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ABSTRACT
The ability of both the ECMWF-TOGA analyses and regional model RegCM2 to simulate the climate of the Middle
East is examined. The climate of the region displays high spatial, seasonal and interannual variability, providing a strong
test of a climate model’s abilities. The higher resolution of RegCM2, compared with the ECMWF analyses, allows it to
capture the spatial variability of temperature and precipitation better despite model biases being present. Both RegCM2
and the analyses have a cold bias, exacerbated in RegCM2 by a bias present in the prescribed sea-surface-temperature
forcing. RegCM2 does not capture the annual cycle of precipitation on the Black and Caspian Sea coasts, where very
steep topography exists, nor on the eastern Mediterranean coast, where the coastal mountains are not resolved. RegCM2
does capture the seasonal cycle in the Fertile Crescent and Zagros Mountains, where it is strongly influenced by a plateau
circulation above the Iranian plateau. It is shown that accurate simulation of precipitation in these regions requires the
correct simulation of storm tracks, topographic interactions and atmospheric stability. RegCM2 is better able to simulate
the interannual variability averaged over the entire domain compared with the ECMWF analyses; however, they both have
difficulty reproducing the interannual variability in particular subregions. It is also shown that processes controlling the
seasonality of precipitation differ in different subregions and are often different from the processes controlling interannual
variability. This suggests that, in order to model precipitation successfully, a horizontal scale that allows differentiation
of precipitation zones dominated by different precipitation processes, both seasonally and interannually, is required.
Copyright  2004 Royal Meteorological Society.
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1. INTRODUCTION
The Middle East is interesting for several reasons. Over the last 8000 years, the landscape has been massively
altered by developing human activity, including forest removal, rangeland degradation by ploughing, grazing
and trampling, and watercourse damming and diversion. Rapid population growth, political conflict and water
scarcity are common throughout the area, rendering it sensitive to changes in climate. Indeed, climate changes
may have already had a significant impact on the history of the region.
Although much of the Middle East region has a Mediterranean climate type, i.e. Csa in the widely used
Köeppen classification (Oliver and Hidore, 1984) with wet winters and dry summers, the spatial gradients
in climate are far sharper than in the broad prototype Csa region to the west. For example, along the 40 ° N
meridian, the northward transition from desert (BWh) through steppe (BSh) to cool highland climate (H)
occurs within 400 km. Elsewhere in the region, numerous coastlines and mountain ranges modify the local
climates. Orographic precipitation in the Taurus and Zagros Mountains supplies the flow of the Euphrates and
Tigris Rivers, which in turn supply the Mesopotamia region with needed water. The mountainous southern
* Correspondence to: Jason P. Evans, Geology and Geophysics Department, Yale University, PO Box 208109, New Haven,
CT 06520-8109, USA; e-mail: jason.evans@yale.edu
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coasts of the Black and Caspian Seas, and eastern coast of the Mediterranean Sea, experience upslope seasonal
precipitation. The Red Sea and Persian Gulf, while acting as powerful sources of water vapour, trigger little
precipitation locally due to descending air in the Hadley cell. The interior steppe and deserts of Syria, Iraq,
Jordan and Saudi Arabia, which would be dry anyway because of their latitudinal position, are made still
drier by the surrounding mountain ranges. This complex relationship between landscape and climate poses a
challenge for climate modellers. This study aims to identify the dominant precipitation-triggering processes
in regions of local precipitation extrema. Current observational networks are inadequate for such a detailed,
spatial, process-based study; hence, output from a regional climate model (RCM) is used. In order to establish
qualitatively the realism of the processes modelled, it is important first to assess the regional climate model’s
ability to reproduce the spatial, seasonal and interannual variation in climate.
By treating the Earth’s atmosphere as a closed system, general circulation models (GCMs) are able to
simulate weather and climate for the entire globe. Even with continuing advances in computing power,
GCMs remain limited to horizontal resolutions on the order of hundreds of kilometres. These resolutions
preclude the simulation of small-scale circulation features, which are important for the accurate simulation
of regional climate. The use of limited-area models or RCMs nested within GCMs or observational analyses
provides the ability to resolve detailed features of orography and the land surface that affect regional climate.
RCMs have become more widely used during the last decade, and reviews of previous regional modelling
studies and approaches can be found in McGregor (1997) and Giorgi and Mearns (1999). RCMs have been
used to downscale GCM simulations of present-day climate (Renwick et al., 1998; Liston and Pielke, 2001)
as well as future global warming scenarios (Giorgi et al., 1994; Raisanen et al., 2001; Whetton et al., 2001).
Their resolution also makes them a useful tool for performing mechanistic studies of atmospheric phenomena
(Indeje et al., 2001). Regional climate simulations have been produced using RCMs for many regions of the
world, including the USA, Europe, Australia, New Zealand, Southeast Asia and South America.
Compared with many places in the world, the Middle East (shown in Figure 1) is a data-sparse area. As
such, only a relatively small body of work concerning regional climatic phenomena exists. Several studies of
the medium-term change in local climate regime based on ground-station data have been performed for several
subregions (Ben-Gai et al., 1998, 1999; Small et al., 2001; Cohen et al., 2002), as well as the region as a whole
(Nasrallah and Balling, 1995). GCM, observational analyses (model with observations assimilated) and ground
based data have been used to investigate large-scale atmospheric phenomena and teleconnections influencing
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Figure 1. Topography of the Middle East
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the region (Reddaway and Bigg, 1996; Saaroni et al., 1998; Nazemosadat and Cordery, 2000; Saaroni and
Ziv, 2000; Kutiel and Benaroch, 2002). Some higher resolution studies investigating weather events using
regional models have also been carried out (Alpert et al., 1997; Krichak et al., 2000). In contrast, we simulate
over an extended period (5 years) at the regional scale. This allows the analyses of a climatology as well as
resolving the mesoscale processes (events) leading to this climatology.
Here, we use an RCM developed at the National Center for Atmospheric Research (NCAR) USA, RegCM2,
to model the climate for the region numerically. This study provides both an evaluation of the model
performance over the region and an analysis of the spatial variation in the dominant precipitation-causing
mechanisms. In Section 2 a description of the regional model along with the experimental design can be
found. In Section 3 the data sets used to evaluate the model are developed from ground- and satellite-based
observational platforms, and the statistics calculated to perform the evaluation are described in Section 4. The
model’s performance is compared with the observational datasets in Section 5. Section 6 provides an analysis
of precipitation processes dominating the seasonal cycle and interannual variability for various subregions
within the domain. The conclusions are presented in Section 7.
2. MODEL DESCRIPTION AND EXPERIMENT DESIGN
The second-generation NCAR RCM (RegCM2) is based on the NCAR–Pennsylvania State University mesoscale model version MM4, an atmospheric circulation model. Several of MM4’s physics
parameterizations were modified to adapt it to long-term climate simulations. Key modifications include
detailed representations of radiative transfer (Briegleb, 1992), surface physics–soil hydrology processes (Dickinson et al., 1993), the model planetary boundary layer (Holtslag et al., 1990) and convective precipitation
schemes (Giorgi, 1991). Much of the development of RegCM2 can be found in Giorgi et al. (1993a,b).
The dynamical component of RegCM2 is essentially the same as that of the standard MM4 (Anthes and
Warner, 1978; Anthes et al., 1987). The MM4 is a hydrostatic, compressible, primitive equation, terrainfollowing σ vertical coordinate model, where σ = (p − ptop )/(ps − ptop ), p is pressure, ptop is the pressure
specified to be the model top, and ps is the prognostic surface pressure. RegCM2 has been used in many
climate studies (Hostetler and Giorgi, 1992; Giorgi et al., 1994; Bates et al., 1995).
RegCM2 was implemented using a 25 km grid centred at 35 ° N, 45 ° E and covering a total area of almost
8 000 000 km2 . The model time step was 90 s. The topography and land use are interpolated to the model
grid points from a global 10 dataset. The initial and boundary conditions for the RegCM2 simulations are
extracted from the ECMWF-TOGA analyses (ECMWF, 2001), covering 5 years beginning in January 1990.
The topography of both the ECMWF-TOGA analyses and RegCM2 are shown in Figure 2.
3. OBSERVATIONAL DATA
Surface climatology was established using data available from the United Nations Food and Agriculture
Organization (FAO) (FAOCLIM version 1.2). This dataset includes monthly values for standard climate
quantities, averaged over a period from 1940 to 1970. There are almost 1000 stations in our area of interest.
Data from these stations were used to create monthly temperature and precipitation climatologies interpolated
to the RegCM2 25 km grid. In order to account for the large changes in interstation distances, a CRESSMAN
technique using a variable radius of influence was used. The interpolation scheme includes a −5 ° C/km
temperature lapse rate correction but no corresponding correction to precipitation. The spatial distribution
of precipitation shows a strong increase of precipitation northward and outward from the deserts of Saudi
Arabia, eastern Jordan, western Iraq and southeastern Syria, toward the mountains and the Mediterranean and
Caspian Seas. The mean annual precipitation and temperature fields are shown in Figures 3 and 4.
The FAO dataset used above provides good spatial coverage but has the disadvantage of being collected
some time earlier than the current experiments, as well as providing no interannual information. To address
these issues, data from ground stations were extracted from the global summary of month observations
Copyright  2004 Royal Meteorological Society
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Figure 2. Topography of (a) ECMWF-TOGA analyses and (b) RegCM2
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Figure 3. Mean annual precipitation (FAO observations)

collected at the Climate Prediction Center (CPC) of the National Centers for Environmental Prediction
(NCEP). There were 824 stations reporting in and nearby to the region between 1979 and 2000, though
there was no month when all stations reported, with as few as 600 stations reporting in a month. While this
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dataset offers monthly values for the entire period modelled, the station density is around half that offered
by the FAO dataset. In particular, almost no observations from Iraq are present in the CPC data, causing
significant errors in the climatology, as can be seen in Figure 5, where the precipitation maximum in northern
Iraq captured by the FAO dataset is missing from the CPC data. This is also seen in the temperature bias,
where large areas of Iraq display biases greater than 1 K. It should be noted that some of the difference
between these datasets may be due to the fact that they cover different periods; however, we believe that the
difference in station density and distribution remains the major cause.
Time series of the mean sea-surface temperature (SST) for each of the water bodies in our region were
also constructed from satellite-based data. These data were obtained from the physical oceanography DAAC
at the Jet Propulsion Lab, NASA. The dataset contains weekly averaged multi-channel SST derived from the
AVHRR series of satellites at approximately 18 km resolution. The history of SST computation from AVHRR
radiances is discussed at length by McClain et al. (1985). Here, the data have been averaged into a single
monthly time series for each water body.
Mountain snow plays a significant role in water storage and release, making it a relevant basis for detecting
the influence of interannual climate fluctuations. Using 13 years of 8 km AVHRR composites, the monthly
snow cover extent was determined based on a combination of the reflectance of visible radiation (channel #1)
and the emission of thermal infrared radiation (channel #2). These data show that the snow cover changes
considerably from year to year. In 1985 the maximum snow cover was only 180 000 km2 , whereas in 1993
the snow cover reached 330 000 km2 .

4. STATISTICAL MEASURES
Many different statistical measures have been used previously to test the performance of climate models
quantitatively. Willmott et al. (1985) and Legates and McCabe (1999) provide an analysis of the suitability
Copyright  2004 Royal Meteorological Society
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Figure 5. Difference between CPC and FAO datasets for (a) annual precipitation and (b) mean annual temperature

of several of these measures, as well as suggesting some of their own. In this paper, the model performance
is evaluated against observations using several statistics, including the bias
Bias = M − O FAO
Copyright  2004 Royal Meteorological Society
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where M is the mean of the modelled values and O FAO is the mean of the FAO climatology. The root-meansquare error (RMSE) is given by


N
1 
RMSE = 
(Oi − Mi )2
N i=1

(2)

where N is the number of observed (O) and modelled (M) values being compared. Here, N is the number
of RegCM2 grid cells in the domain. Climatological values are used in calculating the RMSE.
The modified coefficient of efficiency E, Equation (3), which is ‘baseline adjusted’, was proposed by
Legates and McCabe (1999) as a more stringent measure of model skill than the coefficient of determination
(the square of the familiar Pearson’s product-moment correlation coefficient) R 2 . Unlike the R 2 , E is sensitive
to both additive and proportional differences between the model simulations and observations. Here, the
baseline is provided by the monthly FAO climatology, while observations are given by the CPC data and the
modified coefficient of efficiency is calculated as
N


E = 1.0 −

|Oi − Mi |

i=1
N


(3)

|Oi − O FAO |

i=1

where Oi is observations from the CPC dataset, O FAO is the FAO climatology baseline and Mi is the monthly
modelled values, all of which are taken as areal averages over a specified domain. In Equation (3), N is the
number of months modelled (60). The FAO climatology, being derived from the densest station network,
provides a relatively high confidence baseline to compare modelled and observed values. One major reason
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Figure 6. Study domain showing the focus subregions: (1) Southeast Black Sea coast; (2) southwest Caspian Sea coast; (3) eastern
Mediterranean coast; (4) Fertile Crescent (headwaters of Tigris River); (5) Zagros Mountains; (6) Saudi desert
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for using this baseline is to take into consideration regions where the CPC station data are extremely sparse
or even nonexistent, such as in Iraq.
The coefficient of efficiency E, first defined by Nash and Sutcliffe (1970), was designed to range from −∞
to 1.0, with higher values indicating better agreement. According to Equation (3), E = 0.0 if the differences
between the model simulation and the CPC observations are as large as the differences between the CPC
observations and the FAO climatology. If this modelled difference exceeds the observational difference, then
E < 0.0. Thus, a value of zero for the modified coefficient of efficiency indicates that the climatological mean
is as good a predictor as the model, whereas negative values mean that the climatological mean is a better
predictor than the model.
In order to evaluate the spatial agreement between model and observations quantitatively, Walsh and
McGregor (1997) define the pattern correlation ρp , Equation (4), between observed and simulated fields
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Figure 7. Seasonal model bias in mean temperature: (a) RegCM2 (1990 through to 1994) — FAO climatology; (b) ECMWF (1990
through to 1994) — FAO climatology
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simply as the correlation of a series of data points from the observed field with corresponding values from
the modelled field at a fixed time; in this study seasonal means are used:


ρp = 

(Oi − O)(Mi − M)



2
(Oi − O)
(Mi − M)2

(4)

The anomaly correlation ρa is similar to the pattern correlation, except that fields are replaced by anomalies
from long-term climatology. The anomaly correlation provides a more rigorous test of whether the model
Copyright  2004 Royal Meteorological Society
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can capture the spatial pattern of interannual variations. Here, the sums are calculated over the number of
RegCM2 grid cells within the domain.
Finally, since the region in question is quite complex, with many climate zones and precipitation regimes
present, we have divided the domain into precipitation extrema subregions for further analyses (Figure 6).
These regions consist of the southeast Black Sea coast, the southwest Caspian Sea coast, the eastern
Mediterranean coast, the eastern part of the Fertile Crescent (essentially the headwaters of the Tigris River), the
southern Zagros Mountains and the Saudi desert. Each of these areas demonstrates substantial climatological
differences and thus provides quite a strong test of the regional model’s abilities.

5. RESULTS
5.1. Near-surface temperature
The seasonal-mean biases are shown in Figure 7 and the domain average is reported in Table I. Both
RegCM2 and the analyses display a cold bias throughout the year, with RegCM2 having a much stronger
seasonality, being ∼3 K too cool in winter but almost without bias in summer. Spatially, the ECMWF bias
is distributed throughout the domain, with the largest biases, both positive and negative, occurring in the
mountainous regions of Turkey and Iran. The RegCM2 cold bias is also distributed throughout the domain
in all seasons but summer, when the southern (northern) portion of the domain displays a warm (cold) bias.
The ECMWF biases tend to cancel each other out, whereas the RegCM2s biases are more consistent. This
can be seen in the RMSEs reported in Table I, where RegCM2 performs better than ECMWF in all seasons
but winter.
The pattern and anomaly correlations, Equation (4), of seasonal mean temperature are reported in Table II.
In terms of the overall patterns simulated by RegCM2 and the analyses, RegCM2 is marginally better than
ECMWF; however, when looking at the anomaly correlations we see that RegCM2 performs significantly
better than ECMWF once the model biases have been removed. Hence, RegCM2 captures the spatial
distribution of temperature better, as expected, owing to its higher spatial and topographic resolution. However,
it displays an enhanced seasonality, resulting in it being colder in winter and warmer in summer than the
model from which its boundary conditions are derived.
This seasonal model bias produces an exaggerated annual temperature range, as can be seen in Figure 8.
The ECMWF-TOGA analyses generate an annual temperature range within 5 ° C of the FAO observations for
most of the domain, whereas RegCM2 overestimates this annual temperature range by at least 5 ° C for most
of the domain. In order to investigate further the reasons behind this difference in bias between RegCM2
and its lateral boundary driving model, the SSTs of the water bodies are investigated. They are determined
independently of the ECMWF analyses.
A maritime influence on annual temperature range can be clearly seen in the observations (Figure 8(a)),
where the annual temperature range is smallest near the water bodies. Both RegCM2 and the analyses capture
this behaviour to some extent; however, RegCM2 tends to underestimate this effect, particularly along the
Mediterranean coast.
Table I. Bias and RMSE of mean temperature
Season

DJF
MAM
JJA
SON

Bias (K)

RMSE (K)

RegCM2

ECMWF

RegCM2

ECMWF

−3.1
−1.6
−0.1
−1.8

−1.1
−1.4
−1.1
−0.6

3.54
2.29
2.14
2.51

3.06
2.93
2.63
2.68
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Table II. Pattern and anomaly correlations of mean temperature
Season

Pattern correlation (ρp )

DJF
MAM
JJA
SON

Anomaly correlation (ρa )

RegCM2

ECMWF

RegCM2

ECMWF

0.97
0.96
0.94
0.96

0.92
0.92
0.90
0.90

0.47
0.29
0.27
0.36

0.30
0.15
0.20
0.18

a)

b)
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Figure 8. Annual temperature range for (a) FAO observations, (b) ECMWF-TOGA and (c) RegCM2

In the RegCM2 run the SSTs are prescribed based on the global dataset of Reynolds and Smith (1994). We
compared these SSTs with SSTs for each of the water bodies derived from multi-channel AVHRR analyses.
This satellite dataset has been found to be within ∼0.3 K of in situ measurements in the oceans and here is
considered to represent the true SST values. Figure 9 shows the 5 year time series of RegCM2 and AVHRR
SSTs for each water body. In all cases, RegCM2 displays a significant cold bias in winter, being more than
5 K too cold in most cases. The annual cycle is also larger in RegCM2 than in the satellite observations for
all water bodies. These two effects agree well with the observed cold bias and enhanced seasonal cycle of
RegCM2. In summer the comparison is somewhat more varied, with the Black and Caspian Seas remaining
a few degrees too cool, the Mediterranean SSTs displaying a small cool bias, but the Red Sea and Persian
Gulf being several degrees too warm. This is also in agreement with the observed summer bias pattern, with
the southern part of the domain being too warm and the northern part remaining too cool.
Although these SST differences are in qualitative agreement with the observed RegCM2 temperature biases
for the domain, it cannot be stated categorically that they are responsible for the overall temperature bias.
Many others have performed SST sensitivity studies and found that the impact of SST anomalies generally
extends no more than a few hundred kilometres from the water body, particularly in the downwind direction
(e.g. Small et al., 2001). Given that the five water bodies (plus their surrounding areas likely to be directly
affected by their SSTs) cover almost one-third of the entire domain, it seems likely that these SSTs are largely
responsible for the difference in temperature bias between RegCM2 and ECMWF.
One of the major impacts of this winter concentrated cold bias is to increase the snow cover. Figure 10
provides an indication of the extent to which snowfall is overestimated. Here, snow cover extent is estimated
from a series of monthly AVHRR images and compared with that simulated by the model. RegCM2 predicts
water-equivalent snow depth in each grid cell, which cannot be readily converted to snow cover extent,
especially for low snow depths, since the snow would be distributed within each cell depending on the
topography, prevailing winds and snow density. The snow density is the least understood factor, as it remains
Copyright  2004 Royal Meteorological Society
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Figure 9. Monthly SST time series for each water body

very difficult to monitor over large spatial domains and may vary by an order of magnitude. Thus, Figure 10
shows two possible RegCM2 snow extents. The first assumes that 1 mm snow depth is enough to cover an
entire cell, and the other assumes that 75 mm is required. It is expected that the true snow extent would lie
between these lines. Compared with the satellite observations, the model is overestimating the snow cover
extent, probably making it larger than the largest extent observed in any year in the observational dataset.
This is consistent with the model’s cold-season cold bias. Such a model bias must be seriously considered
before these modelling results can be used to investigate the surface hydrology of the region.
5.2. Precipitation
The study domain contains high levels of spatial variability in precipitation, with some coastal areas
receiving over 1000 mm of rainfall annually while the southern desert regions receive less than 200 mm.
Capturing this variability is challenging for both the observational network and the models. Precipitation
statistics presented here are calculated over the land surface only, as no observations over the water bodies
are available. The seasonal precipitation bias and RMSE for the entire domain are given in Table III. ECMWF
has a consistent positive bias throughout the year. The bias of RegCM2 is greater in magnitude than ECMWF
in all seasons except winter, when most precipitation falls in the region. In terms of the RMSE, the RegCM2
errors are larger than the ECMWF errors in spring and summer, but they are smaller in autumn and winter.
The spatial distribution of the biases are shown in Figure 11. RegCM2 produces a large negative bias over
the Mediterranean and Black Seas in winter. Extensive areas of positive bias are seen in the south-central
portion of the domain in spring, and in the northeastern portion of the domain in summer. ECMWF tends to
produce a negative bias over the Black Sea and south Caspian Sea in all seasons, as well as a positive bias
over the mountainous regions.
The spatial distribution of precipitation simulated by RegCM2 and the analyses is assessed through the
pattern and anomaly correlations shown in Table IV. ECMWF has a higher pattern correlation in all seasons,
Copyright  2004 Royal Meteorological Society
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Figure 10. Snow cover extent. Grey area represents the maximum and minimum observed snow cover extent; wesd: modelled water
equivalent snow depth

Table III. Bias and RMSE of precipitation
Season

DJF
MAM
JJA
SON

Bias (mm)

RMSE (mm)

RegCM2

ECMWF

RegCM2

ECMWF

−1
62
33
8

8
25
4
3

81
110
81
52

86
70
44
54

due largely to RegCM2’s high bias. Once this bias is removed, the anomaly correlation shows that RegCM2
produces better spatial correlations in all seasons.
5.2.1. Annual cycle of precipitation. Annual cycles of precipitation for each subregion are shown in
Figure 12. Both RegCM2 and the analyses are able to reproduce the cycles for the Fertile Crescent and
Zagros Mountains quite well, though the winter maximum in the Zagros Mountains is overestimated. They
do not successfully simulate the observed precipitation cycles in the Black Sea and Caspian Sea zones.
Although the annual precipitation totals are in reasonable agreement with observations, the timing of the
maximum precipitation is as much as 6 months out of phase. Clearly, much of this timing problem is passed
on to RegCM2 from the ECMWF lateral boundary conditions. RegCM2’s precipitation timing in the Black
Sea region follows that of ECMWF quite closely, while reducing the magnitude of the maximums predicted
by the ECMWF analyses.
The Caspian Sea coast is somewhat more complicated, with RegCM2 following the ECMWF analyses
closely in autumn and winter but deviating substantially in spring and summer. This spring/summer
overestimation of precipitation by RegCM2 is due, we believe, to the production of mountain waves as
the westerly wind blows off the Iranian plateau and over the Elburz Mountains down to the Caspian Sea.
According to classical mountain wave theory (Smith, 1979), the pattern of vertical motion tilts upstream with
altitude, so that a few kilometres above the lee slopes one finds strong ascending motion. In practice, little
Copyright  2004 Royal Meteorological Society
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of the rain or snow formed in the elevated lee wave cloud ever reaches the ground, as it must fall through a
drier descending air mass before reaching the ground. In RegCM2, however, this evaporative process is not
modelled and the rain does reach the ground.
RegCM2 simulates the summer minimum but fails to simulate the large winter precipitation maximum
observed along the eastern Mediterranean coast. This lack of winter precipitation is related to the lack of
coastal mountains, which trigger the precipitation, as can be seen in Figure 1. This coastal mountain range
extends almost the entire length of the eastern Mediterranean coast, with peaks well over 1 km in height.
Except for the Lebanon area, the range is little more than 25 km wide. This is not wide enough to be resolved
by a RegCM2 run with a 25 km spacing, but it is large enough to cause a significant climatological divide
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Figure 11. Seasonal model bias in precipitation: (a) RegCM2 (1990 through to 1994) — FAO climatology; (b) ECMWF (1991 through
to 1994) — FAO climatology
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Figure 11. (Continued )

in reality, with wetter conditions to the west of the range and drier conditions to the east. Here, model
resolution, in particular the lack of resolved topography, is a primary impediment to model performance.
The ECMWF-analyses topography (Figure 2(a)) contains broad elevated terrain along the entire length of
the eastern Mediterranean coast. This terrain captures neither the low coastal zone nor the narrow mountain
ranges; however, it does allow the ECMWF analyses to capture this winter maximum, despite ECMWF data
product predicting only half the precipitation observed in the early part of the year.
Over the Saudi desert, RegCM2 significantly overestimates the precipitation in spring and autumn. The
observational network is particularly sparse in this region. Hence, it is likely to miss precipitation from
convective systems with limited spatial extent. RegCM2 simulates convective precipitation maxima in April
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Table IV. Pattern and anomaly correlations for precipitation
Season

Pattern correlation
RegCM2

ECMWF

RegCM2

ECMWF

0.49
0.37
0.60
0.64

0.65
0.79
0.81
0.78

0.51
0.33
0.06
0.53

0.26
0.00
−0.01
0.35

Precipitation (mm)

120
90
60
30
0
Jan

Apr

Jul

120
90
60
30
0
Jan

Oct

Precipitation (mm)

Precipitation (mm)

150

Fertile Crescent

120
90
60
30
0
Jan

Apr

Jul

Apr

Jul

Mediterranean sea

120
90
60
30
0
Jan

Oct

Apr

Month

Month
150

150

Caspian Sea

Oct

Month

150

Zagros Mountains

120
90
60
30
0
Jan

Apr

Jul

Month

Jul

Oct

Month

Precipitation (mm)

Precipitation (mm)

150

Black sea

Precipitation (mm)

DJF
MAM
JJA
SON

150

Anomaly correlation

Oct

Saudi desert

120

ECMWF
RegCM2
Observed

90
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0
Jan
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Month

Figure 12. Monthly averaged precipitation for each subregion. Observations are from the FAO dataset

and October, when enough energy is present to trigger local convection but before the descending arm
of the Hadley cell begins to dominate the area in summer. Although it seems unlikely that such a sparse
observational network would capture the precipitation in a convectively dominated system, it appears that
much of RegCM2’s overestimation is due to the model ignoring the evaporation of rain as it falls. These
convective storms appear in a region where relative humidity is usually less than 40%, and hence a significant
proportion of the falling rain would evaporate.
To investigate the annual cycle of precipitation further, the total column integrated water vapour and
moisture flux are investigated. The dominant signal is the warming and cooling of the atmosphere through
the seasons, with the summer atmosphere able to hold the greatest mass of water vapour due to the warmer
air and winter holding the least. That is, despite the greater mass of water vapour in summer, the relative
humidity is ∼24% lower than in winter on a domain-average basis. Since winter is the dominant rainfall
season for much of the domain, in particular the Fertile Crescent and Zagros Mountains regions, this change
in water vapour present does not help explain the annual cycle of precipitation. The moisture flux through
these regions, however, indicates a greater likelihood of orographic precipitation, with the winter and spring
flux being essentially west to east moving the air up and over the Zagros mountain range. During summer,
the moisture flux turns toward the southeast, flowing down the Tigris–Euphrates valley toward the Persian
Gulf rather than over the mountains.
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The effect of this change is seen in the vertical velocity. In all seasons, bands of rising and descending air
are present over the Zagros Mountains. These can be interpreted as mountain waves. A typical spacing of the
wave crests is 80 km and the typical wind speed through the waves is 20 m/s. The corresponding time for a
parcel to pass though one wave cycle is thus about 4000 s or 70 min. Such motions fall nicely in the range
of hydrostatic vertically propagating mountain waves (Smith, 1979). These mountain waves demonstrate the
model’s sensitivity to small-scale topographic features, and, as is usually the case, they are strongest during
winter when the zonal winds are strongest. During winter, a broad area of rising motion is present to the west
of the Zagros range. This broad area of ascent is typical of areas where orographically induced precipitation
is present. During summer, this same region experiences descending motion that generally inhibits cloud
formation and the production of precipitation. This strong seasonality in the vertical motion can be explored
further by examination of the temperature field and vertical profile of winds in the area.
During most of the year the seasonal atmospheric temperature at 700 hPa is dominated by a latitudinal
effect; however, in summer there is a strong effect of the Iranian plateau. Essentially, the atmosphere above
the plateau is several degrees warmer than air at the same level of the atmosphere further to the west. This
temperature gradient induces a kind of plateau circulation effect that can be seen in a vertical cross-section
(not shown). Over the peaks of the mountain range, easterly winds from the Iranian plateau meet westerly
winds from the Mediterranean. Significant vertical motion is induced, with the warmer plateau air rising
preferentially, and at around the 600 hPa level the easterly winds are turned back to the east. Below the
∼800 hPa level the air mass from the west does not rise; instead, it turns to flow along the mountain range
towards the southeast.
5.2.2. Interannual variability of precipitation. Along with the spatial variability, much of the domain
displays high interannual variability in precipitation. The abilities of RegCM2 and the analyses to produce
wet and dry anomalies are relatively poor in all regions. They demonstrate similar sensitivity, except in
the Mediterranean Sea and Saudi desert regions. In the Mediterranean Sea region, RegCM2 fails to capture
the large anomalies, since it fails to capture the winter precipitation maximum in the coastal mountains, as
discussed previously. In the Saudi desert region, ECMWF consistently produces very little precipitation and,
hence, predicts anomalies much smaller than those observed.
In order to assess the ability to capture this interannual variability, monthly time series of precipitation
for the whole domain and six subregions (shown in Figure 6) are extracted. The modified coefficient of
efficiency (Equation (3)) is calculated on each precipitation anomaly time series and is shown in Table V.
Over the entire domain, RegCM2 is better able to capture the interannual variability than ECMWF, which
performs only marginally better than taking the mean of the observed anomalies. Focusing on subregions, it
can be seen that neither model captures the variability in the Zagros Mountains or Saudi desert, though these
regions contain very sparse observations. Both RegCM2 and the analyses are able to capture some of the
variability present in the Black, Caspian and Mediterranean Seas. Only RegCM2 is able to capture some of
the variability present in the Fertile Crescent.
The magnitude of interannual variability simulated by RegCM2 and the analyses and that present in the CPC
observations is compared. A large part of the interannual variability in the RegCM2 simulation is passed in
Table V. Modified coefficient of efficiency of monthly precipitation anomalies

Entire domain
Black Sea
Caspian Sea
Mediterranean Sea
Fertile Crescent
Zagros Mountains
Saudi desert
Copyright  2004 Royal Meteorological Society

Number of CPC
stations

ECMWF

RegCM2

771
31
12
30
10
9
6

0.02
0.13
0.10
0.15
0.00
−0.32
−0.06

0.18
0.12
0.04
0.08
0.06
−0.28
−0.33
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through the boundary conditions as large-scale forcing from the ECMWF analyses, but significant differences
in interannual variability between them demonstrate the impact of regional effects modelled by RegCM2.
Over the entire domain, the ECMWF analyses simulate twice as much interannual variability in winter and
spring than is present in the CPC observations. RegCM2 is better able to capture this variability in all seasons
except summer, when it underestimates this interannual variability, despite overestimating the mean.
In the Black Sea region, both RegCM2 and the analyses generally underestimate the standard deviation,
with neither model able to capture the seasonal cycle in variability. In the Caspian Sea region, the ECMWF
analyses tend to overestimate, whereas RegCM2 tends to underestimate the variability. A similar situation
exists in the Mediterranean Sea region, though here RegCM2 significantly underestimates the variability in
winter, when the lack of a coastal mountain range causes a severe underestimation of precipitation.
The remaining three regions contain very sparse observational networks, so that significant uncertainty is
associated with the observations themselves. In the Fertile Crescent region, both RegCM2 and the analyses
tend to overestimate the variability in winter. RegCM2 is able to capture the scale of variability through the
rest of the year, whereas the ECMWF analyses significantly overestimate in spring and autumn as well. In
the Zagros Mountains region, they tend to overestimate the variability, though the correct seasonal cycle is
present. In the Saudi desert region, the ECMWF analyses tend to underestimate the variability, particularly
in the spring and autumn, whereas RegCM2 is better able to capture the magnitude of variability through the
seasons.
6. MONTHLY INDICATORS OF PRECIPITATION PROCESSES
Finally, we test the extent to which storm track location, topography and atmospheric stability explain the
modelled precipitation. The results presented in this section are based purely on model output; hence, any
connections with reality should be taken with caution, given the limitations of the model simulation as
evaluated in previous sections. To identify the intensity of passing storms, two proxies are defined on a
monthly basis. The first is the standard deviation of the daily 500 hPa geopotential height (SDGP) and the
second is the standard deviation of the daily 500 hPa kinetic energy (SDKE). The kinetic energy present is
obtained through the magnitude of the horizontal wind field (KE = 1 mv2 ), which is then band-pass filtered
2
to isolate events with duration between 2 and 7 days. A symmetric set of weights similar to that found in
(Trenberth, 1991) is used to perform the filtering. The standard deviation of this band-pass-filtered KE is
equivalent to the eddy kinetic energy. These storm track indices correlate well with each other through most
of the domain. To identify the influence of topography we define a topographic index ψ as
 wv ∇h
ψ =λ

(5)

 wv is the flux of water vapour and h is the topographic elevation. This index then provides a measure
where λ
of the flux of water vapour moving upslope. An atmospheric stability index φ is calculated as the difference
between the equivalent potential temperature of a near-surface (lowest sigma level) air parcel θ es and the
equivalent potential temperature of an air parcel at 500 hPa θe500 .
φ = θes − θe500

(6)

φ is zero when the near-surface potential convective energy, as indicated by θ es , is equal to the potential
convective energy aloft indicated by θe500 . If φ is positive then more potential convective energy exists at low
levels, indicating potential instability of the atmosphere. All indicators are calculated as a mean value for the
specified region for each month.
For some parts of this domain others have found a large-scale teleconnection between the precipitation and
the North Atlantic oscillation (NAO; Cullen et al., 2002). Studies of the climate significance and environmental
impact of the NAO can be found in Hurrell et al. (2003). This teleconnection index, as calculated at the CPC
of the National Weather Service USA, is also included in the analyses below. The NAO is thought to influence
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the region by moving the location of the dominant storm track; however, it demonstrates very little correlation
with either of the two local storm track indices (r < 0.3). Being a teleconnection it is possible that a delay
exists between any change in NAO and a response to this change in the Middle East, as such correlations
with NAO are calculated using monthly delays between 0 and 6 months. The highest correlation between the
NAO and precipitation achieved for each region and the delay that achieved this correlation are shown in
Table VI.
6.1. Seasonal Variability
Table VI presents the correlations between monthly precipitation and the monthly indicators averaged
over the entire domain as well as the focus subregions defined earlier (Figure 6). Over the entire domain,
correlations range from 0.39 to 0.6 for the storm track, topographic and stability indices. When focusing on
the subregions these correlations change substantially. The correlations associated with the two storm track
indicators are quite similar in all subregions except the Saudi desert, where SDGP produces a much better
correlation than the SDKE. ψ actually produces negative correlations in the Caspian Sea and Saudi desert
regions, indicating that precipitation occurs despite the monthly mean water vapour flux being downslope. This
indicates the importance of events occurring on a much shorter time scale than monthly when investigating
precipitation phenomena and, hence, a limitation in the utility of these monthly mean indicators. Nevertheless,
relatively high correlations exist for all four indicators for the Fertile Crescent, Zagros Mountains and Saudi
desert subregions. It should be noted that the indices display strong seasonal cycles, as does the precipitation
in most subregions. The storm track indices have winter maxima and the stability indicator tends to have
summer maxima everywhere except the Saudi desert, where maxima in spring and autumn are often seen.
Thus, high correlations in Table VI indicate, to a large extent, similar seasonal cycles. This precludes a simple
cause-and-effect relationship from being inferred, as other seasonally varying processes may be involved.
The NAO index achieves correlations of no greater than 0.2 in each of the regions and for all time
delays. Although the best correlations between precipitation and NAO are achieved with some delay in all
regions (except the Fertile Crescent subregion), they are not substantially better than those achieved with
no delay. It is generally accepted that the NAO is best related to precipitation in Europe during the winter
months. Investigating the winter-only correlations within this study’s domain reveals little improvement in
the magnitude of the correlation for all regions except the Zagros Mountains subregion where the correlation
magnitude reaches 0.36. These persistently low correlations indicate that the distant teleconnection effect
embodied in the NAO has much less influence in the domain than local influences embodied in the other
indices.
The five indicators used here represent phenomena that can act together to produce precipitation. In order
to find what combination of indicators produces the best predictor of monthly precipitation, a multi-variable
stepwise linear regression with a 0.05 significance cutoff was performed for each region. The resulting best
model can be found in Table VII, along with the corresponding correlation coefficient. Over the entire domain
precipitation can best be predicted using a combination of SDGP and φ. Thus, at the large scale, the movement
of high- and low-pressure centres, indicative of large storm systems with widespread precipitation, and the
Table VI. Correlation between monthly precipitation (1990 through to 1994) and storm track, topographic and stability
indicators. Bold (italics) indicates the correlation is significant at the 0.05 (0.1) level
Region
Entire domain
Black Sea
Caspian Sea
Mediterranean Sea
Fertile Crescent
Zagros Mountains
Saudi desert

SDGP

SDKE

ψ

φ

NAOdelay

0.60
0.30
0.28
0.48
0.74
0.65
0.52

0.49
0.26
0.20
0.41
0.70
0.75
0.35

0.54
0.24
−0.34
0.21
0.59
0.74
−0.65

0.39
0.14
0.20
0.40
0.32
0.56
0.69

0.143
0.182
0.162
0.122
0.200
0.176
0.175
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atmospheric stability, indicative of localized convective storms, provide controls over the majority of the
precipitation.
For the Black Sea and Mediterranean Sea subregions the best precipitation predictor is SDGP alone. This
suggests that the movement of pressure systems through the subregion is the single most important factor in
determining precipitation, though the correlation coefficients are relatively low. For the Mediterranean Sea
subregion, the lack of coastal mountains impacts negatively on ψ, causing a lower correlation than might
otherwise be expected.
In the Caspian Sea region the best predictor is a combination of SDGP, ψ and φ. Here, the topographic index
is always negative, indicating that the monthly mean water vapour flux is downslope. This is largely due to
westerlies bringing water vapour over the mountains toward the Caspian Sea coast. These westerlies produce a
mountain wave that causes ascent aloft even though the general flow is ‘downslope’. Associated precipitation
is allowed (unrealistically) to reach the ground in the model, since evaporation of falling raindrops is ignored
(as was discussed previously). Combining this with the SDGP predictor means that the movement of pressure
systems through the region, which have substantial atmospheric water vapour associated with them, is a key
factor producing precipitation. Atmospheric stability also plays a role in precipitation production, with around
15% of this subregion’s precipitation being produced by the convective parameterization.
In the Fertile Crescent, the storm track and topographic indicators contribute significantly to the prediction
of precipitation. Thus, the movement of pressure systems, associated eddy kinetic energy and the upslope
flow all contribute significantly to the production of precipitation in the region.
In the Zagros Mountains region, it is the combination of SDKE and ψ that best predicts the precipitation.
Here, the relationship between changing pressure and wind means that the movement of pressure systems is
not a significantly contributing factor after the eddy kinetic energy is accounted for. Upslope flow remains a
significant contributor to the production of precipitation.
In the Saudi desert, SDGP, ψ and φ are significant. Thus, again, the movement of frontal systems, as
indicated by SDGP, and convective systems, indicated by φ, provides substantial explanatory power. Since
the topography here is fairly benign, and much of the precipitation is convective in nature, minimal topographic
influence is expected. Here, it seems that ψ is acting more as a proxy for season through the presence of
water vapour and wind rather than of upslope flow.
6.2. Interannual Variability
By calculating anomalies from the monthly climatology of each variable, the seasonal cycle is removed and
the degree to which these indicator anomalies can explain the interannual variations can be tested. Table VIII
presents the correlation between monthly precipitation anomalies and indicator anomalies. Over the entire
domain, ψ has a much higher correlation than any of the other indices. This implies that the number and
strength of storms explain less of the interannual variability than their particular orientation, i.e. whether or
not they produce upslope flow.
Table VII. The best multi-variable linear regression model between monthly precipitation
and the three indicators determined using stepwise selection with a 0.05 significance
cutoff, and the model’s associated correlation coefficient
Region

Best model

Entire domain
Black Sea
Caspian Sea
Mediterranean Sea
Fertile Crescent
Zagros Mountains
Saudi desert

−12.35 + 0.81SDGP + 5.70φ
48.57 + 0.38SDGP
0.37 + 0.54SDGP − 86.06ψ + 10.64φ
2.10 + 0.40SDGP
−44.73 + 0.69SDGP + 0.48SDKE + 155.46ψ
−11.03 + 0.59SDKE + 57.46ψ
−10.77 + 0.50SDGP − 158.74ψ + 49.74φ

Copyright  2004 Royal Meteorological Society

R
0.64
0.30
0.58
0.48
0.82
0.79
0.83
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Table VIII. Correlation between monthly precipitation anomaly (1990 through to 1994) and storm track, topographic and
stability indicator anomalies
Region
Entire domain
Black Sea
Caspian Sea
Mediterranean Sea
Fertile Crescent
Zagros Mountains
Saudi desert

SDGP

SDKE

ψ

φ

0.29
0.18
0.18
0.18
0.27
0.14
0.21

0.19
0.16
−0.02
−0.08
−0.04
0.35
−0.08

0.49
0.21
0.00
0.12
0.37
0.60
−0.30

0.22
0.17
0.32
0.26
0.28
0.10
0.65

NAOdelay
0.174
0.235
0.165
0.184
0.114
0.184/5
0.230

Table IX. The best multi-variable linear regression model between
monthly precipitation anomalies and the three indicator anomalies
determined using stepwise selection with a 0.05 significance
cutoff, and the model’s associated correlation coefficient
Region

Best model

Entire domain
Black Sea
Caspian Sea
Mediterranean Sea
Fertile Crescent
Zagros Mountains
Saudi desert

543.40ψ
—
13.11φ
9.99φ
0.37SDGP + 226.00ψ
159.04ψ − 13.33NAO
−184.11ψ + 46.46φ

R
0.49
—
0.32
0.27
0.55
0.80
0.69

The topographic index anomaly correlates better with the precipitation anomaly than the storm track indices
everywhere except the Caspian Sea and Mediterranean Sea subregions. The lack of model topography on the
Mediterranean coast leads generally to a smaller and less significant topographic index. On the Caspian coast
there is no correlation between the topographic index anomaly and precipitation anomaly. Since ψ is always
negative here, this implies that downslope flow is not related to the interannual variation in precipitation.
The atmospheric stability index easily produces the largest correlation with the Saudi desert precipitation
anomaly, indicating the dominant role played by convection in determining the interannual variability for this
subregion.
Correlations with the NAO remain low; however, a delay of 4 or 5 months produces the best correlations
in all regions (Saudi desert excluded). These correlations are not substantially different from the no-delay
case for the entire domain and the Zagros Mountains regions, whereas there is a modest improvement in the
remaining subregions. These persistently low correlations suggest that the NAO has little influence over the
interannual variability in the Middle East. Focusing only on the winter months produces no improvement in
the magnitude of the correlation, except for a small improvement in the Fertile Crescent subregion and an
almost doubling in the Zagros Mountains subregion, where the correlation coefficient is −0.35.
In order to find the combination of indicators that produces the best predictor of monthly precipitation
anomalies, a multi-variable stepwise linear regression with a 0.05 significance cut-off was performed for
each region. The resulting best model can be found in Table IX, along with the corresponding correlation
coefficient. Over the entire domain the precipitation anomalies can best be predicted using ψ, whereas neither
storm track indicator provides a significant contribution to this interannual variability.
Although they are able to explain much of the seasonal cycle in precipitation, none of these indicators is
able to explain significantly any of the interannual variance in the Black Sea subregion. In the Caspian Sea
and Mediterranean Sea subregions, only changes in the atmospheric stability φ are able to explain some of
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the interannual variation in precipitation. In the Fertile Crescent subregion, both SDGP and ψ were found to
be significant predictors of the precipitation anomaly. This suggests that the interannual variability is sensitive
to the number and strength of low-pressure systems, as well as to whether they produce upslope flow.
Over the Zagros Mountains subregion both ψ and NAO are significant predictors. Here, the number and
intensity of storm tracks are less important than whether they drive upslope flow. Although neither local storm
track index is significant, the NAO is. The fact that a negative NAO anomaly is associated with increased
rainfall is consistent with a negative NAO being generally associated with increased precipitation in the
Mediterranean region (Hurrell et al., 2003) and the winter correlation (−0.35) obtained here. This suggests
that the NAO influences the winter interannual variability in this Zagros Mountains region. Since it has no
significant impact on any other region, it seems that something more subtle than a movement of the dominant
storm track must provide the physical mechanism behind this teleconnection.
In the Saudi desert, both the topographic and stability indexes are significant. As stated previously, the
topography here is fairly benign and much of the precipitation is convective in nature; hence, minimal
topographic influence is expected. Here, it seems that ψ is acting more as a proxy for the presence of water
vapour and wind rather than of upslope flow.
7. CONCLUSIONS
Here, the ability of both the ECMWF-TOGA analyses and regional model RegCM2 to simulate the climate
of the Middle East was examined. The climate of the region displays high spatial, seasonal and interannual
variability, providing a strong test of a climate model’s abilities. The higher resolution of RegCM2, compared
with the ECMWF analyses, allows it to capture better the spatial variability of temperature and precipitation,
despite model biases being present.
Although both RegCM2 and the analyses simulate a cold bias in surface temperature, RegCM2 simulates
a seasonal cycle in the bias such that the cold bias is largest in winter. This temperature bias in RegCM2
matches well with, and may be due to, the biases present in the SSTs prescribed for each of the water
bodies in the region. A major effect of this winter cold bias is an overestimation of snowfall throughout the
mountainous parts of the domain. The model-simulated climate would be improved by using more accurate
SST data in the boundary conditions.
In terms of precipitation, RegCM2 does not reproduce the seasonal cycle for the southeast Black Sea or
the southwest Caspian Sea, due largely to the influence of the very steep topography along these coasts.
Here, the model may be particularly influenced by erroneous lateral boundary conditions. On the Caspian
Sea coast, precipitation related to mountain wave activity is common; however, this precipitation generally
evaporates before reaching the ground. RegCM2 does not model this evaporative process. RegCM2 also fails
to capture the winter precipitation maximum along the eastern Mediterranean coast. This is due to the model
not resolving most of the coastal mountain range, which is very narrow for the majority of its length. These
issues suggest that higher model resolution, which may require a non-hydrostatic model, and/or a model better
able to handle steep topography and which includes the raindrop evaporation process, are required to capture
these precipitation zones more accurately.
RegCM2 also significantly overestimates the precipitation falling in the Saudi desert region, particularly
during spring. This overestimation is related largely to the lack of a rainfall evaporation process in the
model. The sparse observational network in this region makes validation of this convective precipitation peak
problematic.
RegCM2 is able to capture the seasonal cycle in the Zagros Mountains, though it overestimates the winter
precipitation. The model does particularly well at simulating the precipitation in the eastern part of the Fertile
Crescent (headwaters of the Tigris River). The strong seasonality of these regions is controlled largely by
the lower atmosphere temperature anomaly, which develops over the Iranian plateau during summer. This
temperature anomaly produces an atmospheric circulation above the western plateau that effectively stops the
upslope flow, which dominates the area in winter. Hence, the Zagros Mountains and Iranian plateau are largely
responsible for both the winter orographically triggered precipitation and the complete lack of precipitation
in summer.
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Both RegCM2 and the ECMWF analyses have difficulty reproducing the interannual variation present
in the observations. RegCM2 is better able to capture the interannual variability when averaged over the
entire domain, compared with the ECMWF analyses. However, they perform equally poorly in each of the
subregions except the Fertile Crescent subregion, where RegCM2 performs best. The substantial differences
between them indicate that much of the interannual variation in precipitation is generated within the region
rather than entering the region through the boundaries.
Correlating model-simulated monthly precipitation against a variety of monthly indices provides a measure
of the most important processes producing precipitation. Since the precipitation is strongly seasonal throughout
most of the domain, these correlations signify processes controlling the seasonal cycle. By removing the
seasonal cycle and investigating the correlation between precipitation and indicator anomalies, processes
controlling the interannual variation are found. Averaged over the entire domain, the storm track and
atmospheric stability indicators are significant in explaining the seasonality, whereas only the orographic
processes are significant in explaining the interannual variability.
Substantial differences in the dominant processes can be seen between different subregions. For the
Black Sea, Caspian Sea and Mediterranean Sea subregions, relatively low correlations are found, denoting
considerable uncertainty in these regions. In the Fertile Crescent subregion, storm track and topographic
effects explain both the seasonality and the interannual variation. In the Zagros Mountains subregion, storm
track and topographic effects explain the seasonality; however, the topographic effects combined with the
NAO provide the best interannual variability explanation. This suggests that interannual variability in the
Zagros Mountains subregion may be related to changes in the North Atlantic; however, a physical mechanism
by which this teleconnection may act remains unclear. Over the Saudi desert, storm tracks, topography and
atmospheric stability are required to explain the seasonality of precipitation. Only topographic and stability
effects are required to explain the interannual variability for this region. It should be noted that these dominant
precipitation processes have been identified using RCM output and subsequent implications for the real world
must be assessed within the bounds of the model performance for any particular area.
Although in some ways the RegCM2 simulation is an improvement over that produced by the ECMWF
analyses alone, it fails to capture several climatological features that are important in the region, with regard
to politics, agriculture and water resources. The monthly indicator analyses demonstrate that substantial
differences in precipitation-producing processes can occur on regional to local scales. In order to model
precipitation successfully, a horizontal scale that allows differentiation of precipitation zones that are
dominated by different precipitation processes, both seasonally and interannually, is required.
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