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Abstract 

 

In Mediterranean regions, climate studies indicate for the future a possible increase in the 

extreme rainfall events occurrence and intensity. To evaluate the future changes into the 

extreme event distribution, there is a need to provide non-stationary models taking into 

account the non-stationarity of climate. In this study several climatic covariates are tested in a 

non-stationary peaks-over-threshold modeling approach for heavy rainfall events in southern 

France. Results indicate that the introduction of climatic covariates could improve the 

statistical modeling of extreme events. In the case study, the frequency of southern synoptic 

circulation patterns is found to improve the occurrence process of extreme events modeled via 

a Poisson distribution, whereas for the magnitude of the events, the air temperature and sea 

level pressure appear as valid covariates for the Generalized Pareto distribution scale 

parameter. Covariates describing the humidity fluxes at monthly and seasonal time scales also 

provide significant model improvements for both the description of the occurrence and the 

magnitude of heavy rainfall events. With such models including climatic covariates, it  

becomes possible to asses the risk of extreme events given certain climatic conditions, at 

monthly or seasonal timescales. The future changes in the heavy rainfall distribution can also 

be evaluated using covariates computed by climate models. 

 

1 Introduction 

 

The frequency analysis techniques are commonly used for the estimation of the return periods 

of extreme hydro-meteorological events, such as floods or heavy rainfall (Coles, 2001, Coles 

et al., 2003). In the recent years, several studies have indicated a possible increasing trend in 
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the occurrence and severity of the heavy rainfall events across the Mediterranean region 

(Goubanova and Li, 2007; Natsos and Zerefos, 2008; Giorgi and Lionello, 2008). Therefore 

there is a need to assess the possible changes in the extreme precipitation distribution. The 

main way to incorporate the non-stationarity of climate into frequency models is to make their 

parameters dependent on time or other covariates (Katz et al., 2002). Several studies have 

analyzed the trends in heavy rainfall using extreme value models with time-dependent 

parameters (Pujol et al., 2007; Beguería et al., 2010). However, in order to produce future 

scenarios there is a need to include in such models climatic covariates instead of time, since 

there is no evidence that the observed temporal trend would be the same in the future. The 

goal of this study is to identify relevant climatic covariates to be included in a frequency 

model for heavy rainfall.  

 

2 Study area  

 

The southern coastal area of France, corresponding to the Cévennes region, is often hit by 

heavy rainfall events causing catastrophic flash-floods during the fall season (Pujol et al., 

2007). Daily rainfall from 44 Météo-France rain gauges in the South of the Cévennes-

Vivarais region were used (Fig.1), with daily rainfall between 1958 and 2008 and less than 

2% missing data. The selected stations correspond to a homogeneous region with regard to 

extreme rainfall events, as shown in the regionalization proposed by Pujol et al. (2007). The 

heavy rainfall events, defined in the present study as daily rainfall exceeding the threshold of 

100 mm during the fall season (September to November, with the highest frequency in 

October) have been extracted for each station. This threshold corresponds to events causing 

human losses and economic damage in the study area (Boissier and Vinet, 2009). It was 
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selected after verifications of the frequency model hypothesis with mean excess plots and a 

sensitivity analysis of the GP and Poisson distribution parameters to a range of different 

threshold values (Coles et al. 2003 or Beguería et al., 2010). Then a regional sampling 

approach has been considered in order to avoid spatial and temporal correlations between the 

heavy rainfall events (Tsavelas et al., 2010). The sampling rules are a minimum of 2 days in 

between two consecutive events and in the case of events occurring the same day in several 

stations only the maximum value is conserved in the sample. The resulting sample includes 

168 events. 

 

3 Frequency model 

 

A peaks-over-threshold (POT) model is considered, in order to analyze both the occurrence 

process and the magnitude of heavy rainfall events (Coles, 2001; Coles et al., 2003; Tsavelas 

et al., 2010). The occurrence of threshold exceedances is assumed to follow a Poisson 

distribution and the magnitude of exceedances a Generalized Pareto (GP) distribution (Coles, 

2001). The Poisson distribution has one parameter, λ, corresponding here to the average 

number of threshold exceedances during the fall season between 1958 and 2008. The Poisson 

probability distribution function (PDF) is given by: 
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The GP distribution that models the threshold exceedances has 3 parameters: α the scale 

parameter, κ the shape parameter and q0 the threshold level.  The threshold level is determined 

a priori: here q0=100mm. The GP distribution has the following PDF: 
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The inclusion of covariate information is tested only on the λ and α parameters, using a log-

linear type of dependance: 

 

)...exp()( 2211 nn XaXaXabt +++=θ    (3) 

 

Where θ is the model parameter (λ or α), n the number of X covariates, a and b parameters to 

be estimated. In the present study, the estimation of the stationary and non-stationary model 

parameters is performed through the Maximum Likelihood method.   

 

The deviance statistic test based on the log-likelihood (ln*) is chosen to compare the 

stationary (M0) and non-stationary (M1) models:  
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Large values of D indicate that the model M1 is more adequate at representing the data than 

the model M0. The D-statistic is distributed according to a chi-square distribution, with υ 

degrees of freedom, where υ is the difference between the number of parameters of the M1 

and M0 models (Coles,2001).  
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4 Climatic datasets 

 

Several climatic covariates are tested to be included in the POT model, they include:  

 

1. A classification (EDF-2006) of the synoptic patterns associated with rainfall events 

over France, developed by Paquet et al. (2006) and Garavaglia et al. (2010). This 

classification is based on the geopotential height fields at 700 and 1000 hPa pressure 

levels for rainy days over France. The resulting 8 weather patterns (WP) provide a 

picture of the diversity of synoptic situations associated with rainfall over France. In 

particular, the patterns WP7 (“Central Depression”) and WP4 (“South Circulation”) 

shown on the Fig. 2 are linked to Mediterranean circulations that usually bring heavy 

rains to south-eastern France (Paquet et al., 2006). The prevailing WP in fall during 

1958- 2008 are the WP8 (25%), WP4 (22,8%) and WP2 (21.5%) when WP7 only 

account for 3.9% of the days. The frequencies of WP4 and WP7 each fall were 

computed in order to be tested as covariates.  

 

2. NCEP/NCAR reanalysis data for atmospheric covariates at daily, monthly and annual 

time steps. The data from the four 2.5°x2.5° grid cells covering the region (Fig.1) were 

extracted. Several studies have shown that heavy rainfall events in the study area were 

linked with the presence of moist and warm air associated with a strong convergent 

southeasterly low-level flow (Joli et al., 2009). The variables considered include the 

mean sea level pressure (SLP), the potential temperature (PTEMP) and the air 

temperature (TEMP) at the surface level, specific humidity (SHUM), the geopotential 
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height (HGT) and the U and V wind components at the 850 and 925 hPa levels. The 

humidity flux (FHUM) from the Mediterranean Sea is computed as the product of the  

strength of south-easterly winds and the specific humidity.  

 

3. The Mediterranean Oscillation (MO) index, defined by Conte et al. (1989) as the 

normalized pressure difference between Algiers (36.4°N, 3.1°E) and Cairo (30.1°N, 

31.4°E). The MO has been considered the most important regional low-frequency 

pattern influencing rainfall in the Mediterranean basin by some studies (e.g. Maheras 

et al., 1999). Therefore its influence on heavy rainfall events in South France is tested.  

 

4. Sea surface temperatures (SST) from NOAA-NCDC Extended Reconstructed Sea 

Surface Temperature Dataset (ERSST), Version 3b. The monthly analysis are 

available at a spatial grid resolution of 2° from 1880 to present and are retrieved for 

the grid pixels corresponding to the Mediterranean Sea in the Gulf of Lion. Previous 

studies have shown that heavy rainfall events occurring in the Southern French 

Mediterranean region are associated with warm anomalies of SST in the West 

Mediterranean Sea (Funatsu et al., 2009). 

 

5 Results 

 

The different covariates are tested in the non-stationary POT model. For each combination of 

covariates, the deviance score is computed between the stationary Poisson (P0) model  and the 

non-stationary Poisson (P1) model including the covariate. The same approach is used for the 

GP distribution, between the stationary model GP0 and the non stationary model GP1 with 
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covariate. In Tables 1 and 2 are presented the deviance scores significant at the 5% level. For 

the Poisson distribution (Table 1), several covariates computed during the fall season are 

found to improve the model. These variables include the frequency of the WP4 and WP7, the 

humidity flux in the low layers of the atmosphere (FHUM925) and to a lesser extend the air 

temperature and SST. This indicate that either an increase in the frequency of WP4 or WP7, 

in the humidity flux, in air or sea temperature, during the fall season, is associated with an 

increased number of heavy rainfall events.   

 

For the GP distribution, as shown in Table 2, several covariates computed at a monthly time 

scale from the NCEP reanalysis can also improve the model. In particular, the temperature 

associated with the sea level pressure yield the largest deviance score. The humidity flux from 

the Mediterranean Sea (FHUM925), the geopotential height at the 850 hPa level (HGT850) 

and the meridional wind component at the 925 hPa level (V925) are also improving 

significantly the model. Therefore, an increase in the monthly average of these climatic 

parameters is associated with an increased intensity of the heavy rainfall events. Monthly or 

seasonal SST values are not found to be valid covariates in the GP model. Finally, time as a 

covariate also provide a significant deviance score when included in the GP1 model, 

indicating an increasing trend in the intensity or strength of heavy rainfall events during the 

observation period.  

 

The MO index is not found to improve the Poisson nor the GP model, when considering 

monthly or seasonal averaged MO index values. Nevertheless, the heavy rainfall events are 

mostly associated with negative daily values of the MO index. Fig. 3 shows the distribution of 

the MO index values associated with the different events. Vicente-Serrano et al. (2009) also 
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found that atmospheric circulation indexes at daily timescales seems to be more appropriate 

than monthly indexes when describing the influence of atmospheric circulation on the risk of 

heavy precipitation. However, to make future projections, there is a need to incorporate in 

non-stationary models time-averaged covariates since the global climate models are better at 

producing a climatology rather than day-to-day chronology. 

  

With the possible covariates identified, it becomes possible to propose functional 

relationships between the POT model parameter and climatic covariates. The frequency of 

WP4 in fall (fWP4) is selected as covariate for the λ parameter of the Poisson distribution to 

give the following formula :  

 

λ(fWP4) = exp(0.29fWP4 - 3.36)    (5) 

 

As shown in Fig. 4, the non-stationary λns parameter can vary from 1.8 to 6, when for the 

stationary distribution λs = 3.22. Similarly, the scale parameter α of the GP distribution is 

related to the monthly air temperature and seal level pressure with the following:   

 

α(SLP,TEMP)= exp(0.75SLP+0.06TEMP-92.65)  (6) 

 

The shape parameter is equal to 0.042 for the stationary GP and to 0.035 for the non-

stationary GP, indicating similar heavy tailed distributions. For the stationary GP model, αs 

=54.98 whereas in the non-stationary model (Fig.5) αns can vary from 26.3 to 93.47, 

depending on the values taken by the covariates SLP and TEMP.  
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6 Summary and conclusions 

 

Several covariates have been tested to be included in a POT model for heavy rainfall events in 

southern France. Non-stationary models, with their parameter dependent on covariates, have 

been compared with classical stationary models, with fixed parameters, using the statistical 

deviance test. Several covariates are found improve the POT model. In particular, the 

frequency of southern-circulation patterns (WP4 & WP7 in the EDF-2006 classification), the 

humidity flux from the Mediterranean Sea, air temperature and sea surface temperatures 

appear as valid predictors for the occurrence process of heavy rainfall events. For the intensity 

of the events, sea level pressure and air temperature are the best predictors. Such non-

stationary models including climatic covariates can help understanding the relationships 

between the extreme events and the associated physical and climatic processes. With model 

parameters dependent on climatic covariates, the next step would be to use the outputs of 

General Circulation Models to predict the evolution of the possible values taken by the 

covariates in the future. This approach provides a way to evaluate the future possible changes 

in the frequency or the magnitude of heavy rainfall events induced by the global warming. It 

also gives the possibility to re-evaluate the quantiles of different return periods on a seasonal 

basis, hence allowing a better risk assessment in the context of climate change. Other non-

stationary models need to be tested, also including covariate information on the shape 

parameter of the GP distribution.  
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Tables 

 

Table 1: Deviance statistic for the covariates tested with the Poisson distribution  

 

Covariates tested with P1 

(SON averages) Deviance statistic  

Frequency of WP4 14.31 

FHUM925 14 

Frequency of WP7 7.19 

SST 5.7 

TEMP 4.8 

 

Table 2: Deviance statistic for the covariates tested with the GP distribution  

 

Covariates tested with 

GP1 (monthly averages) Deviance statistic  

TEMP + SLP 12.89 

HGT850 11.64 

FHUM925 9.07 

SLP 8.33 

V925 6.31 

TEMP 5.8 

PTEMP 4.68 

Time 4.35 
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Index of figures  

 

Figure 1: Location of the 44 rain gauges in Southern France 
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Figure 2: Average geopotential height at 1000 hpa for the Weather patterns 7 and 4 of the 

EDF2006 classification (from Garavaglia et al., 2010). The arrows indicate the airflow, near the 

surface, induced by the prevailing synoptic conditions.  
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Figure 3: Daily Mediterranean Oscillation Index values associated with heavy rainfall events 
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Figure 4: Relationship between the number of heavy rainfall events and the frequency of WP4 

in fall.  
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Figure 5: Relationship between the scale parameter of the GP distribution and monthly 

temperature and sea level pressure 

 

 

 


