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Abstract 8 

A set of ten downscaling simulations at high spatial resolution (3km horizontally) were performed 9 

using the Weather Research and Forecasting (WRF) model to generate future climate projections of 10 

annual and seasonal temperature and precipitation changes over the Eastern Mediterranean (with a 11 

focus on Lebanon). The model was driven with the High Resolution Atmospheric Model (HiRAM), 12 

running over the whole globe at a resolution of 25km, under the conditions of two Representative 13 

Concentration Pathways (RCP) (4.5 and 8.5). Each downscaling simulation spanned one year. Two 14 

past years (2003 and 2008), also forced by HiRAM without data assimilation, were simulated to 15 

evaluate the model’s ability to capture the cold and wet (2003) and hot and dry (2008) extremes. 16 

The downscaled data were in the range of recent observed climatic variability, and therefore 17 

corrected for the cold bias of HiRAM. Eight future years were then selected based on an anomaly 18 

score that relies on the mean annual temperature and accumulated precipitation to identify the 19 

worst year per decade from a water resources perspective. One hot and dry year per decade, from 20 

2011 to 2050, and per scenario was simulated and compared to the historic 2008 reference. The 21 

results indicate that  hot and dry future extreme years will be exacerbated and the study area might 22 

be exposed to a significant decrease in annual precipitation (rain and snow), reaching up to 30% 23 

relative to the current extreme conditions. 24 

Keywords Climate change, complex topography, extreme heat, HiRAM, Mediterranean, WRF. 25 

1. Introduction 26 

In recent years, various regions have witnessed seasonal weather changes that were associated with 27 

negative environmental impacts and that led to socio-economic burdens across many countries. In 28 

addition, recent research indicates potentially greater changes in regional weather under future 29 

climate conditions (Sun et al. 2007; Brown et al. 2008; IPCC 2013). In particular, climate change has 30 

been reported to intervene with the frequency and intensity of extreme events (Christidis et al. 31 
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2005). Examples of such events are heatwaves, droughts, and floods that have adverse effects on 1 

important aspects of our society and economy, such as water resources, crop yield, and human 2 

health (Seneviratne et al. 2014). Therefore, understanding the vulnerability to climate change, and 3 

corresponding mitigation measures and adaptation strategies to potential negative impacts, became 4 

imperative at both regional and local levels. This is particularly important in order to capture 5 

extremes that are highly variable in space and time and are not adequately simulated by global 6 

climate models (GCMs). This necessitates the use of regional climate models (RCMs) to downscale 7 

the large-scale forecasts from GCMs (Barrera-Escoda et al. 2014). Downscaling is particularly needed 8 

in regions with complex topographies that cannot be resolved by coarse GCMs. 9 

Downscaling can be conducted through various techniques that can be mainly categorized into two 10 

groups known as dynamic and statistical downscaling (Evans et al. 2012). The latter generates semi-11 

empirical relationships between local and large-scale climate based on statistical methods (Wilby et 12 

al. 1998; Flaounas et al. 2013b). It requires less computational power but is constrained by the 13 

hypothesis of stationarity in the associations between local observations and simulated climate, 14 

which are developed for the present and then applied in a future variable climate (Diaz-Nieto and 15 

Wilby 2005). Dynamic downscaling, used in this study, consists of driving an RCM at high resolution 16 

by the output of an atmospheric high resolution GCM for the region of interest (Wang et al. 2004). 17 

They produce an accurate regional climate with fine-scale topographies that are lacking in the GCMs 18 

(Antic et al. 2004). Dynamic downscaling is computationally demanding and needs substantial 19 

implementation effort, but a crucial appeal of the technique is the reliance on physical processes 20 

rather than statistical relationships, relaxing the need for assuming stationarity (Fowler et al. 2007). 21 

The high resolution over a limited region permits improved depiction of basic surface forcings such 22 

as topography, shorelines, inland water or land-surface features and heterogeneity (Giorgi and 23 

Mearns 1991).  24 

Some recent RCM downscaling studies attempted to examine the change in the mean and extreme 25 

climate variables (temperature, precipitation, etc.) (Cardoso et al. 2012; Gao et al. 2012; Warrach-26 

Sagi et al. 2013). These parameters can be highly affected by regional variability, especially in regions 27 

with complex topography. The use of high-resolution RCMs in such intricate domains usually 28 

improves the average annual precipitation and mean temperatures fields in comparison with the 29 

driving GCM when simulations are conducted over a time span of multiple consecutive years 30 

(Salathé et al. 2008; Caldwell et al. 2009), but their added value for capturing extremes is not well 31 

documented. In addition, when the grids of RCMs become finer than 10km, which is needed over 32 

complex terrain but necessitate smaller time–steps, the simulations become very demanding 33 
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computationally with little to no feasibility to perform downscaling for multiple decades that are 1 

usually simulated by GCMs. Therefore, increased spatial resolution invariably comes with the caveat 2 

of reduced temporal (as well as spatial) coverage. If the aim is to understand the vulnerability of a 3 

region to climate change, one must therefore judiciously select future periods to downscale using 4 

RCMs. These two challenges, namely the complex topography requiring dynamic downscaling and 5 

the need to select carefully future periods to downscale, frame the scope of this study. Such 6 

challenges are eminently represented in the eastern Mediterranean basin where temperature and 7 

precipitation are sensitive to orographic elevation changes that occur at spatial scales much smaller 8 

than the grid scale of a GCM. Furthermore, weather and climate variability on weekly to yearly scales 9 

implies that severe adverse impacts of climate change are localized in time, which implies that the 10 

periods when such impacts occur need to be identified for downscaling based on GCM data. 11 

This study aims to assess the value, and investigate the challenges, of regional dynamic downscaling 12 

in topographical complex regions during extreme periods. As a pilot area, we selected the country of 13 

Lebanon. With its location in the temperate zone along the eastern Mediterranean and its complex 14 

topography where two mountain ranges run parallel to the coast and amplify the impact of the 15 

Mediterranean Sea on the climatology of the coastal and interior regions (Atlas Climatique du Liban 16 

1977). It is a representative example of a location where dynamic downscaling is expected to be 17 

challenging, yet valuable. The objectives of the study are (1) to propose a method whereby only 18 

extreme years are identified and selected for downscaling to gage the worst-case impacts (in this 19 

paper we focus on dry and hot years) of climate change; (2) to dynamically downscale global climate 20 

predictions for these extreme years to a local scale using the Weather Research and Forecasting 21 

(WRF) model (Skamarock et al. 2008) forced by the High Resolution Atmospheric Model (HiRAM) 22 

(Zhao et al. 2009; Jiang et al. 2012) for the past (as a reference) and the future; and (3) to generate 23 

information on the small-scale spatial variability of vulnerability that cannot be captured by coarse 24 

GCM simulations. The novelty of the contribution centers on 1) the selection of “crucial-periods” for 25 

targeted downscaling using anomaly scores that can be defined to reflect any variable of interest, 26 

and 2) the focus on the value of downscaling for capturing extremes and corresponding statistics as 27 

proxies for the magnitude of the most severe climate change impacts. Beyond methodological 28 

contributions, the implications of the results on water resources are valuable given that the overall 29 

region is already water stressed and continues to suffer from socio-political conflicts coupled with a 30 

lack of integrated water management policies (Bou-Zeid and El-Fadel 2002).  31 
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2. Methods and Data 1 

2.1. Global Model 2 

HiRAM is a global atmospheric model that was developed by the Geophysical Fluid Dynamics 3 

Laboratory (GFDL) to be applicable to a broad range of resolutions (Chen and Lin 2011). It was 4 

developed based on the standard version of GFDL atmospheric GCM (AM2) (Zhao et al. 2009) with 5 

32 vertical levels (instead of the 24 levels in AM2) to provide refined vertical resolution particularly 6 

near the tropopause (Jiang et al. 2012). HiRAM also uses a cubed-sphere application of a finite-7 

volume dynamic core and is linked to GFDLS’s new land model (LM3) (Donner et al. 2011). 8 

The model has been used in studies of hurricane inter-annual variability, multi-decadal trends, 9 

responses to 21st-century warming, and seasonal hurricane predictions for the North Atlantic and 10 

East Pacific (Zhao and Held 2010; Zhao et al. 2010; Jiang et al. 2012). Gall et al. (2011) investigated its 11 

potential as a forecasting tool for the near-term and for intra-seasonal hindcasting of tropical 12 

cyclones in the Atlantic basin from 2006 to 2009, demonstrating skilled near-term forecasts of 13 

cyclones track and intensity about their respective benchmarks. Another study by Chen and Lin 14 

(2011) used HiRAM to predict the tropical cyclone activity in the North Atlantic basin at 25 km 15 

resolution and reported a high correlation coefficient (R2) of 0.96 between observed and simulated 16 

hurricane counts for the 2000-2010 seasons.  17 

In this study, HiRAM is used at a horizontal grid spacing of 25 km (Bangalath and Stenchikov 2015) to 18 

simulate historic (1975-2004) and future (2007-2050) stages using both Representative 19 

Concentration Pathways (RCP) 4.5 and 8.5 scenarios1. The Sea Surface Temperatures, completed for 20 

the International Panel for Climate Change Assessment Report AR5 project, were adopted from the 21 

GFDL Earth System Model runs as the bottom boundary conditions over water surfaces. 22 

Recommended time-varying greenhouse gas and stratospheric/tropospheric aerosol distribution 23 

datasets were used to reproduce the observed radiative forcing in the model (Bangalath and 24 

Stenchikov 2015). 25 

To evaluate the selected driving GCM (HiRAM), data from five other global models selected to have a 26 

range of resolutions (Table 1) forced by RCP4.5 and 8.5 were obtained from the Coupled Model 27 

Intercomparison Project phase 5 (CMIP5) archive (https://pcmdi9.llnl.gov/projects/esgf-llnl/) (Taylor 28 

                                                           

1 RCP 4.5 reflects a stabilization scenario where total radiative forcing plateaus before 2100 by the utilization of a variety of 
technologies and strategies for reducing GHG emissions (Clarke et al. 2006). As for RCP 8.5, it is characterized by increasing 
GHG emissions over time, leading to high GHG concentrations (IPCC 2013). 

https://pcmdi9.llnl.gov/projects/esgf-llnl/
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et al. 2012). Then, yearly median temperature and annual accumulated precipitation time series 1 

over Lebanon (which is smaller than one grid cell in all models except HiRAM) were generated for 2 

each GCM for the period 2007-2050 to compare their simulated average decadal climatology in the 3 

study region for both scenarios. The median, minimum and maximum values for each decade GCM 4 

of the yearly averaged temperature and yearly accumulated precipitation are compared in Fig. 1. 5 

HiRAM has the highest resolution (25km) of all models used and its predicted precipitation for the 6 

past period 2007-2010 is the closest to the average annual precipitation of 700 to 800mm in the 7 

study area (Atlas Climatique du Liban 1977). The decreasing precipitation trend in HIRAM for the 8 

future is more pronounced than the other models. The lower resolution models produce lower 9 

rainfall for 2007-2010, which might be expected given their limitation in resolving the complex 10 

topography in the study area that plays a significant role in inducing orographic precipitation.  On 11 

the other hand, HIRAM has a cold bias for the median annual temperature (for 2007-2010) for both 12 

RCPs, whereas HadGEM2-AO and CCSM4 produce the ≈20⁰C mean temperature over the study area 13 

(Atlas Climatique du Liban 1977) more accurately. We opted for HiRAM forcing to drive WRF in this 14 

study because 1) our simulations suggest that WRF can correct some of the temperature biases it 15 

inherits from its forcing model (El-Samra 2016) and therfore the cold bias of HiRAM is less of a 16 

concern, 2) the focus is primarily on precipitation and on the hydrologic impacts of climate change 17 

that are captured well by HiRAM, and 3) the high resolution of HiRAM allows a start with a coarse 18 

grid of 9 km in WRF (rather than 27 km for example). However, we note that demonstrating a higher 19 

performance of a GCM in simulating present-day climate may not be a sufficient indicator of the 20 

performance for future climate (Christetin and Christenin 2007); this is a limitation that cannot be 21 

overcome. Moreover, to further reduce the impact of GCM bias on climatic trends, we select the 22 

historic baseline for the hot and dry year from the RCP4.5 simulation of HiRAM to assess future 23 

climates trends, instead of relying on observations or reanalyses. 24 

Table 1 Global climate models assessed, in order of decreasing resolution.  25 
Note that the area of the study area is 10,452 km2, which implies that  26 

HiRAM is the only GCM that has more than one grid cell over the country. 27 

Model Name Institution Horizontal Grid Reference 

GFDL-HiRAM-
C360 

NOAA Geophysical Fluid Dynamics Laboratory 25km × 25km Delworth et al. 2006; 
Donner et al. 2011 

CCSM4 US National Centre for Atmospheric Research 100km × 117km Gent et al. 2011 

HadGEM2-AO National Institute of Meteorological Research/ 
Korea Meteorological Administration 

208km × 117km Collins et al. 2011; 
Martin et al. 2011 

INM-CM4 Russian Institute for Numerical Mathematics 222km × 140km Volodin et al. 2010 

MRI-CGCM3 Meteorological Research Institute 320km × 160km Yukimoto et al. 2011 

 28 
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 1 

Fig. 1 Average decadal climatology over study area from five GCMs.  2 
(up: yearly median, minimum and maximum temperature for every GCM during each decade;  3 

down: yearly accumulated, minimum and maximum precipitation for every GCM during each decade) 4 
 5 

2.2. Regional Model 6 

The regional model used for this study is WRF, with the Advanced Research (ARW) dynamics solver, 7 

version 3.4.1 (Skamarock et al. 2008). WRF is a non-hydrostatic three-dimensional atmospheric 8 

model suitable for both operational forecasting and atmospheric research applications (Heikkila et 9 

al. 2011). It accesses various databases directly to obtain information on terrain elevation, land 10 

cover and land use from the United States Geological Survey (USGS) and from the Moderate 11 

Resolution Imaging Spectroradiometer (MODIS) (Friedl et al. 2001) at various resolutions. These data 12 

cover the whole earth surface at a finest resolution of 30 seconds in both latitudinal and longitudinal 13 

directions, which corresponds to about 1 km at mid-latitudes. 14 

WRF as an RCM was recently evaluated in several studies, which documented very good skill in 15 

simulating regional weather and climate (Lo et al. 2008; Bukovsky and Karoly 2009; Caldwell et al. 16 

2009; Qian et al. 2010; Lebeaupin Brossier et al. 2011; Cardoso et al. 2012; Talbot et al. 2012; 17 

Flaounas et al. 2013a & b; Warrach-Sagi et al. 2013; Ramamurthy et al. 2016). A regional high 18 

resolution is achieved in the current simulations by using two one-way nested domains (Fig. 2a), 19 
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with 9 and 3 km horizontal resolutions. The highest resolution of 3km was shown to be sufficient in 1 

previous tests comparing historic WRF simulations over the study area to a wide array of ground 2 

observations; no significant improvement was noted when the resolution was further increased to 1 3 

km (El-Samra 2016). The outer integration domain covers 1350 km × 1700 km encompassing the 4 

eastern Mediterranean, to guarantee that synoptic-to-mesoscale systems that affect the coast of the 5 

study area are resolved in WRF. The inner domain extends over 462 km×579 km. MODIS (for the 6 

year 2001) land use data was used with 21 land categories and Lambert Conformal projection (most 7 

convenient for mid-latitude regions since it yields a nearly uniform grid spacing). The time step used 8 

was 30 seconds for the largest domain, and all domains had 28 vertical levels (with a vertically-9 

stretched grid) arranged according to terrain following hydrostatic pressure coordinates. The 10 

number of vertical levels is also based on the tests for historic periods conducted in El-Samra (2016). 11 

 12 

Fig. 2 (a) WRF’s two domains (9:3km) configuration with a color map of terrain height above sea level (ASL) 13 
(m), (b) study area divided into five geo-climatic regions 14 

Initial and boundary conditions were obtained from HiRAM’s past and future simulations. The time 15 

interval of the boundary data is 6 hours, and the sea surface temperature (SST) was also updated 16 

every 6 hours. WRF Preprocessing System (WPS) was used to interpolate HiRAM’s output into WRF 17 

domains. Eight yearly downscaling simulations were performed to generate extreme future climate 18 

projections over the project area, four from RCP 4.5 and four from RCP 8.5 (one year per decade 19 

from each scenario from 2011 to 2050). In addition, two past years forced by HiRAM were also 20 

simulated to evaluate the model’s ability to capture the cold and wet (2003) as weel as hot and dry 21 

(2008) extremes. The simulation of 2008 from RCP4.5 was then used as the historic baseline for 22 

inferring the future trends of the hot and dry extremes; this reduces the impact of GCM bias on the 23 

climatic trends. Each simulation covered a 13-months physical period, initialized on the first of 24 
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December of the year preceding the year of interest to allow a one month spin-up period, which was 1 

discarded before analyzing the simulation data from January to December of the year of interest 2 

(Zhang et al. 2009; Gao et al. 2012; Soares et al. 2012).  3 

Another key step in the model setup involves selecting the parameterization schemes. WRF has 4 

multiple options for parameterizing the physics of unresolved processes, as well as various schemes 5 

for the numerical discretization of the governing equations (Skamarock et al. 2008). In this work, the 6 

parameterizations schemes adopted are: WRF Single-Moment 6-Class Microphysics Scheme (WSM6) 7 

(Hong and Lim 2006), Monin Obukhov and Mellor Yamada Janjic (Eta) for surface layer and PBL 8 

physics (Mellor and Yamada 1974, Janjic 2001), Rapid Radiative Transfer Model (RRTM) (Mlawer et 9 

al. 1997) and Dudhia Long Wave and Short Wave (LW/SW) for radiative processes (Dudhia 1989), 10 

and Noah Land Surface Model (LSM) (Chen and Dudhia 2001) for surface processes. The selection is 11 

based on our previous WRF tests as detailed in Talbot et al. (2012) and Li et al. (2013). The same 12 

WRF configuration used here also performed well in historic simulations over the study area forced 13 

by reanalyses data from GFS (El-Samra 2016). We modified the atmospheric equivalent CO2 14 

concentration in each simulated year of WRF to match the respective scenarios RCP4.5 and RCP8.5 15 

and to be consistent with HIRAM. This alters the radiative balance of the simulations slightly but has 16 

a minor impact on the relatively short-term regional simulations we conduct with WRF (this was 17 

verified by comparing to simulations with current CO2 concentration). 18 

2.3. Selection of Downscaling Periods 19 

The influence of global warming on the project area can be assessed by comparing past and future 20 

statistics of various meteorological fields from years selected to have extreme hydro-meteorological 21 

events such as heat waves, intense storms, or drought periods. Such events pose particular 22 

challenges for dynamic models and significant hazards for the affected areas. Therefore, our 23 

downscaling simulations do not aim to reproduce decadal-means or average climatological 24 

conditions, the trends of which are reasonably captured by GCM outputs despite their shortcomings. 25 

Our focus is rather on extreme years where the impacts are the largest. Since these extreme years 26 

will be the tail of the decadal probability distribution functions (PDFs) for the various variables, a 27 

pertinent question is how representative are these tails of the general changes in these 28 

distributions. To address this question we plot in Fig. 3 the PDFs of 2m air temperature at a coastal 29 

location near the capital Beirut simulated by HiRAM, for each decade separately. The PDFs depict a 30 

consistent monotonic decrease in the frequency of low and intermediate temperatures, and an 31 

increase in the frequency of the highest (≥ 25ºC) temperatures. We also computed the mean and 32 

standard deviations for all decades and this shift seems to emanate from a shift in the mean, rather 33 
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than a change in the variance. The figure also indicates that the PDFs, computed based on a decade 1 

of daily data, are sufficiently converged so that the changes at the tails are not random, but rather 2 

consistent and representative of overall changes in the PDF. This indicates that investigating the tails 3 

is justified and indeed beneficial for our purposes since we intend to focus on extreme events. 4 

 5 

Fig. 3 Probability density functions of daily air temperatures (⁰C) at a coastal location near the city of 6 
Beirut (BIA station, detailed in section 2.4) from the time series of HiRAM, for the 4 future decades. 7 

To identify such extreme years, the following procedure is adopted: 8 

 Analyze HiRAM temperature and precipitation output time series for the “past” (2000-2010) and 9 

for the “future” (2011-2050 for RCP 4.5 and 8.5) (Fig. 4) 10 

 Quantify the accumulated annual precipitation and the median temperatures for each year from 11 

2000 till 2050. 12 

 Select the two extreme years for the past (a cold and wet year, and a hot and dry year) and eight 13 

years in the future (only hot and dry years, one year per scenario per decade) based on the 14 

following anomaly score: 15 

 𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑆𝑐𝑜𝑟𝑒 =  
1

2
(

𝑃𝑖−〈𝑃𝑖〉

max (𝑃𝑖−〈𝑃𝑖〉)
+

−(𝑇𝑖−〈𝑇𝑖〉)

max (𝑇𝑖−〈𝑇𝑖〉)
), (1) 16 

where Pi is the cumulative precipitation for year i (averaged over the domain of interest); 〈Pi 〉 is the 17 

decadal-average (e.g. from 2021 to 2030) of the yearly precipitations Pi ; Ti is the yearly median 18 

temperature (over the domain of interest); and 〈Ti 〉 the decadal-average of the median 19 

temperatures Ti.  20 

The domain of interest here was taken as an area of 28917 km2, spanning multiple HiRAM grid cells 21 

and fully encompassing the study area. The resulting minimum negative score corresponds to the 22 

critical/worst hot and dry year of the decade, while 2003 had the largest positive score in the historic 23 

decade. While we only focus on hot and dry future years, WRF historical simulations were performed 24 

for hot and dry as well as cold and wet years to “measure” the sensitivity of complex regions like the 25 

study area to extreme climate variability at both ends of the PDF. 26 



10 

 1 

Fig. 4 HiRAM RCP4.5 and 8.5 annual cumulative precipitation (mm) and  2 
median temperature (⁰C) time series (2007-2050) over the study area (Lebanon) 3 

The above process resulted in the selection of the following years: (1) 2003 as past cold and wet year 4 

and 2008 as past hot and dry year; (2) 2020, 2029, 2040 and 2050 as future dry and hot years from 5 

RCP4.5; and (3) 2017, 2023, 2035 and 2050 as future dry and hot years from RCP8.5. Fig. 4 indicates 6 

that the precipitation variability is larger than the variability of the median temperature, and thus 7 

dominated the anomaly score. Another formulation can be adopted (with weight) but in this study 8 

we focus on precipitation extremes and as such this score is well suited for our purposes. It is 9 

important to mention that the anomaly score gave years 2011 in RCP4.5 and 2015 in RCP8.5 as the 10 

extreme years for the decade 2011-2020, but we opted not to simulate any additional actual past or 11 

current years other than 2003 and 2008 (although 2011 and 2015 are future years in the HIRAM 12 

simulation). Hence, we selected the second worst extreme years (2020 in RCP4.5 and 2017 in 13 

RCP8.5). This had some influence on the trends we will show later, but does not alter the general 14 

conclusions we make. 15 

It is notheworthy that the simulated weather is a possible future realization, and unlikely to be the 16 

actual one that is going to occur. Hence, the driest year forecasted by a GCM for the 2030-2040 17 

decade, for example, might not be the actual driest year that will happen in that decade, but should 18 
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be statistically representative of the actual driest year given that the PDFs seem reasonably 1 

converged as illustrated in Fig 3. 2 

2.4. Observational Data 3 

Before using any RCMs or mesoscale models for high-resolution future projections, it is critical that 4 

model outputs be assessed against historical observational data to evaluate their consistency in 5 

predicting spatial and temporal distributions (Laprise 2008). We assessed the use of WRF forced by 6 

meteorological reanalyses from the same region (El-Samra 2016), with very satisfactory results. We 7 

also perform a limited assessment of HiRAM/WRF in this paper. To that end, comparisons between 8 

simulated and observed 2m temperatures and rainfall climatologies were conducted. WRF 9 

dynamical downscaling monthly results for rainfall and temperature from past simulations (2003 and 10 

2008, the two extreme years for that decade according to HiRAM) are compared with monthly 11 

observational datasets from weather stations that have continuous data for the decade of 2000-12 

2010 across the project area. These tests will show if the dominant temporal features (magnitude, 13 

spatial pattern, and monthly variations) of rainfall and temperature, and their ranges, are well 14 

captured by HiRAM/WRF runs at various spatial locations, and will guarantee that the HiRAM/WRF 15 

extreme variability is within the observed variability for historical periods.  16 

To identify the spatial and temporal climatic data that can be used, a review and assessment of the 17 

quality, comprehensiveness and span of several climatic data sources was undertaken. Based on a 18 

long-term trend of weather parameters including temperature, relative humidity, rainfall and wind, 19 

the Atlas Climatique du Liban (1977) divides the project area into three broad climatic trends: the 20 

coastal, the mountainous, and the inland, each of which is further subdivided into sub-regions. We 21 

found that the subregional divisions are only significant in the present analyses for the inland zone, 22 

which is partitioned into the north, central and south sub-regions based on the difference in annual 23 

precipitation (Fig. 1b). Continuous observations with complete monthly data were assessed from 24 

available stations for the five geo-climatic regions. Data were available through the website 25 

TuTiempo.net2., which compiles and stores data from meteorological stations around the world. 26 

Only three stations were found to have continuous daily data for temperature and rainfall for the 27 

period 2000-2010, two (BIA and TRP) located along the coastal zone and one located in the central 28 

inland region (HAO). Moreover, the anomaly score in equation (1) was used to determine the two 29 

past extreme years (wet/cold and dry/hot) in the observational data during the period 2000-2010 at 30 

                                                           

2 http://en.tutiempo.net/climate/lebanon.html 



12 

each of the three stations (BIA, TRP and HAO). The monthly outputs of WRF and HiRAM are then 1 

compared to the observed yearly-averaged temperature and yearly-accumulated precipitation 2 

statistics (average over the decade, minimum, and maximum), as well as to the same observed 3 

variables in the two observational extreme years. Note that the evaluation did not cover snow fall 4 

because no records were available for this variable in the study area. 5 

3. Results and Discussion 6 

In this section, we will first assess the results from HiRAM/WRF against historical observational data 7 

for 2m temperature and accumulated annual precipitation in order to evaluate the model’s 8 

consistency in predicting spatial and temporal distributions of these variables. Next, the possible 9 

influence of climate change impacts on the study area are inferred by comparing past and future 10 

precipitation statistics from WRF simulations driven by HiRAM. The comparison is also extended to 11 

cover climate indices related to precipitation over the study area. We reemphasize that in the case 12 

of presence of biases in precipitation or temperature from WRF runs, which can originate both from 13 

HiRAM and WRF simulations, one can expect the biases to have a moderate influence on the 14 

difference fields (the anomalies) since they would be comparable in past and future HIRAM/WRF 15 

runs. 16 

3.1. Recent Historic Extreme Years (2003 and 2008) 17 

3.1.1.  Temperature 18 

Fig. 5 illustrates the annual mean temperature maps during 2003 and 2008 for the study area 19 

resulting from HiRAM and WRF simulations. HiRAM alone identifies the large-scale distribution of 20 

mean annual temperature but misses to reproduce the local topographies well. The figure obviously 21 

replicates the close relationship between altitude and temperature and shows that the finer 22 

resolution WRF simulations are superior in capturing the temperature changes related to elevation 23 

in the mountain ranges, alongside the coast and in the inland regions. For instance, the northern 24 

inland semi-arid region located between two mountain ranges is delineated very well by WRF, while 25 

HiRAM’s coarse resolution completely misses it. In addition, HiRAM missed many regional details 26 

such as the low temperature in the west mountain ranges: the minimum temperature is simulated 27 

approximately 0.8⁰ to the east compared to WRF. WRF reproduces the spatial configuration of 28 

temperature variability skilfully, as well as the gradient of the temperature variability that is higher 29 

at high altitude and lower near sea levels. Therefore, WRF captures the regional temperature 30 
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differences between the cold (2003) (Fig. 5b) and hot (2008) (Fig. 5d) simulated extreme years 1 

reasonably well.  2 

 3 

Fig. 5 Annual mean temperature (⁰C)  4 
(a) 2003 HIRAM; (b) 2003 WRF 3 km resolution; (c) 2008 HiRAM; (d) 2008 WRF 3 km resolution.  5 

The locations of the 3 observational stations used in the assessment are also shown. 6 

In order to evaluate the model’s skill in capturing the temperature variability over the study area, we 7 

calculated the simulated average monthly temperatures (T) (and Precipitations (P) in the next 8 

subsection) during 2003 and 2008 for the three weather stations considered, where the model data 9 

at the location of each station was used (Fig. 5). For observation data of each station, the mean 10 

values for each month were averaged over the 11 available years (each month separately, from 2000 11 

till 2010) for observed temperature and accumulated precipitation. The average over a given month 12 

across all years, as well as the average for the whole 11 years, were then also calculated. In addition 13 

to the monthly average over all years, the maximum and minimum monthly-mean values of T and P 14 

were computed for each month over the 11 years from the observations for the whole decade (e.g. 15 

hottest July in these 11 years). The simulated monthly mean temperature for 2003 and 2008 were 16 

then compared to observed ranges to check if WRF outputs are within these ranges for T and P. As 17 

previously noted, the observational data were for the observed extreme years (wet/cold and 18 

dry/hot) determined from the application of the anomaly score to the observational time series from 19 
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2000 to 2010. It is worthwhile to mention that the anomaly score resulted in the same past observed 1 

extreme years at both coastal stations (BIA and TRP) (2009 as wet/cold year and 2010 as dry/hot 2 

year); however, these years were different at the inland station (HAO) (2002 as wet/cold year and 3 

2008 as dry/hot year).  4 

a. BIA Station 5 

 6 

b. TRP Station 7 

 8 

c. HAO Station 9 

 10 

Fig. 6 Simulated (WRF-3 and HiRAM) monthly average 2m temperature (⁰C) for years 2003 and 2008 in 11 
comparison to observed decadal monthly average, maximum and minimum (2000-2010) and observed 12 

monthly average values for the extreme years 2009 and 2010 for BIA and TRP, and 2002 and 2008 for HAO. 13 

Based on the evaluation for the three stations for the years 2003 and 2008, we found that the 14 

average temperate outputs of WRF 2003 and 2008 fall in the observed climatological ranges better 15 

than HiRAM’s monthly simulated temperatures. Except for BIA, which is influenced by the proximity 16 
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to the sea (recall the sea surface temperature is the same in WRF and HiRAM), WRF produces 1 

warmer temperatures than HiRAM, and is closer to the observed averaged temperatures. The 2 

downscaling thus corrects some of the cold bias it inherits from HiRAM. However, some cold-bias 3 

persists; for example, both models indicate low average monthly temperatures for January at all 4 

three stations that are below the observed Tmin (which represents the coldest observed January for 5 

2000-2010) by 1 to 3°C. These biases underline the difficulties for temperature simulations over 6 

complex topographical regions, even for the high-resolution WRF simulations. For other months, 7 

however, the WRF simulations are within the range of observations, indicating that the simulations 8 

are reasonable depictions of the climate. This might suggest that the bias in January in WRF is 9 

related to the 1-month warm-up, and potentially with a longer initialization from HiRAM, better 10 

results could be obtained. The variability at the sub-yearly time scale (differences between the 11 

hottest and coldest month) are captured well. The inter-annual variability, on the other hand, cannot 12 

be assessed since we would need to simulate all 11 years with WRF to attain the same level of 13 

variability. The selection of 2003 and 2008 based on our anomaly score, which is also influenced by 14 

precipitation, does not guarantee that they represent the hottest and coldest years to capture the 15 

inter-annual variability. 16 

3.1.2.  Precipitation 17 

The wet season in the study area takes place primarily between the months of November and April 18 

with interspersed wet days through September-October and May, when precipitation is influenced 19 

by the influx of humid air from the Mediterranean sea. The orographic features control precipitation: 20 

when this moist air reaches the coast from the west, it is uplifted by the mountains and then cools 21 

and condenses. Precipitation upsurges on the windward slopes and diminishes on the leeward 22 

inclines (since the air starts warming as it descends and the relative humidity decreases), creating a 23 

band of high annual precipitation parallel to the seaward slope of the west mountain range and 24 

along the coastal area. The average annual rainfall in the coastal zone ranges between 500 and 1100 25 

mm, whereas the average annual precipitation over the mountainous region varies between 900 and 26 

1850 mm (Atlas Climatique du Liban 1977; Akadan 2008). 27 

The high spatial resolution of the RCM is central to simulating mesoscale phenomena and adding 28 

value to the GCM. For instance, Leung and Qian (2003) revealed considerable enhancement in the 29 

simulation of precipitation for the Pacific Northwest following the decrease in grid cell size of an 30 

RCM. As mentionaed above, the present model set-up is able to resolve the high resolution structure 31 

of storms and their impacts on precipitation in complex topographies, and this is illustrated for both 32 

wet (2003) and hot (2008) extreme years in Fig. 7. WRF reproduces the very high precipitation over 33 
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the western mountains and the high precipitation over the coast while the GCM misses most of the 1 

fine-scale details due to its coarse resolution. 2 

 3 

Fig. 7 Annual precipitation (mm) (a) 2003 HIRAM 25km resolution; (b) 2003 WRF3 km resolution;  4 
(c) 2008 HiRAM 25 km resolution; (d) 2008 WRF 3km resolution 5 

The locations of the 3 observational stations used in the assessment are also shown. 6 

The monthly rainfall comparison for the three observational weather stations shows that WRF 7 

provides more realistic simulations of recent climatology than HiRAM (Fig. 8). For all stations 8 

considered, WRF shows a good representation of seasonal and geographic distribution of rainfall: 9 

the effect of the main geographical features (coastal and inland) is captured, along with the 10 

reproduction of the seasonal cycle. As expected, coarse resolution models miss some of the spatial 11 

patterns and can produce significant discrepancies (for example HiRAM in 2008 at the inland HAO 12 

station), which WRF can correct.  13 

The overall comparison between past regional model results and weather station data is quite 14 

reasonable. Recall that there is no reason to expect WRF to reproduce exactly the 2000-2010 15 

observed average at any station, but it is anticipated to be withing the observational range. 16 

Moreover, the weather stations offer point records, whereas the model outputs are derived from a 17 

3×3 km grid cell.  18 
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a. BIA Station 1 

 2 

b. TRP Station 3 

 4 

c. HAO Station 5 

 6 

Fig. 8 Simulated (WRF-3 and HiRAM) monthly accumulated rainfall (mm) for years 2003 and 2008 in 7 
comparison to observed decadal monthly average, maximum and minimum (2000-2010) and observed 8 

monthly average values for the extreme years 2009 and 2010 for BIA and TRP, and 2002 and 2008 for HAO.  9 

 10 

3.2. Future Years (2011-2050) 11 

The projected variations in the total annual precipitation (rain and snow) by HiRAM and WRF are 12 

presented in Table 2 and Fig. 9 to Fig. 12. All simulations predict a considerable decrease in annual 13 

precipitation in the selected simulated extreme years during the period 2011–2050, in comparison 14 

with present extreme hot and dry conditions (2008). Each year has the highest anomaly score in its 15 

decade (except 2020 and 2017 which were selected from a 5-year span between 2016 and 2020 as 16 
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explained earlier); these reductions hence underline a worsening of the “worst-case” year in each 1 

decade in the future and consequently increasingly adverse impacts on the water resources of the 2 

region. Of particular concern is the potential for a 50% reduction in snowfall (RCP 4.5 year 2050) 3 

since snowmelt is a critical source of water recharge in the spring and early summer for the region. 4 

Table 2 Annual precipitations (mm) for HiRAM and WRF over the study area 5 

 Reference RCP4.5 RCP8.5 

Model 2008 2020 2029 2040 2050 2017 2023 2035 2050 

HiRAM 711 732 450 436 491 1072 526 445 468 

WRF (total) 710 738 538 440 494 887 553 498 582 

WRF (rain) 662 681 469 368 471 771 521 452 552 

WRF(snow) 48 57 69 72 23 116 32 46 30 

 6 

 7 

Fig. 9 RCP4.5 accumulated rainy-season rainfall (mm) for the extreme years (hottest and driest per decade) 8 
under consideration 9 
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 1 

Fig. 10 RCP4.5 accumulated rainy-season snowfall (mm) for the extreme years (hottest and driest per 2 
decade) under consideration 3 

 4 

Fig. 11 RCP8.5 accumulated rainy-season rainfall (mm) for the extreme years (hottest and driest per decade) 5 
under consideration 6 
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 1 

Fig. 12 RCP8.5 accumulated rainy-season snowfall (mm) for the extreme years (hottest and driest per 2 
decade) under consideration 3 

The country averaged results alone are not sufficient to relay the whole scope of the impacts; 4 

Regional changes should equally be examined. Precipitation changes in the selected simulated 5 

extreme years during the period 2011–2050 include a variable decrease across the different climatic 6 

zones (Table 3), which is in accordance with the results of Lelieveld et al. (2014) and IPCC (2013) for 7 

the Mediterranean region. Apart from 2017 and 2020, which represent poorly the extreme 8 

conditions in their respective decades since there were selected from 5 years only (particularly 2017 9 

which is very wet), both RCPs produce a noticeable decrease in extreme years’ rainy-season 10 

(October to May) rainfall. The reduction is substantial over all climatic sub-regions, but regional 11 

differences clearly arise. This is one of the main benefits of downscaling with RCMs WRF: their high 12 

spatial resolution allows the identification of regions and watersheds inside a study area that might 13 

be particularly exposed to future changes. To be specific, the mountainous areas in this study are 14 

likely to be affected by severe changes, where rainfall is expected to decrease by approximately 16 15 

to 33% in RCP4.5, and 14 to 24% in RCP8.5, in comparison to 2008. Precipitation in the mountainous 16 

regions nourishes the highly productive agricultural interior areas and coastal zones, and future 17 

changes will affect food production due to water shortage. Furthermore, snowfall and subsequent 18 

slow snowmelt in the mountains smooth the water recharge, and reduction in snow accumulation 19 

can further adversely influence the study area. All simulations consistently locate significant 20 
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precipitation decreases along the coast (between 12 and 30%), but the most notable changes are 1 

projected for the inland regions, especially in the northern area (15 to 54% decrease) with respect to 2 

the baseline year 2008. The worst decrease over the four extreme years in rainy-season rainfall in 3 

RCP4.5 (–35%) is more pronounced than in RCP8.5 (–29%) with respect to the extreme past dry year 4 

2008. As for snowfall, it is likely to be impacted by climate warming with increases in saturation 5 

vapor pressures and fluctuations in the frequency of occurrence of temperatures below the rain-6 

snow shift temperature (O’Gorman 2015). Both RCPs predict an increase during the simulated 7 

extreme years from 2020 till 2040, but this is dissipated by the middle of the century and gives way 8 

to a decrease of about 36% over the mountains and exceeding 50% in the inland regions (the largest 9 

reduction in snowfall). 10 

Table 3 Regional rainy-season rainfall and snowfall (mm) for RCP4.5 and 8.5 11 

 Reference RCP4.5 RCP8.5 

Region 2008 2020 2029 2040 2050 2017 2023 2035 2050 

Rainfall 

Coast 683 829 558 484 478 1098 519 537 601 

Mountains 952 1032 803 636 735 1433 820 721 867 

Inland_n 389 341 260 178 315 413 333 223 265 

Inland_c 545 538 443 323 346 824 455 354 465 

Inland_s 738 677 590 530 474 1155 584 520 618 

Study area 662 684 531 430 470 985 542 471 563 

Snowfall 

Coast 3 1 5 5 0 4 0 2 0 

Mountains 95 121 135 156 61 249 73 91 66 

Inland_n 34 38 53 45 16 88 23 36 25 

Inland_c 57 58 64 63 16 110 26 44 28 

Inland_s 54 67 88 91 21 131 37 59 33 

Study area 48 57 69 72 23 116 32 46 30 

 12 

The probability density function (PDF) of daily rainfall allows the determination of the nature of 13 

potential changes, distinguishing the sort of events that might substantially vary, and outlining the 14 

precipitation patterns in the future. Fig. 13 and Fig. 14 present the variations in the intensity and 15 

frequency of daily events in the 5 geo-climatic regions in RCP4.5 and 8.5 respectively, where only 16 

wet days (P ≥0.1 mm/day) in the rainy-season are considered. The bins of PDF show the days of light 17 

rainfall (P <1 mm/day), days of moderate rainfall (1 mm/day ≤ P ≤ 10 mm/day), days of heavy rainfall 18 

(10 mm/day ≤ P ≤ 20 mm/day) and very heavy rainfall (P≥ 20 mm/day). The PDFs show that there is 19 
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generally a shift towards lower intensity events in all regions in both RCPs. The number of moderate 1 

rainfall events  is projected to increase along the coast and in the mountainous region under both 2 

RCPs. As for the frequency of heavy precipitation, the simulated extreme years in RCP8.5 show a 3 

higher frequency of these rainfall events than those in RCP4.5 along the coast, as well as in the 4 

central and southern inland area.  5 

 6 

Fig. 13 Precipitation probability density plots per region in RCP4.5 7 
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 1 

Fig. 14 Precipitation probability density plots per region in RCP8.5 2 

The risk of extreme rainfall events and droughts,  was further examined using five indices from the 3 

Expert Team on Climate Change Detection and Indices (ETCCDI) to portray changes in extreme 4 

precipitation: the number of consecutive dry days (CDD), consecutive wet days (CWD), days of heavy 5 

rainfall (R10MM), days of very heavy rainfall (R20MM) and maximum one day precipitation 6 

(RX1DAY) on a yearly basis (Persson et al. 2007) (Table 4). According to ETCCDI, CDD is the count, 7 

using the time series of daily precipitation amounts, of the largest number of consecutive days 8 

where rainfall rate is less than 1 mm/day. On the other hand, CWD is the count, using the time series 9 

of daily precipitation amounts, of the largest number of consecutive days where rainfall rate is at 10 

least 1 mm/day. Days of heavy rainfall is the count of days where the rainfall rate is greater than 11 

10mm, while days of very heavy rainfall is the number of days exceeding the rainfall rate of 20mm. 12 

The maximum one day precipitation reports the highest rainfall rate attained during a day over the 13 

year.  During the future simulated extreme years, the wet episodes are anticipated to be smaller, 14 

while the dry episodes are expected to be longer. The changes in CDD are more prominent in RCP4.5 15 

than RCP8.5 in the simulated extreme years during the period 2011-2050. The worst year in RCP4.5 16 

(2040) indicates that the length of the dry spells is likely to increase over the region, especially in the 17 
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coast (58%), mountains (75%) and northern inland region (37%). The modifications in CWD suggest 1 

that the span of continuous wet periods during the future simulated extreme years is expected to 2 

decrease over practically the entire study area. The most substantial change is expected in the 3 

northern inland region under both RCPs where the CWD drops to 50% in the 2050 simulations. This 4 

is consistent with the findings of Barrera-Escoda et al. (2014) for the Iberian Peninsula who projected 5 

a decrease of 10 days in CDD and a reduction of 3-4 days in CWD in similar topographies in the 6 

Mediterranean region by year 2050. Hadjinicolaou et al. (2011) reported similar results for Cyprus by 7 

midcentury.  Similarly, the number of days of heavy and very heavy rainfall (RR0MM and RR20MM) 8 

will decrease in the simulated future extreme years in most regions, reaching the level of 50% 9 

reduction in the northern inland zone already known for its dry climate, which is the same 10 

conclusion observed in that region’s PDF (Fig. 13 and 14). Finally, the maximum one-day 11 

precipitation is expected to decrease in all regions under both scenarios during the extreme years 12 

except on the mountains, where WRF projected a slight increase. This result confirms the projections 13 

made for nearby Cyprus by 2050 (Hadjinicolaou et al. 2011), which is included in our outer domain of 14 

9km. 15 

.  16 
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Table 4 Past and Future CDD (days), CWD (days),  1 
RR10MM (days), RR20MM (days) and RX1day (mm) per region per RCP 2 

 Reference RCP4.5 RCP8.5 

Region 2008 2020 2029 2040 2050 2017 2023 2035 2050 

CDD 

Coast 66 80 103 104 69 64 90 84 92 

Mountains 65 85 98 114 67 73 82 80 69 

Inland_n 100 109 120 137 71 114 124 125 110 

Inland_c 121 114 126 135 83 117 122 102 122 

Inland_s 111 110 130 119 79 109 120 100 111 

Study area 92 100 115 122 74 96 108 98 101 

CWD 

Coast 7 8 6 6 5 8 4 5 4 

Mountains 8 8 6 6 6 8 6 6 5 

Inland_n 6 6 4 4 4 6 5 4 3 

Inland_c 6 7 5 5 5 7 5 5 5 

Inland_s 7 8 5 5 6 8 5 6 5 

Study area 6 8 5 5 5 7 5 5 4 

RR10MM 

Coast 22 28 18 17 17 36 16 17 17 

Mountains 28 33 25 20 24 41 25 21 24 

Inland_n 12 9 7 5 9 36 16 17 17 

Inland_c 18 18 13 10 10 41 25 21 24 

Inland_s 23 23 18 17 16 12 10 6 8 

Study area 21 22 16 14 15 27 15 12 15 

RR20MM 

Coast 10 14 6 6 6 18 8 8 9 

Mountains 15 18 12 9 10 24 11 12 13 

Inland_n 4 3 2 1 3 4 3 2 2 

Inland_c 7 7 5 3 3 12 6 5 7 

Inland_s 10 10 7 8 9 12 9 8 10 

Study area 9 10 6 5 6 14 8 7 8 

RX1day 

Coast 62 57 74 46 42 74 51 54 64 

Mountains 73 68 92 65 77 87 100 67 82 

Inland_n 39 35 33 24 33 37 40 27 34 

Inland_c 59 39 71 41 33 52 51 37 45 

Inland_s 74 44 73 61 36 71 52 48 55 

Study area 62 49 69 47 44 64 59 47 56 

 3 
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4. Summary and Conclusion 1 

In this study, the regional climate model WRF was used to downscale future climate simulated by 2 

the HiRAM GCM over a complex topographical area under the RCP4.5 and RCP8.5 scenarios. We 3 

simulated recent past extreme wet and dry years (2003 and 2008) and one future (2011–2050) 4 

extreme year per decade for each scenario:  2020, 2029, 2040 and 2050 from RCP4.5 and 2017, 5 

2023, 2035 and 2050 from RCP8.5. Since the goal of this study is to compare the future driest year 6 

with the present driest year in order to determine how the extreme climate will shift, the baseline 7 

for comparison between the past and the future was the hottest/driest year 2008. Our focus being 8 

on water resources impacts, the selection of simulation years was performed using an anomaly 9 

score based on median annual temperature and accumulated precipitation from HiRAM daily time 10 

series. The higher inter-annual variability of precipitation resulted in it dominating this anomaly 11 

score. Model performance for average temperature and precipitation were evaluated by comparing 12 

the historic results for 2003 and 2008 results with decadal observations (2000-2010) for three 13 

weather stations located along the coast and in the central inland region. The historic results 14 

demonstrate that, compared with results from the coarse resolution of HiRAM, dynamical 15 

downscaling improves the simulated mean temperature and precipitation and is highly beneficial. 16 

The downscaled results were predominantly within the range of observed climatic ranges, correcting 17 

the cold bias inherited from HiRAM. 18 

The improvement in temperature and precipitation obtained through downscaling are largely 19 

attributed to improvements in topography and coastline representation. WRF captured the severe 20 

distinction between the exceptionally wet climate on the seaward slopes of west mountain range, 21 

which is governed by orographic precipitation, and the dry climate inland. For such complex 22 

topographies, therefore, climate change impact assessment requires downscaling that can capture 23 

the strong spatial variability.  24 

In the context of implications of the two scenarios RCP 4.5 and RCP8.5 on precipitation, the high-25 

resolution downscaling simulations provided evidence of a significant drier climate over the whole 26 

study area during the simulated future extreme years from 2016 till the mid of this century, with 27 

reduction in annual precipitation of about 30%. The projections show that this significant decrease in 28 

precipitation spans all geo-climatic regions for both RCPs. However, nontrivial inter-regional 29 

differences, which can only be captured by high resolution RCMs, emerged. The mountainous areas 30 

as well as the inland regions will be particularly affected by these precipitation decreases 31 

(particularly in terms of snowfall), while the impacts in the coastal regions are slightly lower.  32 
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