL, LAT, D_MED, ELEV25, ELEV, SLOPE25, SLOPE5 

Winter ( ξ ) 0.68 SLOPE10, D_SEA, RAD25, D_MED, D_ATL, ELEV25, SLOPE25, ELEV 

Spring (α ) 0.61 D_SEA, SLOPE10, ELEV25, D_ATL, ELEV, SLOPE5, D_MED, SLOPE25, RAD10 

Spring ( ξ ) 0.58 ELEV25, D_SEA, SLOPE25, ELEV5 

Summer (α ) 0.22 D_SEA, SLOPE10, ELEV10 

Summer ( ξ ) 0.46 RAD25, LONG, SLOPE10, D_SEA 

   
b)   

Annual (α ) 0.65 D_SEA, SLOPE10, LONG, ELEV25, SLOPE25, D_MED, ELEV, LAT 

Annual ( ξ ) 0.65 SLOPE25, D_SEA, D_MED, SLOPE10, ELEV25, ELEV5, RAD25, LAT, LONG, D_ATL 

Autumn (α ) 0.63 D_SEA, SLOPE10, LAT, ELEV25, D_MED, D_ATL, SLOPE25, ELEV 

Autumn ( ξ ) 0.63 SLOPE25, D_SEA, SLOPE10, D_MED, ELEV25, RAD25, LAT, ELEV5 

Winter (α ) 0.56 SLOPE10, D_SEA, D_ATL, D_MED, ELEV25, SLOPE25, ELEV, SLOPE5 

Winter ( ξ ) 0.64 SLOPE10, D_SEA, D_MED, ELEV25, RAD25, D_ATL, SLOPE25, ELEV5, SLOPE5 

Spring (α ) 0.58 D_SEA, RAD25, ELEV25, D_MED, SLOPE25, ELEV5 

Spring ( ξ ) 0.58 SLOPE10, D_SEA, ELEV25, D_MED, SLOPE25, ELEV5, RAD5, SLOPE5 

Summer (α ) 0.39 SLOPE10, D_SEA, D_ATL, RAD5, ELEV10 

Summer ( ξ ) 0.52 LAT, SLOPE10, D_SEA, RAD25 

   
c)   

Annual (α ) 0.67 D_MED, SLOPE10, D_SEA, D_ATL 

Annual ( ξ ) 0.70 D_MED, D_SEA, LONG, SLOPE10, SLOPE5, RAD10, RADIAC25 

Autumn (α ) 0.56 D_MED, D_SEA, SLOPE10, D_ATL, LONG, LAT 

Autumn ( ξ ) 0.66 D_SEA, SLOPE10, D_MED, RAD10, SLOPE5, LONG 

Winter (α ) 0.53 D_MED, D_SEA, SLOPE10, LAT 

Winter ( ξ ) 0.62 D_ATL, SLOPE10, D_SEA, D_MED, RAD25, SLOPE25 

Spring (α ) 0.65 D_MED, LONG, SLOPE10, D_SEA, RAD10, LAT, D_ATL 

Spring ( ξ ) 0.68 SLOPE10, D_MED, D_SEA, RAD10, LONG, SLOPE25, RAD25 

Summer (α ) 0.34 D_MED, SLOPE, D_ATL, RAD5 

Summer ( ξ ) 0.66 LAT, D_SEA, D_MED, SLOPE10, LONG, D_ATL, RAD25 
   
d)   

λ  (annual) 0.58 LAT, RAD25, SLOPE25, D_SEA, ELEV25 

λ  (autumn) 0.49 LAT, RAD25, SLOPE25, D_SEA, ELEV25 

λ  (winter) 0.65 D_MED, LAT, RAD25, SLOPE25, ELEV 

λ  (spring) 0.50 LAT, ELEV, D_SEA, RAD25, SLOPE25 

λ   (summer) 0.58 LAT, SLOPE25, RAD25, D _ATL 

 934 
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Table 5. Error/accuracy statistics for annual and seasonal quantile estimates for a 30 years return period: 936 

a) peak intensity; b) magnitude; and d) duration. 

 Average MAE MBE D 

a)     
annual 99.84 8.60 1.28 0.96 
autumn 87.01 11.00 1.27 0.95 
winter 68.73 8.94 1.26 0.95 
spring 64.70 7.84 -1.46 0.91 
summer 68.58 7.19 -0.43 0.88 
     
b)     
annual 228.41 43.74 -29.78 0.85 
autumn 172.03 25.26 -4.12 0.94 
winter 159.05 25.51 -0.60 0.93 
spring 144.82 23.54 -12.19 0.90 
summer 92.79 20.44 11.85 0.70 
     
c)     
annual 12.27 1.17 0.26 0.96 
autumn 8.92 1.25 0.23 0.92 
winter 9.84 1.16 0.28 0.96 
spring 10.10 1.31 0.08 0.93 
summer 7.37 1.32 -0.14 0.70 
 938 
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Figure captions 940 

Figure 1. Spatial location and relief (elevation in m a.s.l.) of the study area. Daily precipitation series used 

for modelling and validation are shown 942 

Figure 2. L-moment plots: comparison between theoretical (lines) and empirical (dots) L-skewness (x 

acis) and L-kurtosis (y axis). Several theoretical distributions are shown: Generalized Pareto (continuous 944 

line), Exponential (intersection between the vertical and horizontal lines), Lognormal (dashed line) and 

Pearson III (dotted line). 946 

Figure 3. Spatial distribution of the Exponential distribution parameters )(ˆ xα and )(ˆ xξ  corresponding to 

annual series: 1) peak intensity )(ˆ xα ; 2) peak intensity )(ˆ xξ ; 3) magnitude )(ˆ xα ; 4) magnitude )(ˆ xξ ; 5) 948 

duration )(ˆ xα ; 6) duration )(ˆ xξ . 

Figure 4. Comparison between predicted (y axis) and observed (x axis) annual values of )(ˆ xλ of peak 950 

intensity, magnitude and duration for the validation set (10% of the observatories), line of perfect fit 

(continuous) and regression line (dashed). 952 

Figure 5. Spatial distribution of )(ˆ xα corresponding to seasonal series of peak intensity: 1) winter; 2) 

spring; 3) summer; 4) autumn. 954 

Figure 6. Annual quantiles maps corresponding to a return period of 30 years: 1) peak intensity (mm day-

1); 2) magnitude (mm); and 3) duration (days). 956 

Figure 7. Comparison between the quantile estimates of peak intensity, magnitude and duration for a 

return period of 30 years using spatially modelled (y axis) and at-site (x axis) Exponential distribution 958 

parameter estimates, line of perfect fit (continuous) and regression line (dashed). 

Figure 8. Seasonal quantile maps of peak intensity (mm day-1) corresponding to a return period of 30 960 

years: 1) winter; 2) spring; 3) summer; and 4) autumn. 

Figure 9. Seasonal quantile maps of rainfall magnitude (mm) corresponding to a return period of 30 962 

years: 1) winter; 2) spring; 3) summer; and 4) autumn. 

Figure 10. Seasonal quantile maps of rainfall event duration (days) corresponding to a return period of 30 964 

years: 1) winter; 2) spring; 3) summer; and 4) autumn. 
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Figure 11. Regionalization of the study area as a function of the season in which the maximum quantile 966 

estimate is recorded: 1) peak intensity; 2) magnitude; and 3) duration. 

 968 
























