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a b s t r a c t Morocco is a North African country highly vulnerable to extreme precipitation events. In the present study, past trends in extreme precipitation and future projections using an ensemble of regional climate models (RCM) are evaluated. The extreme precipitation distributions during the extended winter season (October to April) in 10 stations are ﬁtted with Generalized Extreme Value models (GEV). The dependence of the GEV parameters with time, winter North Atlantic Oscillation (NAO) and Mediterranean Oscillation (MO) indexes have been tested. Results indicate no signiﬁcant trends in extreme precipitation during the observation period 1961–2007. However, dependences between precipitation extremes and NAO or MO indexes are detected, in particular for the Atlantic stations. Then 15 RCM simulations provided by the ENSEMBLES European project ran with the A1B scenario are considered to provide future projections. The Cramér–von Mises (CM) statistic is introduced as a measure of adequacy between the observed extreme precipitation distributions at the different stations and the distributions simulated by the RCMs. The CM statistic can thus provide weights to build a multi-model ensemble of future projections based on model performance in the present climate. Even if some models exhibit good skills, there is a great variability in the RCM performances to reproduce the seasonal cycle and the extreme precipitation distributions at the different stations. The projected changes on extreme precipitation at the stations are evaluated with quantiles computed for different return periods, ranging from 2 to 40 years, during the control period 1961–2007 and two projection periods, 2020–2050 and 2070–2099. The climate change scaling factors on extreme quantiles provided by the different RCMs are averaged with equal weights, or with weights obtained from the inverse of the CM statistic. The climate change signal in the RCM simulations indicate a decrease in extreme precipitation quantiles, −12% in average for the projection period 2070–2099 but a great variability and lower convergence between models is found for the projection period 2020–2050. Overall, there is a good model convergence towards a decrease for the Atlantic stations. For the Mediterranean stations, the projected changes are difﬁcult to assess due to the great variability. The two weighting schemes tested for model outputs provide similar results. © 2011 Elsevier B.V. All rights reserved.



1. Introduction Climate change is likely to produce more extreme precipitation events (Allan and Soden, 2008). For the Mediterranean basin, several studies indicate a possible ampliﬁcation of precipitation extremes associated with a decrease of precipitation totals (Gao et al., 2006; Giorgi and Lionello, 2008). This could lead to an increased probability of occurrence of events inducing both ﬂoods and droughts (Gao et al., 2006). Morocco is a North-African country where the vulnerability of the populations to extreme hydrological events is high (Douglas et al., 2008; Di Baldassarre et al., 2010). The ﬂoods and ﬂash-ﬂoods in Morocco are mostly generated by torrential rainfalls (Driouech et al., 2009; Bouaicha and Benabdelfadel, 2010). Several events causing human losses
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and economic damages have been reported in the recent years, in 1995 (Ourika valley), 2002 (Mohammadia, El Jadida, Taza, Tétouan, Settat, Berrechid) or 2009 (Rabat, Tanger, Nador, Casablanca, Khenifra, Tétouan, Agadir, Essaouira) and the vulnerability of the major Moroccan cities to extreme precipitation and ﬂoods increased in the last two decades (Bouaicha and Benabdelfadel, 2010). With the different climate model projections available, it becomes possible to provide multimodel evaluations of the climate change impacts on extreme precipitation in Morocco. In the present study the impact assessment is based on future projections from climate models and historical trends of extreme precipitation. Previous research on precipitation in Morocco has mainly focused on the inter-annual variability and the relationships with large-scale circulation such as the North Atlantic Oscillation (NAO) index, to make future projections for water resource related problems (El Hamly and Sebbari, 1998; Ward et al., 1999; Knippertz et al., 2003; Bouaicha and Benabdelfadel, 2010; Driouech et al., 2010b). A few
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studies considered climate model simulations to provide future scenarios for Morocco. Knippertz et al. (2003) using a 240 year experiment with the ECHAM4/OPYC3 (IS92a scenario) general circulation model (GCM) found for the Atlantic and Mediterranean regions a global decrease in precipitation totals. However, they observed a bad representation of the inﬂuence of mountainous areas in the GCM. Together with Huebener and Kerschgens (2007a), they recommended the use of downscaling approaches to better reproduce the climate of the center and southern parts of Morroco, highly inﬂuenced by orography. Driouech et al. (2009) have shown the ability of the variable resolution ARPEGE climate model at a 50 km resolution to reproduce heavy rainfall and long dry periods in the center of Morocco. Born et al. (2008a, 2008b) with the simulations provided by the REMO regional climate model (RCM) driven by ECHAM5 (A1B scenario) found a reduction of wet periods and precipitation intensity for 2030–2050. Similarly, Driouech et al. (2010a) using a set of different RCMs observed for 2021–2050 under the A1B scenario a decrease in precipitation totals and high percentiles for several stations in Morocco. On the contrary, Huebener and Kerschgens (2007b) found for 2060–2089 an increase in precipitation for the southern parts of Morocco, using a downscaling approach based on weather types with the outputs of the ECHAM4/ OPYC3 (IS92a scenario) and ECHAM5/MPI-OM1 (A1B scenario) models. Driouech et al. (2010a) evaluated with a set of RCMs the statistical downscaling stationarity hypothesis with weather regimes to deduce local precipitation in Morocco. They found for several models that the stationarity hypothesis was not always validated; probably because of the complex local pressure–precipitation link in Moroccan climate. Therefore they recommended the use of other statistical downscaling approaches or dynamical downscaling, which does not rely on the stationarity assumption. Dynamical downscaling refers to the use of RCMs or limited-area models (Fowler et al., 2007b). These use large-scale and lateral boundary conditions from GCMs to produce higher resolution outputs at 50 km resolution or less. They are able to realistically simulate regional climate features such as orographic precipitation, while the topographic complexity is very poorly resolved at GCM resolution. They also reproduce the frequency and magnitude of extreme temperature and precipitation events more accurately than the GCMs (Frei et al., 2006; Fowler et al., 2007a; Giorgi and Lionello, 2008). However, as for all downscaling approaches, the RCM skill depends strongly on biases inherited from the driving GCM (Fowler et al., 2007a). Several studies have shown the ability of RCMs to reproduce extreme precipitation and produced future projections based on their outputs (Sánchez et al., 2004; Frei, et al., 2006; Fowler et al., 2007a; Kyselý and Beranová, 2009; Fowler and Ekström, 2009; Hertig et al., accepted for publication). However, Herrera et al. (2010) or Quintana-Segui et al. (2011) reported the need to evaluate the performance of the models and to correct their outputs if necessary. Different RCMs are likely to provide different results for a given region due to their different boundary conditions and different model formulations. Therefore to cover the range of uncertainties most studies recommend the use of multiple model ensembles. Combining models generally increases the skill, reliability and consistency of model projections (Frei et al., 2006; Fowler et al., 2007b; Tebaldi and Knutti, 2007; Déqué et al., 2011). There are different ways to combine climate model projections such as Bayesian methods (Tebaldi and Knutti, 2007), averages or weighted averages, where weights are determined by the relationship between models and observations (Fowler and Ekström, 2009; Déqué and Somot, 2010). Most often, weights are derived from a statistic based on the mean square difference between observed and modeled climate variables, as for example the Brier or Ranked Probability scores (Déqué and Somot, 2010) or the metric proposed by Perkins et al. (2007). To evaluate both models' efﬁciency in reproducing the observed variable of interest and the convergence of the projections Giorgi and Mearns (2003) developed the Reliability Ensemble Averaging approach (REA). However, no consensus exists on the best weighting scheme and
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additional research is still needed on that topic (Knutti et al., 2010). Various weighting approaches have been tested and several studies concluded that the selection of metrics is a rather subjective choice and weighted or unweighted ensemble averages provided equivalent results (Christensen et al., 2010; Déqué and Somot, 2010). Past performance is not necessarily a guarantee of future skill (Reifen and Toumi, 2009) and the convergence criterion between the models has raised several concerns since the future changes are, by essence, not known. The goal of this study is to analyze the climate change effects on extreme daily precipitation in Morocco. The past trends observed in different stations in Morocco are ﬁrst evaluated, and then future projections are made using an ensemble of different RCM simulations. The evaluation of RCM models for extreme precipitation has never been done in North Africa. Since no gridded dataset with the resolution of the RCMs, such as the E-OBS for Europe (Haylock et al., 2008), is available for the study area, the comparison is made with the distribution observed in the different stations. Extreme value models (Coles, 2001) are ﬁtted to the observed extreme precipitation distributions and to the distributions simulated by the RCMs in the different stations. The future changes are assessed by comparing the quantiles computed from the observation period and during two projection periods. Scaling factors for extreme precipitation of different return periods are computed from a multi-model ensemble of different RCM simulations. The multi-model ensemble consists in averaging scaling factors obtained from individual models with equal weights or with weights based on the RCM models' performance in reproducing the observed distributions at the different stations. The outline of the paper is as follows. In Section 2, we give a description of the study area with the station and model data. In Section 3, the methodology used to evaluate the extremes in observed data and climate simulations is presented. The results in terms of observed trends and variability, ability of the climate models to reproduce the extreme event distribution and the climate change impact simulated by the models are presented in Section 4. 2. Study area and datasets Morocco is located at the southern edge of the mid-latitude storm track with a semi-arid climate similar to that of south-western Europe (Spain and Portugal), especially in the winter season (Driouech et al., 2009). The climate is inﬂuenced by the Atlantic Ocean, the Mediterranean Sea and the Sahara, together with very steep orography in the Atlas region (Knippertz et al., 2003). Rainfall in Morocco is dominated by three main factors; winter cyclonic depressions, topography and convection. The precipitation, in general, decreases from north to south and from west to east (Shahin, 2007). Several studies have identiﬁed strong links with inter-annual precipitation variability and the NAO index (El Hamly and Sebbari, 1998; Knippertz et al., 2003). Therefore, both local and large-scale factors have an impact on precipitation which exhibits a marked seasonality with almost no precipitation in the summer months (May to September). During the extended winter season from October to April, most precipitation is generated as a result of low pressure weather systems being steered southward during midlatitude blocking episodes (Ward et al., 1999; Driouech et al., 2009). In spring, the strengthening of the meridional temperature gradient along the northern African coast favors the development of Saharian depressions, which tends to occur on the lee side of the Atlas Mountains (Lionello et al., 2006). Torrential rainfall is the main cause of the violent ﬂoods that affect the northern part of the country (Bouaicha and Benabdelfadel, 2010). 2.1. Stations and climatic data Precipitation data for 11 stations located in northern Morocco is used (Table 1). They are located in the Atlantic coast for the stations
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Table 1 Meteorological stations used in the study. ID



Name



Longitude



Latitude



Altitude



Period of record



CSB FES HCM IFR LRH NDR OJD RBT TET TNG



Casablanca Fez Al Hoceima Ifrane Larache Nador Oujda Rabat Tetouan Tanger



−7.58 −4.98 − 3.93 −5.10 −6.15 −2.93 −1.91 − 6.84 −5.35 −5.80



33.53 34.05 35.25 33.53 35.18 35.18 34.69 34.03 35.57 35.77



64 217 12 1713 8 61 450 11 20 33



1961–2007 1961–2007 1964–2006 1961–2007 1963–2007 1977–2007 1961–2007 1961–2007 1963–2001 1961–2007



They consist of 9 different RCMs with model runs from 1950 to 2100, beyond 2000 they use the A1B scenario for green house gas concentration. The driving GCMs for the RCM simulations are the Max Planck Institute (ECHAM5) model, the Bergen Climate Model (BCM), the ARPEGE model developed in Météo-France, and the Hadley Centre coupled model (HadCM3). Table 2 shows the different simulations characteristics. A more detailed description of the ENSEMBLES models and further references can be found in Sanchez-Gomez et al. (2009); Christensen et al. (2010) and Déqué et al. (2011). The data from the grid points corresponding to the meteorological stations has been extracted. 3. Methods 3.1. Extreme value modeling



of Casablanca, Rabat, Larache and Tanger, in the Mediterranean region for the stations of Tetouan, Al Hoceima, Nador and Oujda, and in the northern border of the Atlas mountainous area for Fes and Ifrane (Fig. 1). These stations belong to the synoptic network of MarocMétéo, they have been provided screened for inhomogeneities and contain less than 2% missing values. The daily maximum precipitation between the months of October and April, corresponding to the extended winter season, is extracted for each station. In addition to station data, the North Atlantic Oscillation (NAO) and the Mediterranean Oscillation (MO) indexes have been considered to be tested as explanatory covariates for extreme precipitation. Several authors have shown the impact of the NAO index on precipitation in particular for the Atlantic part of Morocco (El Hamly and Sebbari, 1998; Knippertz et al., 2003, Huebener and Kerschgens, 2007a). However Knippertz et al. (2003) indicate a lower correlation with the NAO index in the Mediterranean region, more inﬂuenced by local mechanisms and by the Mediterranean cyclonic activity. Therefore the MO index created by Conte et al. (1989) is also tested as a covariate in the model, since it has been considered the most important regional low-frequency pattern inﬂuencing rainfall in the Mediterranean basin by some studies (Maheras et al., 1999). The NAO and MO indexes are provided by the Climatic Research Unit, University of East Anglia (http://www.cru.uea.ac.uk/cru/data/). Both indexes have been averaged over the extended winter season, between October and April; the averaged indexes are noted NAOw and MOw. 2.2. Regional climate models An ensemble of 15 RCM simulations available at a 25 km resolution over Europe and North-Africa are considered. The RCM data comes from the FP6-ENSEMBLES European project (http://www.ensembles-eu.org/).



The generalized extreme value distribution (GEV) is used to model the extreme precipitation distribution. It combines the Gumbel, Fréchet and Weibull distributions of extreme values (Jenkinson, 1955):   1=κ  κ κ≠0 F ðxÞ ¼ exp − 1− ðx−μ Þ h α x−μ i F ðxÞ ¼ exp − exp − κ ¼0 α



ð1Þ



where μ is the location parameter, α the scale parameter and κ the shape parameter. When κ b 0 the distribution belongs to the Fréchet family, when κ = 0 to the Gumbel family and when κ > 0 to the Weibull family of extreme value distributions. The GEV distribution is frequently used to model hydrological extremes, such as extreme precipitation (Coles, 2001; Katz et al., 2002). In the present study, the GEV parameters are estimated with the Generalized Maximum Likelihood (GML) method. The GML method is based on the same principle as the Maximum Likelihood (ML) method with an additional constraint on the shape parameter to eliminate potentially invalid values of this parameter (El Adlouni et al., 2007). A prior distribution of κ adapted to hydrometeorological series was introduced by Martins and Stedinger (2000). The prior for κ has a Beta distribution (with shape parameters α = 3 and β = 6) with a mode at −0.1 and the shape parameter values are limited to the interval [−0.5, +0.5]. To compare the extreme precipitation distribution in the past observations and in the future simulations provided by the RCMs, quantiles corresponding to return periods of 2, 5, 10, 20 and 40 years (respectively Q2, Q5, Q10, Q20 and Q40) are computed. In the present study, for most stations more than 40 years of data are available. The return levels are then selected to stay within the interpolation



Fig. 1. Map of the selected stations.
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Scenario



Driving GCM



Model



Resolution



Acronym



C4I CNRM DMI



A1B A1B A1B A1B A1B A1B A1B A1B A1B A1B A1B A1B A1B A1B A1B



HadCM3-Q16 ARPEGE ARPEGE ECHAM5-r3 BCM HadCM3-Q0 HadCM3-Q0 HadCM3-Q3 HadCM3-Q16 ECHAM5-r3 ECHAM5-r3 ECHAM5-r3 BCM ECHAM5-r3 HadCM3-Q3



RCA3 Aladin HIRHAM DMI-HIRHAM5 DMI-HIRHAM5 CLM HadRM3-Q0 HadRM3-Q3 HadRM3-Q16 RegCM RACMO REMO RCA RCA RCA



25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km 25 km



C4I_H16 CNR_A DMI_A DMI_E DMI_B ETH_H0 HC_H0 HC_H3 HC_H16 ICT_E KNM_E MPI_E SMH_B SMH_E SMH_H3



ETHZ HC



ICTP KNMI MPI SMHI



domain without extrapolating beyond the data range to limit the estimation uncertainties. An estimate of uncertainty resulting from the sample variability is provided by computing conﬁdence intervals with a parametric bootstrap simulation method (Kyselý, 2010). This approach is commonly employed in climate change impact studies to assess the statistical signiﬁcance of the projected changes (Kharin and Zwiers, 2000; Kharin et al., 2007; Kyselý and Beranová, 2009). The bootstrap simulation consists in generating 1000 samples of the same size from the ﬁtted GEV and a subsequent estimation of the parameters and quantiles to derive their 90% conﬁdence intervals. 3.2. Non-stationary analysis Stationarity is a fundamental assumption for frequency analysis (Khaliq et al., 2006). Therefore the stationarity of the time series need to be tested, since a GEV model with constant parameters may no longer be valid under non-stationary conditions (El Adlouni et al., 2007). The existence of possible trends during the observation period is assessed using two approaches. First, with the non parametric Mann–Kendall trend detection test (Mann, 1945). Second, with the deviance test (Coles, 2001) between a stationary GEV model and a non-stationary GEV model with time dependent parameters. The two approaches are complementary but Zhang et al. (2004) found that methods that specifically model trend in the parameters of extreme value distributions provide the highest power of detection of statistically signiﬁcant trends. The GML method has been extended to the non-stationary case by El Adlouni et al. (2007) to incorporate time dependence in the GEV model parameters. Different types of dependence of the model parameter are tested, with linear or quadratic functions: GEV0(μ, α, κ) is the classical model with all parameters being constant, GEV1(μt = β1 + β2Yt, α, κ) is a model with the location parameter linearly dependant on one covariate Yt, GEV2(μt = β1 + β2Yt + β3Yt², α, κ) is a model where the location parameter is a quadratic function of the covariate Yt and GEV11(μt = β1 + β2Yt, α= exp(α1 + α2Yt, κ) is a model where the location and scale parameters are a function of the covariate Yt. The covariate Yt can be the time or a time-dependant covariate. The best model is selected using the Deviance test (Coles, 2001; El Adlouni et al., 2007). With such an approach, it is possible to detect a dependence of the GEV model parameters with time but also with climatic covariates. 3.3. Regional climate model outputs evaluation and weighting Different evaluation and weighting schemes for climate model outputs have been proposed in previous studies (e.g. Giorgi and Mearns, 2003; Perkins et al., 2007; Déqué and Somot, 2010). In the present study a new scheme based on a nonparametric statistical test is introduced, allowing quantifying the difference between two distributions together with its statistical signiﬁcance. A measure of the discrepancy
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between two distributions can be obtained either with statistics of the form maxx|Fn(x) − F(x,θ)| (the Kolmogorov–Smirnov test) or using quadratic statistics, less sensitive to singular or outlier values, such as the Cramér–von Mises criterion (Darling, 1957; Laio, 2004): 2



∞



2



ω ¼ ∫ ½F n ðxÞ−F ðx; θÞ dF ðxÞ



ð3Þ



−∞



where F(x,θ) is the ﬁtted distribution function and Fn(x) is an empirical distribution function of sample size n. The Cramér–von Mises (CM) statistic is a measure of the mean squared difference between the empirical and hypothetical cumulative distribution functions, small values of the CM statistic indicates a small distance between the two distributions (Laio, 2004). The null hypothesis that Fn(x) is drawn from the distribution F(x,θ) is rejected when ω² exceed a critical value. The CM statistic can also be employed to measure the distance between two unspeciﬁed continuous distributions: ∞



2



D ¼ ½NM=ðN þ MÞ ∫ ½F n ðxÞ−Gm ðxÞ dHnþm ðxÞ



ð4Þ



−∞



where Gm is the empirical distribution of the second sample of size m and Hn + m(x) is the empirical distribution function of the two samples together. The null hypothesis, that Fn(x) and Gn(x) come from the same (unspeciﬁed) continuous distribution, is rejected when D exceeds a certain critical value. The critical values for ω² and D are determined by a parametric bootstrap procedure, following the approach of Kharin and Zwiers (2000). The 90th percentile of the resulting bootstrapped statistics is then used as the critical value for the rejection of the null hypothesis at the 10% signiﬁcance level. Thus, the CM statistic provides a distance useful to compare the extreme precipitation distributions simulated by the RCMs with the observed distributions. In the present study, the CM statistic is used (1) as a goodness-of-ﬁt test for the GEV distributions and (2) to measure the differences between the observed and simulated distributions of extreme precipitation by the RCMs in the different stations. For this purpose, the D statistic is computed between the observed and RCM simulated empirical extreme precipitation distributions in the different stations, during the control period 1961–2007. The model weights, W, are then computed from the inverse of the distance D obtained for each RCM in each station. The projected changes on extreme precipitation are evaluated by analyzing the relative changes in quantiles between the control period and two projection periods, 2020–2050 and 2070–2099. This same approach has been used in several studies evaluating the future changes in extreme precipitation over Europe, with the same RCMs, by Frei et al. (2006), Fowler et al. (2007a), Fowler and Ekström (2009) or Kyselý and Beranová (2009). They have shown the beneﬁts of using multi-model ensembles to make future projections, as they provide information on model uncertainties and ensemble means usually produce better results than single RCMs (Kyselý and Beranová, 2009; Herrera et al., 2010; Weigel et al., 2010). However climate model projections cannot be evaluated in the same way as deterministic weather forecasts. The conﬁdence in future projections is not necessarily increased when considering past performancebased model selection or different weighting schemes based on model skills (Reifen and Toumi, 2009; Knutti et al., 2010). Such weighted multi-model ensembles need to be compared to multimodel ensemble averages (Knutti et al., 2010; Weigel et al., 2010). In the present study for each station, the approach follows these steps: (1) GEV distributions are ﬁtted to the observed extreme precipitation distribution in the different stations, during the control period 1961–2007 (this period can vary depending on the record length in each station, see Table 1). Then, quantiles for
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different return levels (t = 2, 5, 10, 20 and 40 years) with their 90% conﬁdence intervals are computed. (2) GEV distributions are ﬁtted to the extreme precipitation distributions simulated by the different RCMs at the grid points corresponding to the stations, during the control period 1961–2007 and two projection periods, 2020–2050 and 2070–2099. The 2, 5, 10, 20 and 40 year quantiles are computed for each period. (3) Scaling factors are computed by dividing the quantiles of the projection periods (2020–2050 and 2070–2099) with the quantiles of the control period (1961–2007), obtained in step 2. The scaling factors from all RCMs are then combined, either by an equal weights average or by a weighted average, using the weights W derived from the CM statistic. (4) For a given return level t and projection period, the quantile obtained in step 1 with the observed data (Qtobs) is multiplied by the scaling factor (St) obtained in step 3, to obtain the projected future quantile (Qtproj) (Eq. (5)). The signiﬁcance of the changes is assessed with the conﬁdence intervals obtained in step 1.



Q t proj ¼ Q t obs St



ð5Þ



4. Results 4.1. Frequency analysis of observed extreme winter precipitation The series of winter precipitation extremes of each station (Fig. 2) have been tested for stationarity. The Mann–Kendall test indicates no signiﬁcant trends in the data series for all the stations at the 5% significance level. Similarly, the Deviance test results between stationary GEV models and non-stationary GEV models with time as covariate indicate no evidence of trends in extreme precipitation for all the Moroccan stations considered in this study. Therefore, stationary GEV models have been ﬁtted to each station data in order to compute



the quantiles corresponding to different return periods. The goodness of ﬁt is tested with the CM statistic; in all the stations the GEV distribution is valid to model the extreme precipitation distribution, both at the 5% and 10% levels. The model parameters are presented in Table 3. In all the stations, the shape parameter of the GEV distribution is negative indicating a heavy right tail for the distribution of precipitation extremes. The GEV model parameters do not exhibit dependence with time; however results of the non-stationary analysis indicate the dependences with some other climatic parameters. The NAO and MO indexes averaged over the extended winter season (NAOw and MOw) have been tested as covariates in the GEV models and the Deviance test result show that for some stations these indexes can improve the frequency models. The results are presented in Table 3; they indicate a dependency between the location parameter (μ) of the GEV with the NAOw for the stations of Rabat, Casablanca, Larache and Ifrane. This ﬁnding brings new information on the inﬂuence of the NAO index on extreme precipitation in Morocco, since previous studies have already established a link between NAO and the seasonal precipitation totals (El Hamly and Sebbari, 1998; Knippertz et al., 2003). Using covariate information, it is possible to assess the risk associated with different climatic conditions, as shown in the Fig. 3 with 5-year and 20-year quantiles dependent on the NAOw index values. Similarly, in Tanger a dependency is found between μ and MOw. The dependence in the present study was only detected with the μ parameter of the GEV, as a linear or quadratic function of the covariates. For the stations of Rabat and Casablanca, separated by less than 100 km, the coefﬁcients of the relationship between μ and the NAOw index are similar, indicating a possible regional dependence model with climatic indexes.



4.2. Ability of the climate models to reproduce extreme winter precipitation Since precipitation exhibit marked seasonality in Morocco with most of the precipitation recorded during winter months, the different RCMs are ﬁrst evaluated on their ability to reproduce this cycle. The observed and simulated relative monthly amounts of precipitation



Fig. 2. Time-series of winter precipitation extremes for each station.
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Table 3 GEV model parameters (Nll, Negative Log-Likelihood, NAOw and MOw the North Atlantic index and Mediterranean Oscillation index averaged over the extended winter season, October to April). Stationary models



Non-stationary models



Station



Shape



Scale



Location



Nll



Nll



Shape



Scale



Location



Casablanca Fes Al Hoceima Ifrane Larache Nador Oujda Rabat Tetouan Tanger



− 0.06 − 0.08 − 0.21 − 0.15 − 0.07 − 0.13 − 0.17 − 0.11 − 0.14 − 0.10



10.72 8.59 12.21 18.33 12.97 17.61 11.51 12.96 17.26 14.04



31.16 32.80 30.45 55.69 47.11 34.96 26.23 39.09 49.44 49.42



186.80 177.18 178.30 215.52 187.82 140.58 194.86 197.07 176.12 200.86



182.94 – – 211.55 184.51 – – 193.11 – 197.72



− 0.09 – – − 0.09 − 0.10 – – − 0.13 – − 0.16



9.12 – – 16.90 11.70 – – 11.30 – 12.40



μ = 33.33–24.79NAOw



between 1961 and 2007 (bold blue line) are displayed on Fig. 4. Most of the RCM simulations are capable of reproducing the annual cycle, with almost no rainfall between May and September. However, it appears that some RCMs driven with the models HadCM3-Q0, HadCM3-Q3 and HadCM3-Q16 are unable to reproduce this seasonal cycle, with almost uniform precipitation amounts simulated throughout the year even during summer months. For a given RCM, the mean relative absolute error (MARE) is computed from modeled precipitations (Pm) and observed precipitations (Po) for each month i:



MARE ¼



 12   1 X Pmi −Poi :  Poi  12 i¼1



ð6Þ



The Fig. 5 shows the MARE between RCM simulated and observed monthly precipitation in each station; the highest error indicating a low agreement with the observed annual precipitation cycle are obtained with the RCMs driven by HadCM3-Q0, HadCM3-Q3 and HadCM3-Q16. Consequently, since the objective of this study is to analyze the winter precipitation in Morocco, the SMH-H3, HC-H0, HCH3, HC-H16 and ETH-H0 RCM simulations with the highest difference



μ = 51.857.61NAO + 180.4NAOw² μ = 45.99–22.3NAO + 56.65NAOw²



μ = 41.53–27.66NAOw μ = 55.49 + 101.6MO + 234.33MOw²



with the observed annual cycle have been removed for subsequent analysis, following the recommendation of Herrera et al. (2010) to discard from the multi-model ensemble the worst performing models. The second evaluation of the different RCMs is based on winter maximum precipitation. The extreme daily precipitation between October and April is extracted from each RCM during 1961 and 2007 to be compared with the observed distribution in the different stations. Fig. 6 show the distributions of winter maximum precipitation from the 10 different RCMs (points) and the multi-model average distribution (dashed red lines) compared with the observed distribution in the different stations (blue line). On average, extreme winter precipitation is underestimated by −19% in the RCM simulations, in particular in the Mediterranean coastal stations of HCM, TET and NDR with respectively − 29.6%, − 33,7% and −43.6%. This behavior is expected when comparing point and gridded precipitation datasets. Only the MPI-E and DMI-E models overestimate more frequently than other models the extreme precipitation distribution, in respectively 6 and 7 stations out of 10. The multi-model ensemble average is able to compensate most of the bias of individual model simulations, except for the stations of HCM, NDR and TET. The CM statistic has been



Fig. 3. 5-year and 20-year precipitation quantiles dependent on average NAO index values between October and March for Casablanca and Ifrane.
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Fig. 4. Observed (solid blue line) and simulated relative monthly amounts of precipitation from each RCM between 1961 and 2007. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)



computed between each RCM and observed distributions to provide a quantitative assessment in the model ability to reproduce the extreme distribution. Results are displayed on Fig. 7, with the CM statistic scores for each model (left) and the stations where the H0 hypothesis is not rejected at the 10% level (right), i.e. the extreme precipitation distribution simulated by the RCM and the extreme precipitation distribution observed in the stations are not statistically different. The RCMs with the lowest CM statistic values (indicating a good agreement with the observed distribution) are the ICT-E, followed by KNM-E and DMI-E. Overall, in 7 stations out of 10, there is at least one RCM simulation able to reproduce an extreme precipitation distribution that is not statistically different from the observed distribution. A great variability between the model skills in the different stations is observed, with no particular location or altitude range where models better simulate the extreme precipitation distribution. This indicates that model errors



might be more inﬂuenced by local characteristics rather than by a regional signal. No single model performs the best in all the stations, therefore using simulations of several models provide the best way to reproduce extreme precipitation in Morocco. 4.3. Changes in extreme precipitation simulated by the climate models GEV distributions (stationary, without covariate information) are ﬁtted to the 10 selected RCM outputs, shown on Fig. 6, following the approach detailed in Section 3.3. Quantiles computed during the control period 1961–2007 are compared with those computed for 2020–2050 and 2070–2099. This allows evaluating the future change on the extreme precipitation distribution simulated by the different RCMs. The projected changes are evaluated on the basis of (1) the convergence of the individual model projections (Fig. 8), (2) the



Fig. 5. Mean absolute relative errors between simulated and observed monthly precipitation for each RCM in each station.
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Fig. 6. Quantiles–quantiles plots of winter maximum precipitation from the 10 different RCMs (points) and the multi-model average (dashed red lines) compared with the observed distribution (blue lines), in the different stations during the control period 1961–2007 (units are in mm). (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)



multi-model ensemble climate change signal (Fig. 9) and (3) the statistical signiﬁcance of the projected changes by comparison with the quantiles from the control period (Table 4). The relative differences between quantiles of the control period and the two projection periods indicate a global decreasing trend projected by most of the models with the scenario A1B, in particular for the projection period 2070–2099. This ﬁnding is in accordance with Driouech et al. (2010a) and Hertig et al. (accepted for publication) who observed in future climate simulations a decrease in precipitation from events exceeding high percentiles in the same region. There is little convergence on the sign of the change among the models for the period 2020–2050, by comparison to 2070–2099 (Fig. 8). For the period 2020–2050, the projected differences are small, −5% on average (Fig. 9), and nonsigniﬁcant except for a few cases (Table 4). Likewise, several studies observed that the models response to global warming



for hydrological variables starts to be statistically signiﬁcant only after 2050 (Sanchez-Gomez et al., 2009). For the period 2070–2099, there is a better convergence among the models (Fig. 8) toward a global decrease. The extreme precipitation quantiles in the different stations are in average −12% smaller in 2070–2099 than during the control period (Fig. 9). This difference is greater for the short return periods of 2 and 5 years (−14%) than for the longer return periods of 20 and 40 years (−10%). Only very small changes are detected in the stations FES, HCM and NDR, with a slight increase projected for the longer return periods (but nonsigniﬁcant). For the two projection periods, the Atlantic stations (CSB, RBT, LRH, TNG) have a rather homogeneous response among the models, with a good convergence of all model simulations towards negative trends. The two stations with the highest elevation IFR (1713 m) and NDR (450 m) have the same behavior, with all RCMs projecting a decrease for 2070–2099. On the opposite, the stations bordering the



Fig. 7. Box-plots of the Cramér–von Mises statistic scores for each model (left) and stations where the null hypothesis is accepted at the 10% level (right).
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Fig. 8. Projected relative changes on extreme precipitation quantiles for 2020–2050 and 2070–2099, by comparison to 1961–2007.



Mediterranean coast (TET, NDR, HCM) and FES have the greatest variability among the models in particular for NDR and HCM. When comparing the two different multi-model averages from the RCM simulations, i.e. with equal weights or weights based on the CM statistic, results globally show no large differences between the two approaches. In a few cases, the sign of the projected change



on extreme quantiles is modiﬁed according to the weighting of the projections, but this only occurs in the stations of NDR and HCM where the spread amongst models and projections is high and the changes on the quantiles not signiﬁcant. For the remaining stations, the sign of the change is not modiﬁed by the weighting scheme and the differences between the projected quantiles from the two weighting approaches are



Fig. 9. Multi-model ensemble mean and weighted mean of relative changes on extreme precipitation quantiles for 2020–2050 and 2070–2099, by comparison to 1961–2007.



Y. Tramblay et al. / Global and Planetary Change 82-83 (2012) 104–114 Table 4 Extreme precipitation quantiles computed from the observed distribution in the different stations and projected changes by the RCM ensemble (the signiﬁcant changes at the 10% level are in bold). Return period CSB 2 5 10 20 40 FES 2 5 10 20 40 HCM 2 5 10 20 40 IFR 2 5 10 20 40 LRH 2 5 10 20 40 NDR 2 5 10 20 40 OJD 2 5 10 20 40 RBT 2 5 10 20 40 TET 2 5 10 20 40 TNG 2 5 10 20 40



Reference



Ensemble mean



Ensemble weighted mean



1961–2007



2020–2050



2020–2050



2070–2099



2070–2099



35.19 47.71 56.58 65.55 74.76



32.14 44.34 53.06 62.09 71.45



26.35 37.74 45.87 54.24 62.97



36.03 48.55 57.11 65.56 73.91



27.05 38.33 46.36 54.41 62.73



35.92 46.26 53.78 61.52 69.62



34.29 44.93 52.67 60.59 68.92



31.22 43.30 52.11 61.40 71.20



34.70 43.50 50.26 57.51 65.36



33.41 45.59 54.77 64.59 75.45



35.04 51.27 64.22 78.79 95.20



34.12 50.48 63.50 78.11 94.70



31.02 48.72 64.82 85.07 111.47



36.51 51.84 63.79 77.20 92.03



33.08 49.06 62.12 77.00 94.50



62.61 85.92 103.99 123.71 145.13



59.15 82.28 100.78 121.54 144.97



52.69 74.97 92.49 111.92 133.48



60.24 83.19 101.90 122.89 146.68



54.06 74.65 90.99 109.06 129.03



51.82 67.15 78.06 89.19 100.73



46.82 62.80 74.41 86.63 99.63



43.89 59.40 70.66 82.43 94.89



46.66 61.89 72.90 84.33 96.46



42.16 55.21 64.69 74.60 84.97



41.48 63.07 79.31 96.17 114.60



37.61 59.63 76.75 95.08 115.52



37.34 60.40 78.28 97.12 118.39



41.32 64.02 81.33 99.68 119.79



38.43 61.93 80.08 99.22 120.83



30.51 45.50 57.11 69.52 83.52



30.91 45.45 56.18 67.23 79.41



25.42 38.63 48.50 58.87 70.33



30.79 45.11 54.78 64.04 73.89



25.64 39.10 48.67 58.28 68.80



44.01 59.52 70.88 82.56 95.07



41.64 56.83 68.08 79.88 92.66



35.77 50.70 61.51 72.71 84.47



40.35 54.19 63.34 72.10 80.44



31.61 44.15 53.60 63.67 74.23



55.81 77.31 93.62 111.16 129.74



52.36 73.15 89.09 106.90 126.13



47.09 67.38 83.09 100.39 118.93



53.06 73.32 88.66 105.67 123.81



46.56 64.74 78.68 93.96 110.21



54.71 71.60 83.84 96.77 110.00



51.75 69.24 82.15 96.08 110.54



49.23 66.33 78.57 91.45 104.47



57.15 77.40 91.65 106.70 122.44



46.03 61.69 73.74 86.92 101.19



not exceeding 4% on average (Table 4). This result suggest that weighting model projections do not change drastically the results obtained, as already observed by Fowler and Ekström (2009) and Déqué and Somot (2010) when evaluating multiple RCM outputs over Europe. However, even if the weighted approach does not modify strongly the climate change signal over all the stations, the future projections weighted using the CM statistic are more often statistically signiﬁcant than those obtained with equal weights (Table 4).
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5. Summary and conclusions This study provides the ﬁrst assessment of past and projected changes on extreme precipitation in Morocco using extreme value models and RCM data. Daily data from 10 stations between 1961 and 2007 in addition with an ensemble of 15 RCMs have been considered to evaluate the past trends and the future climate change impact, with the emission scenario A1B, on extreme precipitation quantiles in Morocco. GEV distributions have been ﬁtted to the observed and modeled maximum precipitation in the extended winter season to provide an evaluation based on quantiles for different return periods. From the observation period, no trends can be identiﬁed in the past records on the winter maximal precipitation in all the stations. However, dependences between precipitation extremes are found with the NAO and MO indexes, in particular for the Atlantic stations. This could permit to reassess the risk of extreme precipitation on a seasonal or annual basis using projections of NAO and MO indexes. There is a great variability in the model performances to reproduce both the annual cycle and the extreme precipitation distributions in the different stations. Some models have a good skill, such as the ICT-E, and several simulated distributions are not statistically different from the observed distributions. However, model skills depend strongly on the location of the different stations. Overall, the climate change signal in the RCM simulations indicate a future decrease in extreme precipitation in particular for the projection period 2070–2099, whereas a great variability and lower convergence between the models is found for the projection period 2020–2050. A good model convergence is found towards a decrease for the all the Atlantic stations whereas for the Mediterranean stations the projected changes are difﬁcult to assess due to the great variability. The climate change signal on extreme precipitation from the ensemble RCMs has been either averaged with equal weights or with weights derived from the CM statistic. With equal weights, the performance of each individual RCM in reproducing the observed extreme precipitation distributions is not taken into account. With different weights, each RCM is weighed according to its ability to reproduce the observed distribution. The two weighting schemes tested provide similar results. When the model outputs are weighed according to their performance in past climate, the multi-model ensemble average yield more signiﬁcant projected changes on extreme quantiles than with equal weights. This ﬁrst evaluation of the climate change impacts on extreme precipitation in Morocco provides insights for further research. There is a need to assess the projection uncertainties in a robust framework; the Bayesian approach proposed by Tebaldi and Knutti (2007) could be considered to take into account simultaneously the uncertainties in the observed and simulated extreme precipitation distributions. In addition, the non-stationary analysis could be conducted using a different sample of events with a peaks-over-threshold approach to maximize the sample size and model simultaneously the occurrence and intensity of heavy rainfall events. Then, a more thorough analysis of the relationships with other climatic indicators could be conducted, including atmospheric circulation, humidity ﬂuxes and synoptic pattern descriptors. The regional relationships with climatic factors could also be analyzed in particular for the Atlantic and Mediterranean regions of Morocco. This would be a ﬁrst step towards the development of statistical methods to estimate the extreme precipitation risk in sites without or with short observation records. The relationships established between precipitation extremes and explanatory climatic factors could also lead to the development of statistical downscaling approaches speciﬁc for precipitation and other climatic extremes in Morocco. Projections made with such approaches could then be compared with those of the present study. Acknowledgments This research project has been supported by a travel fund from the Institut de Recherche pour le Developpement (IRD, France), the ﬁnancial
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