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Abstract 8 

Many arid and semi-arid regions have sparse precipitation observing networks, which limits the capacity for detailed hydrological 9 

modeling, water resources management and flood forecasting efforts. The objective of this work is to evaluate the utility of relatively 10 

high-spatial resolution rainfall products to reproduce observed multi-decadal rainfall characteristics such as climatologies, anomalies 11 

and trends over Saudi Arabia. Our study compares the statistical characteristics of rainfall from 53 observatories over the reference 12 

period 1965-2005, with rainfall data from six widely used gauge-based products, including APHRODITE, GPCC, PRINCETON, 13 

UDEL, CRU, and PREC/L. In addition, the performance of three Global Climate Models (GCMs), including CCSM4, EC-EARTH, 14 

and MRI-I-CGCM3, integrated as part of the Fifth Coupled Model Intercomparison Project (CMIP5), was also evaluated. Results 15 

indicate that the gauge-based products were generally skillful in reproducing rainfall characteristics in Saudi Arabia. In most cases, the 16 

gauge-based products were also able to capture the annual cycle, anomalies and climatologies of observed data, although significant 17 

inter-product variability was observed, depending on the assessment metric being used. In comparison, the GCM-based products 18 

generally exhibited poor performance, with larger biases and very weak correlations, particularly during the summertime. Importantly, 19 

all products generally failed to reproduce the observed long-term seasonal and annual trends in the region, particularly during the dry 20 

seasons (summer and autumn). Overall, this work suggests that selected gauge-based products with daily (APHRODITE and 21 
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PRINCETON) and monthly (GPCC and CRU) resolutions show superior performance relative to other products, implying that they 22 

may be the most appropriate data source from which multi-decadal variations of rainfall can be investigated at the regional scale over 23 

Saudi Arabia. Discriminating these skillful products is important not only for reducing uncertainty in climate, hydrological, and 24 

environmental assessments, but also for advancing model developments in the region. 25 

 26 

Key words: Rainfall; Gauge-based Products; Global Climate Models; Trends; Cross Tabulation; Saudi Arabia. 27 
 28 
 29 
1. Introduction 30 

Rainfall is a key component of the hydrological cycle, influencing runoff generation, groundwater recharge, soil moisture and 31 

evaporation, as well as impacting numerous components of the biosphere and human activities (Lorenz and Kunstmann, 2012). Given 32 

its role in modulating the formation and persistence of droughts and floods, as well as influencing a range of land-atmosphere 33 

interactions and processes, accurate characterization and representation of the spatial and temporal distribution of rainfall, together 34 

with its changing patterns, is of considerable interest.  35 

 36 

Changes in the global climate over recent decades have been the subject of much investigation. Numerous studies have highlighted 37 

changes in rainfall at various spatial scales, ranging from the global (Trenberth, 2011) to the hemispheric (Polson et al., 2014), 38 

continental (Cortesi et al., 2012) and regional scales (Black et al., 2010). In the Middle East, Zhang et al. (2005) assessed observed 39 

changes in precipitation extremes from 1950 to 2003, concluding that the rates of change were spatially inconsistent over the region. 40 

Recently, Donat et al. (2013) studied the spatial and temporal variability of precipitation in the Arab region, suggesting insignificant 41 

changes since the mid 20th century. Nonetheless, for Saudi Arabia and the Middle East region in general, assessing the responses of 42 

rainfall to ongoing climate change has not been as well characterized. This is due in part to the lack of a complete, long-term, spatially 43 

distributed and reliable climate data set. Issues such as the unrepresentative gauge placement, discontinuous temporal records, aging 44 
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infrastructure and the inherent costs of manipulating an observation network all complicate the task of developing a consistent data 45 

record.  46 

In spite of these limitations, some attempts to analyze the spatial and temporal variability of rainfall and their driving forces have been 47 

made in Saudi Arabia. Most of the previous rainfall studies throughout the country either focus on short-term (<30-year) analysis (e.g., 48 

AlSarmi and Washington, 2011; Almazroui et al., 2014), use a limited number of spatially sparse observatories (e.g., Almazroui et al., 49 

2012; Donat et al., 2013), focus on specific regions rather than the whole country (e.g., Abdullah and Almazroui, 1998; Rehman, 50 

2010), or consider a single spatially interpolated data set (Almazroui et al., 2012). For example, Almazroui et al. (2014) employed 51 

monthly rainfall data at 27 synoptic stations from 1985 to 2010 to classify Saudi Arabia into homogenous pluviometric sub-regions 52 

using a multivariate statistical approach. Their results indicated that the spatial variability of rainfall in the region is significantly 53 

influenced by physiography. Almazroui et al. (2012) also studied annual rainfall trends in the Arabian Peninsula for the period 1978–54 

2009, finding evidence of decline (35.1 mm decade-1) during the wet season. Most recently, El Kenawy et al. (2014) investigated the 55 

connection between synoptic weather types and the intensity of rainfall over Saudi Arabia. They found a generally negative trend in 56 

patterns favoring above-normal rainfall in the region (e.g., cyclones).  57 

 58 

Even considering these important contributions, there remain uncertainties associated with the assessment of rainfall variations in 59 

Saudi Arabia. Unfortunately, the majority of past and current rain gauge data cannot be used for reliable diagnosis of long-term 60 

rainfall variability, due to either their relatively short duration, issues with temporal sampling and consistency, and/or limited spatial 61 

coverage. In addition, rainfall is highly variable in space and time over Saudi Arabia as a consequence of the complex interactions 62 

between different dynamic processes, including mid-latitudes and tropical configurations (e.g., the Red Sea Trough, the Mediterranean 63 

and monsoonal influences). Detecting or assessing statistically significant behavior in rainfall demands that data be accurately 64 

represented over space and time and with sufficient length to be able to infer inter-decadal scale variations. 65 

 66 
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With advances in computational performance and data assimilation techniques, a number of regional and global gridded 67 

meteorological products have been released to the community. Many studies have incorporated data from these products to initialize a 68 

wide variety of hydrological and environmental applications and to study implications of climate variability across different regions 69 

worldwide. For example, Raziei et al. (2011) assessed the spatial and temporal variability of drought from 1951 to 2005 over Iran 70 

using GPCC (V4), finding good agreement with both observations and NCEP/NCAR reanalysis. Similarly, Prakash et al. (2014) 71 

compared six gridded rainfall data sets against observations over India during the monsoon season (JJAS). In Saudi Arabia, few 72 

efforts have been undertaken to comprehensively assess uncertainties and implications associated with gridded products in the region. 73 

In any data scarce country, evaluating gauge- and GCM-based products against available observations is useful from a number of 74 

perspectives. First, it provides an option to use spatially and temporally continuous datasets, allowing for a detailed climatological 75 

assessment in the region. Second, good agreement between in-situ data and some of these products allows a broader perspective to 76 

study local and larger-scale dynamics associated with wet events in the region. Third, defining skillful products is important not just 77 

for reducing uncertainty in climate and hydrological assessments, but also for advancing model developments and improving on 78 

model physics (Deng et al. 2014). Finally, a realistic rainfall data set can provide an input to initialize a wide variety of hydrological 79 

and environmental applications (e.g., hydrological modeling, streamflow forecasts, agricultural and water resources management) and 80 

can thus help decision makers adopt appropriate policies for impact mitigation and adaptation.  81 

 82 

The overriding aim of this study is to assess the quality and efficiency of six gauge-based and three model-based gridded products to 83 

represent the observed rainfall characteristics over Saudi Arabia. In particular, this study quantitatively assesses the differences in 84 

rainfall climatologies, anomalies, and trends between observations and the different products for a common period 1965–2005. The 85 

products used in this work have a relatively high-spatial resolution of approximately one-degree or less and include: APHRODITE 86 

v1101 (Yatagai et al., 2012), GPCC v6 (Schneider et al., 2014), PRINCETON (Sheffield et al., 2005), UDEL v3.01 87 

(http://www.esrl.noaa.gov/psd/), CRU v.3.22 (Harris et al., 2014), and PREC/L (Chen et al. 2002). We also use rainfall data from 88 

three GCMs, including: CCSM4 v.4 (Gent et al., 2011), EC-Earth (Hazeleger et al., 2010) and MRI- I-CGCM3 (Yukimoto et al., 89 

http://www.esrl.noaa.gov/psd/
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2012). While retrievals from the satellite era (e.g., TRMM, PERSIANN, CSMaP and MPE) provide additional multi-spatial and multi-90 

temporal data sources, they were not considered here as the products are not available for the entirety of the study period, limiting an 91 

evaluation of climatological features. Similarly, global reanalysis products were excluded in our analysis due to either their coarse 92 

spatial resolution (e.g., ERA40, NCEP/NCAR v1, GPCP, TARCAT v2 and 20CR v2) or incompatible temporal coverage (e.g., ERA-93 

Interim, MERRA, and JRA-25). Overall, research on characterizing the uncertainties associated with the gauge- and GCM-based 94 

products is still lacking in Saudi Arabia, and this study presents the first attempt to provide an examination of the agreement between 95 

observed data and this number of products in the region.  96 

 97 

2. Study area 98 

Saudi Arabia lies in southwestern Asia between the latitudes of 15°22' N and 32°09' N and longitudes of 34°50' E and 55°50' E (see 99 

Figure 1). The study domain is located in one of the driest regions of the world, reflected by low rainfall totals averaging 100–120 100 

mm.yr-1. Rainfall climatology is characterized by short, intense, infrequent and very local wet events, which generally occur from 101 

October through May, with June-September representing the driest months. Rainfall is described by its high variability in space and 102 

time. The heterogeneous spatial distribution of rainfall presents a greater rainfall frequency (and total) over the southwest and the 103 

west, relatively low rainfall in the central and northern regions and almost no rainfall in the southeast (the Rub al Khali, or “empty 104 

quarter” region). Figure 2 compares monthly variations of rainfall totals (mm) at three different sites across the region. Rainfall 105 

maxima vary markedly among the observatories, with the highest amounts recorded at Al Nuaerya station (eastern province) during 106 

winter, at Horoub station (Jazan province) in summer and early autumn, and at Al Harja (Assir-Abha province) in spring. These 107 

spatial and temporal variations can be explained by the interactions between mid-latitudinal and subtropical configurations including, 108 

among others, the Red Sea Trough (Goldreich, 2003) as well as Mediterranean and monsoonal influences. However, these spatial 109 

variations also give indications on a considerable low spatial dependency among rainfall observatories, even the nearby sites (e.g., 110 

Horoub and Al Harja observatories).  111 

 112 
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3. Data and Methods 113 

3.1. Rainfall Observations and Products 114 

3.1.1. In-situ data (OBS) 115 

As a reference for comparisons, we use daily records of rainfall totals (mm) from a network of meteorological stations. The data were 116 

provided by the Saudi Ministry of Water and Electricity (MOWE) for the period 1960–2012. Observatories were obtained from a 117 

network of over 350 rain gauges and constrained based on their consistency and time stability. As data gaps can have a detrimental 118 

influence on long-term assessments, the analysis was restricted to 53 stations with largely complete records. More specifically, 119 

stations with less than 5% of values missing during the period 1965-2005 were selected. Figure 3 shows the temporal evolution of the 120 

number of rain gauges in Saudi Arabia and the percentage of missing values for the selected stations with respect to the entire 121 

network. Given that metadata that might indicate changes in instruments, calibration techniques or relocations of rain gauges is 122 

unavailable, the data were screened for the presence of erroneous records originating from data entry (e.g., negative values, non-123 

existent dates, daily amount > 200 mm). Here, no attempts were made to test the homogeneity of the time series because the current 124 

network of rain gauges shows low spatial and temporal dependencies, even among nearby observatories, which constrains any 125 

homogenization protocol. The spatial distribution of the 53 rain gauges used in this work is illustrated in Figure 1. As shown, the 126 

station elevations range between 6 m and 2648 m above sea level, with 20 rain gauges located above 1000 m, capturing the different 127 

climate conditions in both high and low altitudes and also representing differences in the maritime and continental weather regimes 128 

across the region.  129 

 130 

3.1.2. Gauge-based gridded data  131 

As indicated in Table I, we evaluated six major gauge-based products for Saudi Arabia. These products cannot be considered 132 

completely independent, as they use overlapping rain-gauge observations from the region. Nonetheless, they employ varying numbers 133 

of rain gauges as well as different interpolation models to re-scale the data to a regular grid. For example, APHRODITE uses the 134 

weighted mean interpolation method as a means of data integration, whereas UDEL employs the climatologically aided interpolation 135 
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(CAI) approach (Willmott, 1995). The changing number of observations and the variety of interpolation techniques employed can 136 

result in significant differences between the gauge-based gridded data, which may not just limit the utility of some of them, but might 137 

also complicate the identification of climate signal uncertainty. The six gauge-based products are briefly described below:  138 

 139 

• APHRODITE (v1101) was developed within the Asian Precipitation-Highly Resolved Observational Data Integration 140 

Towards the Evaluation of Water Resources (APHRODITE) project, representing the first comprehensive long-term gridded 141 

data undertaken in Asia (Yatagai et al., 2012). In this comparison, we examine the daily gridded precipitation data (V1101) for 142 

the Middle East, which were provided at a spatial resolution of 0.25° degree for the period 1951-2007. The data set was 143 

compiled through interpolating a collection of gauge observations in the region, in addition to measurements available through 144 

the World Meteorological Organization (WMO) Global Telecommunication System (GTS). Generally, The APHRODITE 145 

project collected data from 2.3 to 5.5 times the number of rain gauges of GTS (Yatagai et al., 2012). 146 

• CRU (v.3.22) is a monthly global rainfall data set provided by the Climatic Research Unit (CRU) at the University of East 147 

Anglia (UK) and produced at a 0.5° grid resolution for the period 1901–2010 (Harris et al., 2014). This product uses 5,159 148 

meteorological land stations worldwide.   149 

• GPCC (v6) is a global product developed by the Global Precipitation Climatology Centre (GPCC) (Schneider et al., 2014). 150 

Similar to APHRODITE, the time series were developed from multiple sources of observations by optimally merging monthly 151 

land-surface precipitation from 67,200 rain gauges based on the Global Telecommunication System and historical records 152 

(with at least ten complete years of data). Here we use the latest version of GPCC (V6), which covers the period from 1901 to 153 

2010 with a 0.5° spatial resolution. Further details on the development of this product can be found in a series of GPCC project 154 

reports available online at http://gpcc.dwd.de.  155 

• PREC/L, NOAA's Precipitation Reconstruction data set over Land (PREC/L), was developed on a monthly scale for the 156 

period 1948 to present (Chen et al. 2002). Precipitation is available at three spatial resolutions, with the 0.5° resolution version 157 

used in this work. This global product was compiled by interpolating measurements from 17,000 rain gauges over land 158 
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collected from both the Global Historical Climate Network (GHCN) Version 2 and the Climate Anomaly Monitoring System 159 

(CAMS).  160 

• PRINCETON is a global meteorological forcing data set developed by the terrestrial hydrology research group at Princeton 161 

University, which is used as driving data for land surface models and other terrestrial modeling systems (Sheffield et al., 162 

2005). The product provides near-surface meteorological data, using a combination of both reanalysis and observational data. 163 

In this analysis, we use the 0.25° degree resolution version, which is available on a daily basis for the period 1948-2010.  164 

• UDEL (v3.01) is a product developed by the University of Delaware (USA) for the period from 1901 to 2010. The result 165 

consists of monthly gridded high-resolution land data for precipitation, covering the globe at a spatial resolution of 0.5° degree. 166 

UDEL was created from a large number of rain gauges, GHCN Version 2, and the archive of Willmott and Matsuura (1995). 167 

Further details and information on this data set can be found at http://www.esrl.noaa.gov/psd/. 168 

 169 

3.1.3. Global Climate Model data  170 

In addition to evaluating gauge-based products, we also examined model simulations for which daily rainfall fields are available at a 171 

reasonable spatial scale. In particular, we integrated three GCM outputs for the period 1965-2005 that included CCSM4, EC-Earth, 172 

and MRI-I-CGCM3. These models formed part of the Fifth Coupled Model Intercomparison Project (CMIP5) for the 173 

Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report (AR5). From the numerous CMIP5/AR5 models (Taylor 174 

et al., 2012) we only selected those with the smallest grid spacing (approximately one degree or less, see Table I). The available 175 

simulations use state-of-the-art parameterizations for short-wave and long-wave radiation, clouds, cumulus convection, boundary layer 176 

and land surface processes. Table II summarizes the main characteristics of the three models and their physics. A comprehensive 177 

review of the CMIP5 models used herein is described in Taylor et al. (2012). 178 

 179 

In contrast to gauge-based products, GCMs are largely independent from observations, as they seek to explicitly resolve the physical 180 

processes that govern mass, momentum and energy transfer in the coupled Earth system. Accordingly, GCMs are not expected to 181 

http://www.esrl.noaa.gov/psd/
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reproduce the day-to-day variations of the climate system, especially when compared directly to observations or other observation-182 

driven modeling approaches. However, in order to evaluate the capacity of GCMs to simulate future climate states, they should 183 

display some ability to reproduce the predominant climatological features in retrospective simulations. For this reason, the current 184 

study focuses on assessing the GCMs capacity to reproduce key characteristics of the climate, such as anomalies, trends and 185 

climatology: features that are critical in understanding the larger scale and longer term hydroclimatology of a region. 186 

 187 

3.2. Analysis procedure 188 

3.2.1. Performance evaluation statistics  189 

Both the gauge-based and GCM products have certain limitations, which may originate from a combination of the forecast model, data 190 

integration, or data sources (e.g., local station errors) (Hodges et al. 2011; Lin et al. 2014). Therefore, it is important to indentify the 191 

quality of the products prior to using them for assessing rainfall variations in the region. Identifying the limitations of these products 192 

can establish a baseline for understanding how they are restricted and what types of improvements could be made to provide more 193 

consistent climate information that can be employed for reliable broader scale analyses. To do this, rainfall measurements from the 194 

gauge-based and GCM products were compared against observational data to find those that best represent rainfall characteristics in 195 

the region. The comparison was restricted to the 41-year period of overlap between all products between 1965 and 2005. A base level 196 

evaluation was performed by directly comparing the data from each single observatory with the data from the nearest grid box for 197 

each product. It should be noted that we avoid interpolating the observed data for a number of reasons. First, the grid-points from the 198 

individual products do not have exactly the same locations, as the products have varied spatial resolutions. Second, the patterns of 199 

rainfall can vary significantly at the site level as a function of the chosen interpolation algorithm. Despite making best use of all 200 

available observations in Saudi Arabia, the lack of station density in some areas, the local character of wet events and the terrain 201 

characteristics all combine to complicate the results of any interpolation algorithm in the region.  202 

 203 



10 
 

The agreement between observations and the different rainfall products is investigated using a set of commonly used statistical 204 

estimators, including the bias, the mean absolute error (MAE), standard deviations of differences (σdiff) and Spearman rho correlation. 205 

For each grid point, all comparisons were made for monthly, seasonal and annual rainfall totals (mm) over the 41-year period. It 206 

should be noted that no attempts were made to evaluate the capacity of the different products to reproduce a wet/dry state or extreme 207 

events in the region, because the products were provided at different temporal scales, which constrains any analysis of daily extreme 208 

events (Table I). 209 

 210 

The bias was calculated as a measure of average error between the observed (O) and modeled (P) data, providing context on whether 211 

the observed values are being overestimated or underestimated. This accuracy estimator is written simply as:                                                                                     212 

 )(
1

1
i

N

i
i OPNBias −= ∑

=

−                                                                                                                 ... (1) 213 

where N is the sample size, O is the observed value, P is the modal value, and i is the counter for grid boxes (i.e., the observed 214 

and model values for a particular grid box at a definite time step).  215 

The MAE is calculated as the average of the absolute difference between observed and predicted data, and formulated as: 216 

∑
=

− −=
N

i
ii OPNMAE

1

1                                                                                                                  … (2) 217 

The standard deviation of differences (σdiff) was used to measure changes in variability. This measure uses the standard deviation of 218 

the differences between the records of two products, and is computed following: 219 

                                                                                                  … (3) 220 
) / / ( diff   2 2 
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We also used the Spearman’s (rho) rank correlation to assess the capability of the different products to capture the inter-annual 221 

variability of rainfall in the region. The rho coefficient is given by: 222 

                                                                                                                          … (4) 223 

where id is the difference between the ranks of corresponding values of rainfall, and N is the number of values in the data set. 224 

 225 

3.2.2. Trends 226 

The ability of the different products to characterize the spatial and temporal variations of rainfall pattern in the region was examined 227 

by analyzing the long term (1965-2005) trends for the time series of seasonal and annual rainfall totals (mm). Given that rainfall 228 

distribution in arid and semi-arid regions is highly skewed (Jackson 1977), it is inappropriate to assume a normal distribution function 229 

of the time series data. Therefore, inter-annual trends in the seasonal and annual accumulated rainfall series were calculated by 230 

applying linear regression analysis, while the non-parametric Mann–Kendall (MK) trend test was used to test the significance of the 231 

resulting trends (Kendall 1975). Non-parametric tests are usually more robust compared with parametric ones, among which the 232 

Mann–Kendall test has been used by many researchers to evaluate the significance of monotonic trends in many hydrological and 233 

meteorological applications (e.g., Zhang et al., 2001; Liu et al., 2013; El Kenawy et al. 2014).  234 

 235 

In order to test the ability of the gauge-based and GCM products to reproduce the sign of the observed trends, we compared and 236 

summarized the detected trends of rainfall by means of cross tabulation and asymmetry measures (Gonzalez Hidalgo et al., 2003). The 237 

rationale behind this procedure was to statistically explore pairwise relationships between the categorical trends. Such a comparison 238 

can provide insights into whether trends are consistent among the different products in the region. Here, we used the rain gauges and 239 

grids as the random variable, while the categories of the trends were the characteristics of the random variable. More specifically, for 240 

) 1 ( 

6 
2 

2 

− 
= ∑ 

N N 
rho d i 
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each data set, we classified the trends into four groups according to their statistical significance (p<0.05) (i.e., statistically negative, 241 

statistically positive, insignificant positive, and insignificant negative). Pivot tables were constructed to represent the cross-categorized 242 

frequency data in a matrix format following the results of the trend analysis. To test the association between the trends of the observed 243 

rainfall and those of each data set, we converted the contingency table into a frequency matrix of one row and one column for each 244 

trend category using the absolute frequencies. Then, the strength (degree) of association was assessed and compared using two 245 

different estimators: the coefficient of contingency (Clark and Hosking, 1986) and Phi coefficient (Agresti, 1996). The larger the value 246 

of these coefficients, the greater the degree of association. The significance of this association was assessed by means of the non-247 

parametric Chi-square (X2) test with degrees of freedom of (r-1)2. A similar approach has been used to measure the spatial consistency 248 

of climate variables in previous studies (e.g., Gonzalez Hidalgo et al., 2003; Lopez-Moreno et al., 2010).  249 

 250 

4. Results and Discussion 251 

4.1. Validation results 252 

The performance of a set of multiple gauge-based products and GCM simulations in reproducing inter-annual characteristics of 253 

rainfall over Saudi Arabia is evaluated using the same commonly used statistical metrics described in Section 3.2 (Vicente-Serrano et 254 

al., 2003; El Kenawy et al., 2015). The comparison is performed on seasonal and annual time scales for a common period 1965–2005, 255 

considering the accumulated rainfall series. Table III summarizes the validation results for all seasons by comparing observed mean 256 

rainfall values with rainfall data from the different products for the entire study domain. The results indicate that the majority of the 257 

gauge-based products are skillful in reproducing rainfall amounts in Saudi Arabia across all seasons. Results generally show small 258 

biases at the annual scale on the order of 0.5 mm for GPCC, -0.7 mm for CRU, -1.6 mm for PRINCETON and 3.4 mm for PREC/L. 259 

UDEL presents the poorest performance among all gauge-based products, with an average annual bias of -7.5 mm. The low biases on 260 

the annual scale are also evident for GPCC, CRU, PRINCETON and PREC/L in all seasons.  261 

 262 
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As presented in Table III, the GCM data are generally less accurate, showing larger biases throughout the year. The results indicate 263 

that the performance of GCMs is seasonally dependent, with the maximum bias found in summer and spring, whereas the least errors 264 

observed during winter and autumn. The performance of GCMs oscillates between seasonal over- and underestimation of the observed 265 

rainfall. For example, while CCSM4 tends to overestimate the observed rainfall during summer and autumn, it underestimates rain 266 

gauge data in winter and spring. In the same context, MRI-I-CGCM3 shows a negative bias in all seasons. The results also imply that 267 

GCMs are unable to detect light rainfall amounts in the dry season. One representative example is EC-Earth, which overestimates 268 

rainfall during the dry season (summer) by 121.5 mm, while it shows the best performance among all products during the wet season 269 

(winter), with a slight bias of 0.3 mm. Given that summers are typically characterized by convective rainfall in Saudi Arabia, although 270 

the magnitude is less relative to other seasons (Almazroui, 2006; El Kenawy et al., 2014), this finding suggests that while the 271 

parameterization for rainfall performs quite well in winter, important land-atmosphere parameters that contribute to summer rainfall 272 

are not well represented in the GCMs. Giorgi and Marinucci (1996) attributed much of the bias observed in climate models during 273 

summertime to a lack of adequate treatment of cumulus convection, a predictable parameter which plays a key role in rainfall 274 

variations across Saudi Arabia during this season. These results highlight the limitations of GCMs to undertake climate variability 275 

studies over the region during the summer season. In a study over the Middle East, Evans (2009) concluded that the performance of 276 

GCMs in simulating precipitation was generally inadequate, with many models not performing well. Here, it is important to note that 277 

the gauge-based products are expected to be quite close to the observed data given that they exploit ground measurements in the 278 

interpolation schemes. On the contrary, the GCMs do not directly incorporate observed rainfall data, but rather rely on physics based 279 

descriptions and cloud resolving parameterizations that inevitably influence the performance of these models, particularly with their 280 

coarse grid spacing.  281 

 282 

While the annual bias values are quite low for some of the products, as shown in Table III, these biases tend to be balanced out by the 283 

mix of positive and negative values, as illustrated in Figure 4, which illustrates the spatial distribution of the mean annual bias 284 

averaged for the period from 1965 to 2005. It is noted that both the gauge-based and GCM results generally agree on a gradient of the 285 
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rainfall bias from southwest to north and northeast. However, while the gauge-based products and MRI-I-CGCM3 indicate a positive 286 

gradient from south to north, CCSM4 and EC-Earth present a negative gradient. This is an interesting response, particularly as the 287 

GCMs are inconsistent not only in the sign of the gradient, but also in its magnitude (CCSM4 shows a reduced bias signal relative to 288 

EC-Earth)  289 

 290 

The gauge-based products reflect characteristics present in the observational data set, showing lower overall biases. Nonetheless, they 291 

do underestimate rainfall in the more rainy southwest regions. This finding can probably be seen in the context that the gauge-based 292 

data are obtained from interpolating scarce observations at high altitudes in the southwest parts of the region. In contrast, CCSM4 and 293 

EC-Earth model results show enhanced rainfall over the Asir Highlands in the southwest, whereas they slightly overestimate rainfall 294 

in areas coinciding with the northern and northeastern portions of the region. For example, EC-Earth suggests an annual 295 

overestimation of about 80 mm in the southwestern region, compared to roughly 0-30 mm in the central and northern areas, a response 296 

that is reflected by CCSM4, but with a much reduced amplitude. In accordance with the gauge-based data, MRI-I-CGCM3 suggests a 297 

negative bias in rainfall totals along the southwest corner of the region and a positive bias in the central and northern portions. Overall, 298 

the spatial patterns of bias indicate in the GCMs are consistent with gauge-based products, with higher absolute errors in the south 299 

(where there is more rainfall) and lower errors in areas with low mean annual rainfall (Figure 4).  300 

 301 

The MAE of the gauge-based products indicates annually averaged values between 13.8 mm (GPCC) and 17.5 mm (PREC/L) (Table 302 

III). In accordance with the bias, the MAE values are much higher for GCMs, with annual MAE of 28.1 mm for CCSM4 and 53.6 mm 303 

for EC-Earth. On the other hand, MRI-I-CGCM3 shows the lowest annual MAE, with an averaged difference of only 14.5 mm from 304 

the observations, providing a value comparable to the gauge-based products. The dependencies between observations and the different 305 

products are also compared using the Spearman rank correlation, with the correlations at the seasonal and annual time scales 306 

summarized in Table III. As presented, the gauge-based products provide higher correlations with observations with values between 307 

0.35 (APRHODITE) and 0.55 (GPCC). GCMs generally present weaker correlations of less than 0.25 in all cases.   308 



15 
 

 309 

For the gauge-based products, results on the seasonal time scale generally match well with those found for the annual time series, 310 

except for the spring period (MAM), where correlation is generally lower and MAE higher than for other seasons. For the GCM-based 311 

products, the results are somewhat more variable. There is a clear increase in MAE and bias during the summer period (JJA), relative 312 

to the other seasons. Correlation coefficients are also generally lower compared to the gauge-based products, although MAE and bias 313 

values are comparable for many of the seasons. The results on the standard deviation differences (σdiff), as depicted in Figure 5, are 314 

consistent with those obtained using other validation statistics (see Table III). Almost all of the gauge-based products reflect a similar 315 

σdiff at the annual scale, apart from PREC/L that has a slightly increased value and wider range relative to other products. More 316 

pronounced differences can be observed in the standard deviation of the GCMs, particularly CCSM4 and EC-Earth. Once again, MRI-317 

I-CGCM3 shows comparable results with those obtained from the gauge-based outputs. In summary, although there is clear seasonal 318 

variability, the evaluation metrics generally indicate good agreement between the observed data and the gauge-based products. For the 319 

GCM-based products, there is more variability and a different seasonal response, with EC-Earth presenting the worst performance 320 

among this small sample of GCMs. 321 

 322 

4.2. Comparative Analysis of rainfall characteristics  323 

4.2.1. Rainfall Climatology 324 

To evaluate the ability of the different products to represent the climatology of rainfall in Saudi Arabia, we first examined the 325 

agreement of the annual rainfall cycle between observations and the different products. Then, the climatology of rainfall using the 326 

different rainfall products was compared against the available site observations using the long-term seasonal averages (1965-2005). 327 

Figure 6 represents the annual cycle of rainfall averaged for Saudi Arabia from 1965 to 2005. As illustrated, there are significant 328 

differences between the products in terms of their ability to represent the observations based annual cycle. The Pearson correlation 329 

between the GCM products and the observed seasonal cycle is generally weak, with r=-0.01 for CCSM4, r=0.01 for EC-Earth, and 330 

r=0.44 for MRI-I-CGCM3. Interestingly, although the GCMs are driven by different model parameters (see Table II), two of the three 331 
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models show similar intra-annual variations of rainfall estimates in the region. In particular, the modeled rainfall estimates in the case 332 

of CCSM4 and EC-Earth are wetter than the observations, especially in the expected dry period of May-October. In contrast, the 333 

gauge-based products seem to reproduce the observed annual cycle quite well, particularly APHRODITE, PRINCETON, CRU, and 334 

GPCC. These products present similar patterns and structures to those of the observations, with correlation coefficients of 0.90 335 

(APHRODITE), 0.89 (PRINCETON) and 0.88 (GPCC and CRU). The overall structure of the annual cycle is very similar between 336 

these four products, particularly during the first half of the year, with peaks in March-May. The worst correlation is observed for 337 

PREC/L and UDEL (generally below 0.79). However, although the annual cycle of some gauge-based data generally fits well with 338 

observations year round, the data present conditions drier than the observations in early autumn, suggesting abrupt decreases in the 339 

mean rainfall for the months of September and October (see for example, CRU, PRINCETON and PREC/L).  340 

 341 

The general agreement between observations and the gauge-based products in terms of the annual cycle similarity is further supported 342 

when we compare the relative contribution of rainfall amount in each season to the annual totals. Figure 7 depicts the relative 343 

contribution of seasonal rainfall to the annual rainfall totals for each data set, averaged between 1965 and 2005. As illustrated, the 344 

relative contribution of the observed DJF mean rainfall is well represented by the majority of products. In particular, winter rainfall in 345 

CRU, GPCC, UDEL and PRINCETON represents approximately 26%, 26.7%, 26% and 23.9% of the annual rainfall totals, 346 

respectively, which is comparable with the observations (26%). On the other hand, both CCSM4 (4.7%) and EC-Earth (10.8%) 347 

strongly underestimate winter rainfall, while APHRODITE slightly overestimates winter rainfall in the region, with a contribution of 348 

nearly 30.4% of the rainfall annual totals. In contrast to other GCMs, MRI-I-CGCM3 shows comparable results to observations, with 349 

winter rainfall contributing to 24.5% of the annual rainfall totals.    350 

 351 

In the same context, while observations suggest spring as the main rainy season in Saudi Arabia, with approximately 40.7% of the 352 

annual total rainfall, the GCMs tend to underestimate the rainfall amounts during this season. While MRI-I-CGCM3 is within the 353 

observed response, CCSM4 and EC-Earth show reduced rainfall in the spring, representing no more than 18.9% and 24.1% of the total 354 



17 
 

annual rainfall, respectively. In contrast, the gauge-based products give a better approximation of spring rainfall. According to 355 

APHRODITE, CRU, GPCC, PREC/L and PRINCETON, spring rainfall accounts for 39.6%, 43.1%, 43.7%, 46.5%, and 46.2% of the 356 

annual rainfall. For the summer months, CCSM4 and EC-Earth show both a warm bias and large variability compared to both 357 

observations and gauge-based products. The spread in the individual measurements during summer is high for CCSM4 and EC-Earth 358 

compared to other products, indicating that these models give rainfall estimations that are not within the observed range. The 359 

magnitudes of summer rainfall for CCSM4 and EC-Earth are almost 58.8% and 44% of the annual accumulated rainfall, compared to 360 

only 12.7% for observations. MRI-I-CGCM3 tends to predict a reduced contribution during the same season. The relative contribution 361 

of summer rainfall in the gauge-based products matches well with the observations, with the best results found for GPCC (12.9%), 362 

CRU (13.9%), PREC/L (14.1%) and PRINCETON (14%). In autumn, apart from MRI-I-CGCM3, both GCMs and gauge-based 363 

products show a reasonable representation of the observed rainfall (20.5%), with the best results found for APHRODITE (22.2%), 364 

which reproduces both the mean response and range of interannual variability.  365 

 366 

Figure 8 illustrates the climatologies of annual rainfall totals computed for the multiple products as compared to observations for the 367 

period 1965-2005. It can be seen that the GCMs and gauge-based products show some consistency with the observed data, with the 368 

overall pattern of the climatologies preserves across the majority of products. Importantly, the comparison shows that most of the 369 

products reproduce the observed gradient in rainfall totals from the southwest to the northeast and to the east, reflecting the role of 370 

orography in rainfall patterns. The average annual rainfall for Saudi Arabia using the in-situ data for the period 1965–2005 is 157.5 371 

mm, which is comparable with CRU (148.9 mm), GPCC (151.1 mm), PRINCETON (137.6 mm) and PREC/L (196.4 mm), with a 372 

difference of only 0.05 % (CRU), 0.04% (GPCC), 12.6% (PRINCETON) and 24.7% (PREC/L). Differences between the 373 

climatologies of the gauge-based products may be due to the use of different numbers of in-situ data over space and time (see Section 374 

3.1.2). Unfortunately, metadata on the input stations used for calibrating each product over the region is lacking.   375 

 376 
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For the GCMs, some considerable discrepancies can be noted on the regional scale. Although the spatial pattern of rainfall totals 377 

reported by the GCMs is similar to observations and gauge-based products, CCSM4 and EC-Earth show substantial wet maxima and a 378 

sharp gradient feature in the southwestern region, particularly at higher altitudes. On the other hand, MRI-I-CGCM3 produces the 379 

lowest rainfall annual totals across the study domain, implying that the spatial gradient of rainfall totals is different to the observations. 380 

While EC-Earth reports higher rainfall totals in the southwestern areas (above 600 mm.yr-1) that are approximately twice the observed 381 

data (less than 300 mm.yr-1), MRI-I-CGCM3 does not show adequate skill in describing the wettest region in Saudi Arabia as it 382 

underestimates the annual total with 55 mm (approximately 18%). Given that 20 of the 53 rain gauges used in this work are located 383 

above 1000 m (refer to Figure 1), it can be seen that most of the GCM products have major limitations in reproducing orographic 384 

rainfall over mountainous areas, while they compare relatively well over the lower altitudes across the region. Indeed, GCMs show 385 

higher rainfall than observations in the high-altitudes, but almost similar rainfall for the lower altitudes. The dry and moderately dry 386 

areas, with rainfall less than 100 mm.yr-1, are well represented by the GCMs. 387 

Overall, it seems that the GCMs are able reproduce the spatial distribution of the observed rainfall over the region, but with larger 388 

deviations when compared to the gauge-based products. These differences might be explained by inherent scale effects, which 389 

constrain direct comparison between the point-based station estimates and the gridded outputs of GCMs. Over the study domain, real-390 

world boundary conditions (e.g., elevation and land cover) may vary over short distances, particularly in the mountainous areas in the 391 

south. Incorporating such small scale changes and features into GCM structures and simulations is impossible. Recent efforts using 392 

regional climate models have shown the impacts of using higher resolution simulations and more realistic surface boundary conditions 393 

to better capture the sub-regional scale climate features (e.g., topography, leeside effects and land use/cover changes) that affect 394 

rainfall and other hydrometeorological responses (Evans and McCabe, 2013; Meng et al. 2014a,b). While increasing model resolution 395 

can clearly improve spatial representation (Deng et al., 2015), the underlying issue of point rainfall versus grid-averaged model 396 

response remains a considerable challenge for coarser scale GCM assessments. However, this should not preclude the assessment of 397 
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such approaches, but the focus should remain on reproducing seasonal patterns, climatologies and anomalies, rather than absolute 398 

values at high temporal resolutions.  399 

It can be concluded that many of the gauge-based products, but particularly GPCC, CRU, and PRINCETON, are able to reproduce 400 

realistic rainfall climatologies compared to other products- a finding that agrees well with Almazroui et al. (2012), who noticed that 401 

CRU was skillful in reproducing the annual rainfall climatology over Saudi Arabia for the period from 1979 to 2009. The good 402 

performance of other gauge-based products has also been reported in a number of recent studies over nearby regions, including Iran 403 

(Raziei et al., 2011), India (Prakash et al., 2014) and Ethiopia (Reda et al., 2014).   404 

 405 

4.2.2. Rainfall Anomaly 406 

Figure 9 summarizes Pearson correlation coefficients calculated between the seasonal and annual anomalies of the observations and 407 

each of the tested products. For each grid point, anomalies were calculated for each season/year independently, relative to their 408 

respective 1965 to 2005 climatologies. An areal rainfall anomaly was then calculated using weighted averages determined by the 409 

Thiessen polygon method (Jones and Hulme, 1996). Comparing anomalies provides an overview of the general rainfall evolution and 410 

the degree of variability captured by the different products. The anomalies also assess the ability of the different products to respond 411 

over time (i.e., defining dry, wet, unchanged years) rather than any year-to-year response. The results indicate that APHRODITE and 412 

GPCC agree very well with observations in terms of the magnitude and phase (i.e., positive, negative), showing high correlation 413 

coefficients over 0.8 in the majority of the seasons. Good responses are also observed for CRU and PRINCETON, particularly in 414 

winter and spring. As illustrated in Figure 9, the correlation based dependencies between observation anomalies and those of the 415 

gauge-based products are stronger during autumn (SON) and spring (MAM), whereas they are statistically insignificant in summer 416 

(JJA). All gauge-based products show their worst performance during the summertime, particularly PREC/L and UDEL, which have 417 

correlation coefficients of 0.05 and -0.01 respectively. The evolution of observation based anomalies is generally well captured by 418 

GPCC, but with correlation values ranging between 0.36 in summer and 0.95 in autumn. Interestingly, while APHRODITE 419 
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consistently underestimates the amount of rainfall in all seasons in the range of -10.1 mm (spring) to -4.6 mm (winter) (see Table III), 420 

it provides the best approximation of observation anomaly at the annual scale. The correlation coefficients between APHRODITE and 421 

observation anomalies vary between 0.64 (summer) and 0.95 (autumn), with an overall annual correlation coefficient of 0.87 that 422 

exceeds the significance level of 0.01. The phase of APHRODITE generally matches well with that of the observed data, indicating 423 

that the APHRODITE 0.25° daily precipitation data set might be adjusted to remove the negative bias, providing a higher quality 424 

product for assessment and use in Saudi Arabia. In their study on the arid region west of China, Yang and Luo (2014) also indicated 425 

that APHRODITE data showed high agreement with rain gauges, with correlation coefficients ranging from 0.83 to 0.94. In contrast 426 

to the gauge-based products, comparisons of seasonal and annual rainfall observation-based anomaly with those derived from the 427 

GCMs show very poor agreement and even negative correlations in some cases (see for example, CCSM4 and EC-Earth in winter and 428 

EC-Earth and MRI-I-CGCM3 in spring). While CCSM4 and MRI-I-CGCM3 display the lowest correlation with observations, EC-429 

Earth is anti-correlated at both the annual scale and across two seasons (DJF, MAM).  430 

 431 

Figure 10 presents an illustrative example of the temporal evolution of annual observation anomalies across all rainfall products. In 432 

general, GCM data correlate insignificantly with observations and are clearly affected by spurious jumps, with individual years 433 

deviating considerably from the long-term mean rainfall. This feature challenges their suitability for an analysis of rainfall changes in 434 

the region. It should be noted that while a robust and well performing GCM might show improved temporal agreement with seasonal 435 

and annual anomalies of observed rainfall rather than with anomalies calculated on the daily or monthly basis (where variability is 436 

higher), the correlation values for all of the investigated models shown here are statistically insignificant for the annual anomalies. 437 

However, it is perhaps more realistic to expect that GCMs only reproduce the climatological response (see Figure 7) rather than the 438 

year-to-year variation. So, while Figure 10 is instructive for the gauge-based products, it is less suited to establishing a hierarchy 439 

amongst the GCMs. While MRI-I-CGCM3 is at least able to reproduce expected ranges in annual anomalies, both CCSM4 and EC-440 

Earth display significant departures from expectation.  441 

 442 
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The comparison of rainfall anomaly from gauge-based outputs, particularly APHRODITE, CRU and GPCC, show a more 443 

homogenous evolution and a greater agreement with in-situ measurements. However, for some products (e.g., PREC/L and UDEL), 444 

the correlation is weaker, with coefficients of 0.23 and 0.47, respectively. The agreement between the anomalies of these products and 445 

observations is much better in the 1960s and 1970s. For example, the correlation between PRINCETON and observations in the 446 

period 1965-1980 is 0.65 compared to 0.52 from 1981 to 2005. While the reason for the difference between these periods is unclear, 447 

incorporating remotely sensed based retrievals into gauge-based products in the post-satellite era may improve their performance.  448 

 449 

4.2.3. Long-term trends (1965-2005) 450 

In order to compare all nine rainfall products used in this study, we assessed inter-annual and intra-annual variability of rainfall totals 451 

for the 41-year period using the ordinary least squares regression method, with their statistical significance tested using the Mann-452 

Kendal tau test at the 95% confidence interval (p<0.05). The agreement between the categorized trends for observations against the 453 

available products was evaluated at the station level using a set of asymmetry measures (Gonzalez Hidalgo et al., 2003; Lopez-454 

Moreno et al., 2010), with results of the goodness of fit between observed and all products shown in Figure 11. As can be seen, the 455 

majority of the products exhibit poor agreement with observations, with weaker coefficients below 0.4 in most cases. Such a response 456 

indicates that the majority of the products fail to reproduce the variations evident in the observed rainfall on the seasonal and annual 457 

time scales and present irregular and inconsistent trends. In a few cases, some level of significant agreement is identified. In particular, 458 

APHRODITE is able to describe changes in rainfall during winter, spring and summer, but fails to do so in autumn. Similarly, GPCC 459 

and PREC/L exhibit consistent trends with observations only in winter. CRU can describe changes in rainfall in winter and autumn, 460 

but fails to do so in summer and spring.  461 

 462 

All asymmetry measures (see Section 3.2.2) show that, for many products, the lowest agreement with observations is found during 463 

summer and autumn. In contrast, the highest agreement coefficients are generally found in winter, ranging from 0.28 (UDEL) to 0.51 464 

(GPCC) following the coefficient of contingency, and from 0.29 (UDEL) to 0.59 (GPCC) according to the Phi coefficient. Although 465 
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the gauge-based products represent the climatological mean rainfall well, with low bias, higher correlation, and good match with the 466 

observations anomalies, none of these products are able to adequately reproduce the inter-annual variations of observed rainfall in all 467 

seasons (Figure 11). This result shows that the various products present different advantages, with none of them identified clearly as 468 

optimal in representing rainfall changes across all seasons.  469 

 470 

Figure 12 illustrates the spatial distribution of the annual trends of rainfall totals over Saudi Arabia, as derived from the different 471 

products. Observations show a downward trend in the northern portions of Saudi Arabia, whereas an upward trend is limited to the 472 

southwestern regions. The trend patterns from the nine products differ markedly, with the gauge-based products showing more 473 

comparable amounts of change with observations than GCMs, which reflect noticeably stronger changes (e.g., CCSM4 and EC-Earth). 474 

In accordance with GCMs, the gauge-based products are generally not skillful in capturing the spatial patterns of changes in annual 475 

rainfall totals. For example, GPCC exhibits contradictory trend patterns, with more rapid changes in the north than in the south. GPCC 476 

also shows a decrease in the annual rainfall totals in the range of about 10-20 mm.decade-1, which is clearly reversed in the 477 

observations (6-15 mm.decade-1). However, in a few cases (e.g., CRU, PRINCETON, and UDEL), the observed wet trend in the 478 

southern zones and the observed dry trend in the northern areas are produced reasonably well.  479 

 480 

Table IV summarizes seasonal and annual trends in rainfall totals and their statistical significance for the different products. Table IV 481 

indicates that the Mann–Kendall trend test shows an insignificant trend in the seasonal and annual rainfall, with only a few exceptions 482 

of the DJF trend for APHRODITE and the JJA and annual trends for EC-Earth. Increases in the observed rainfall are defined in winter 483 

and summer, while the spring and autumn exhibit a decrease in rainfall amounts. However, these trends are statistically insignificant at 484 

the 95% confidence level. Our results agree well with AlSarmi and Washington (2011) who found a general decreasing trend of 485 

rainfall over the Arabian Peninsula, though being statistically insignificant in most of the sites. The same finding was also confirmed 486 

for other neighboring regions (e.g., Kwarteng et al. [2009] in Oman). According to the majority of the products, it seems that the 487 

rainfall tends to decrease during the rainy seasons (winter and spring). For example, most of the products suggest a decrease in winter 488 
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rainfall totals over Saudi Arabia, which is in opposition to observations that suggest a slight increase (1.53 mm.decade-1). As noted 489 

previously, the lack of trends in the majority of the gauge-based products may be attributed to inherent scale effects and also to the 490 

fact that these products tend to smooth rainfall values through the various interpolation schemes. However, the minimal number of 491 

significant trends in the observed data at both annual and seasonal scales confirms that the majority of the in-situ data shows no 492 

change in their variance over time in Saudi Arabia.  493 

 494 

5. Conclusion 495 

Current knowledge of rainfall variations in Saudi Arabia is derived largely from in-situ data sets, which are limited by sparsely 496 

distributed stations with often incomplete and short records. To improve the spatial and temporal resolution of current rainfall 497 

estimates in Saudi Arabia, this study assesses the performance of several gauge-based and GCM products against observations to 498 

evaluate their utility in the region. A set of skill indicators, including bias, MAE, standard deviation of differences and Spearman rho 499 

correlation, were employed to evaluate the capacity of nine rainfall products in reproducing statistical features of a network of 53 in-500 

situ rain gauges. As expected, the gauge-based products reproduce the statistics of observed climate features in Saudi Arabia more 501 

accurately than do the GCMs, although there is considerable within product variability. Evaluation of annual rainfall totals shows that 502 

the majority of the gauge-based products produce more or less correctly the spatial patterns of observed rainfall in the region. A 503 

comparison of the rainfall anomalies of the nine different products against in-situ data also indicates that some gauge-based products 504 

(APHRODITE, CRU, GPCC and PRINCETON) show good agreement with observations, relative to other products, although there is 505 

also considerable seasonal variability. 506 

 507 

The task of identifying one or several optimal products is made difficult by the variability in the different performance metrics. When 508 

comparing statistical metrics, anomalies, spatial patterns, seasonal contribution or inter-annual cycles, no single product consistently 509 

outperforms any other. As a result, the choice of rainfall product requires careful consideration against the purpose to which it will be 510 

employed. Overall, GPCC, CRU, APHRODITE, and PRINCETON perform well against most metrics and could serve as baseline 511 
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source for verifying and supplementing available data in the region. Certainly, an awareness of the uncertainties inherent in these 512 

products is required and also an understanding on the limits of their use. For instance, caution in the use of these data for extremes 513 

assessment is required, as their ability to reproduce extreme events has not been investigated. In addition, trend detection should be 514 

approached cautiously when using either the gauge- or GCM-based products, as they show poor skill in describing the observed inter-515 

annual and intra-annual variability of rainfall.  516 

 517 

The physical causes for the differences between the gauge-based and GCM products are beyond the scope of the current research. 518 

However, possible sources of differences between the gauge-based products themselves could be related to errors in source data 519 

and/or limitations in data density or interpolation schemes. For gauge-based data, there are two competing scales of interest that need 520 

to be considered: the local scale response (which will obviously benefit from a high-density network) and the regional scale response 521 

(which benefits from a more distributed in-situ sampling). Improving the ability of any interpolation model to predict climate in Saudi 522 

Arabia by expanding the training set to include stations from neighboring countries like Egypt, Jordan, Yemen, and the Persian Gulf 523 

makes sense, but also represents its own challenges. Most in-situ data in the region are suited in cities and other population centers, 524 

introducing biases in the spatial distribution. There are also real costs associated with equipment installation, maintenance and 525 

archiving, which combined with historical instability in the region, goes some way to explain the paucity of long-term and consistent 526 

observations in space and time.  527 

 528 

In comparing differences between the gauge- and GCM-based products, it is important to recognize that they are representing two 529 

quite different approaches to characterizing the climate state. Unlike gauge-based products, GCMs are largely independent from 530 

observations, employing instead physical descriptions of the governing processes that control the climate states. Therefore, it should 531 

not be expected that GCMs will be able to capture the high day to day variations of climate when compared to observations. This is 532 

why studies seeking to validate GCMs against in situ data, including the current investigation, focus on testing the ability of the 533 

models to reproduce the larger time and space scale characteristics of climate, such as anomalies, trends and climatology. Of the three 534 
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GCMs examined here (albeit a small selection of the available CMIP5 products), two (CCSM4 and EC-Earth) tended to suffer from a 535 

large systematic overestimation of rainfall in Saudi Arabia, with significant uncertainties defined in the southwest. The GCM products 536 

generally failed to reproduce the observed anomalies of rainfall, both at the inter-annual and seasonal scale. Overall, using GCM 537 

products for hydroclimatological or related studies should be undertaken with caution in this region, particularly during the 538 

summertime and over complex terrain, where the model spatial resolution and forcing limit the reproduction of summer rainfall, which 539 

has a distinct regional and local character. These findings highlight the need to investigate the impact of topography on the 540 

performance of GCMs in the southwestern areas of the region. The effects of topography are complex, but including more detailed 541 

information on elevation, slope, and orientation of the slope into simulations may potentially improve our understanding of the 542 

physical mechanisms that control the performance of GCMs in mountainous areas, particularly during summer. This uncertainty could 543 

also be related to the inadequate representation of some components of the land-surface schemes, such as soil moisture and convective 544 

parameters. Overall, determining the reasons behind the defined differences and implementing schemes to improve these, should be 545 

the focus of further investigation.  546 

 547 

Studies of rainfall patterns and mechanisms in Saudi Arabia and similar regions are limited by the uneven distribution of observations 548 

in space and time. The present study illustrated that data from selected gauge-based products can mitigate these challenges by 549 

providing an alternative platform for synthesis of observations. Nonetheless, the issue of relying on an in-situ network that has 550 

obvious limitations as the basis for comparing different rainfall products is an area requiring further investigation. Given the lack of a 551 

reliable in-situ network in the region, the importance of further developing products that combine available observations, including 552 

both gauge-based and satellite data, is obviously important. However, in the pre-satellite era, evaluating product performance against 553 

available observations remains key, with the next step focusing on improving model parameterization schemes to better represent the 554 

regionally specific climate features. Also, advances in high resolution regional climate modeling represent an obvious means of 555 

improving the representation of hydrometeorological response in the region. In this regard, satellite products have recently improved 556 

their spatial and temporal resolution, offering a promising strategy to address the limitations of gauge-based rainfall estimates. 557 
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Likewise, in spite of their limited temporal coverage, a variety of reanalysis precipitation data with a reasonable spatial resolution 558 

(e.g., MERRA, NCEP, ERA-Interim and JRA25) may also provide another means to obtain precipitation data in the region. For this 559 

reason, additional validation studies are still required to test the feasibility of both reanalyses and rainfall retrievals from the more 560 

recent satellite era data. Ultimately, a combined product that optimally integrates elements from available observation and modeling 561 

platforms would be beneficial for a range of disciplines spanning agriculture, water resources planning and management and flood 562 

assessments in the region.  563 
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Table I. Overview of the characteristics of the nine different rainfall products used in this study. 666 
 Product Grid Size 

(Lat× Lon) 
Time 
Resolution 

Time 
Period 

Type Institute Reference 

G
au

ge
-b

as
ed

 

APHRODITE 0.25°× 0.25° daily 1951-2007 Gauge-based (Weight mean 
interpolation method) 

Japanese Meteorological Resea  
Institute 

Yatagai et al. (2012) 

CRU TS 3.2 0.5°× 0.5° monthly 1901-2013 Gauge-based Climate Research Unit Harris et al. (2014) 

GPCC-v6 0.5°× 0.5° monthly 1901-2010 Merged (WMO GTS, SYNOP 
and monthly climate reports) 

Global Precipitation 
Climatology Centre 

Schneider et al. (2014) 

PREC/L 0.5°× 0.5° monthly 1948-present Gauge-based (GHCN v2, 
CAMS) 

NOAA/OAR/ESRL PSD, 
Boulder, Colorado, USA, 

Chen et al. ( 2002)  

PRINCETON 0.25°× 0.25° daily 1948-2010 Merged (reanalysis and 
observational)  

Princeton University Sheffield et al. (2005) 

UDEL 0.5°× 0.5° monthly 1901-2010 Merged (Climatologically aided 
interpolation (CAI))  

NOAA/OAR/ESRL PSD,  
Boulder, Colorado, USA, 

__________________ 

G
C

M
s 

CCSM4 1.25°× 1° daily 1850-2005 GCM atmospheric  
component model 

National Center for 
Atmospheric Research, USA 

Gent et al. (2011) 

EC-Earth 1.125°× 1.12° daily 1850-2005 GCM atmospheric  
component model 

EC-Earth Consortium Hazeleger et al. (2010) 

MRI-I-
CGCM3 

1.1°× 1.1° daily 1850-2005 GCM atmospheric  
component model 

Meteorological Research 
Institute, Japan 

Yukimoto et al. (2012) 
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 674 

Table II. Overview of the physics parameterization and configurations of the GCMs used in this study. 675 
 676 

Model AGCM OGCM Initialization Perturbation Aerosol 

Atmosphere/Land Ocean Atmospheric Ocean Concentration (C) 
/Emission (E) 

Direct (D) 
/Indirect (I1,I2) 

CCSM4 1.3°L26 1°L60 NO Ocean assimilation 
(POPDART) 

Single Atm from 
AMIP run 

     Ensemble   
     assimilation 

E D 

EC-Earth 1.1°L62 1°L42 ERA40/Interim Ocean assimilation 
(ORAS4/NEMOVAR S4) 

Start dates with 
singular vectors 

Ensemble 
ocean assim. 
(NEMOVAR) 

C D 

MRI-I-
CGCM3 

1.1°L48 1°L51 NO SST Start dates and ensemble assimilation E D, I1, I2 
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 684 

 685 

 686 

 687 

 688 

 689 

Table III: Results of the different validation statistics.  690 
  DJF   MAM   JJA   SON   ANNUAL 

 
Bias MAE Rho 

 
       Bias MAE Rho 

 
  Bias MAE Rho 

 
Bias MAE Rho 

 
Bias MAE Rho 

APHRODITE -4.60 11.90 0.33 
 

-10.10 21.30 0.33 
 

-6.80 11.70 0.55 
 

-6.10 12.20 0.42 
 

-6.90 14.30 0.35 
CRU 0.90 13.70 0.41 

 
-0.40 20.70 0.41 

 
-0.40 14.00 0.47 

 
-2.90 13.60 0.44 

 
-0.70 15.50 0.43 

GPCC 1.00 12.00 0.51 
 

3.60 20.30 0.51 
 

-2.60 11.40 0.48 
 

-3.90 11.30 0.52 
 

-0.50 13.80 0.55 
PREC/L 1.80 14.30 0.42 

 
12.10 28.10 0.38 

 
0.40 13.70 0.57 

 
-0.70 14.20 0.50 

 
3.40 17.50 0.51 

PRINCETON -0.60 13.40 0.34 
 

-0.50 21.90 0.32 
 

-1.10 12.40 0.44 
 

-4.30 13.10 0.37 
 

-1.60 15.20 0.41 
UDEL -4.90 12.50 0.39 

 
-11.40 21.90 0.34 

 
-5.70 11.40 0.49 

 
-7.80 12.10 0.43 

 
-7.50 14.50 0.42 

CCSM4 -8.70 11.50 0.13 
 

-10.10 22.30 0.11 
 

54.90 59.60 0.35 
 

2.20 18.70 0.25 
 

9.60 28.10 0.20 
EC-Earth 0.30 15.90 0.11 

 
11.30 31.00 0.17 

 
121.50 123.60 0.36 

 
32.10 43.80 0.17 

 
41.30 53.60 0.24 

MRI-I-CGCM3 -7.20 12.10 0.13 
 

-14.20 21.30 0.07 
 

-9.80 10.50 0.48 
 

-6.00 14.10 0.25 
 

-9.30 14.50 0.24 
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Table IV: Seasonal and annual trends of rainfall totals calculated for the period 1965-2005 for 700 
all Saudi Arabia. All the area-averaged time series were created following the Thiessen 701 
method. The magnitude of change is given in mm.decade-1. Bold numbers show statistically 702 
significant trends at the 95% confidence interval (p<0.05). 703 

 
DJF MAM JJA SON ANNUAL 

APHRODITE -0.81 -3.13 -1.15 -1.14 -6.14 
CRU 1.73 -1.36 0.08 0.49 1.25 
GPCC -0.08 -4.83 -0.30 -0.17 -4.75 
PREC/L -0.84 -2.60 0.41 -2.15 -5.82 
PRINCETON 0.51 0.10 0.39 0.55 1.65 
UDEL -0.61 1.16 0.01 -0.46 -0.43 
CCSM4 -1.20 -0.70 12.05 2.10 12.09 
EC-Earth -0.91 2.09 17.92 6.68 25.66 
MRI-I-CGCM3 1.31 1.11 -0.12 0.74 2.86 
OBS 1.53 -2.01 0.17 -0.37 -1.04 
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 728 
Figure 1: Location of the study area and the spatial distribution of the rain gauges. The black 729 
squares denote the three locations given in Figure 2. 730 
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 752 
 753 
Figure 2: Monthly variations of rainfall totals (mm) at three different stations in the study 754 
domain. Long-term averages were calculated for the base period 1965-2005. The altitude (in 755 
meters above mean sea level), the latitude and the longitude of each station are provided. 756 
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 773 
 774 
Figure 3: (a) The absolute and relative cumulative distribution of the number of rain gauges 775 
in Saudi Arabia from 1960 to 2012, (b) the percentage of missing values in relation to the total 776 
count of records for each observatory, the dashed line shows the threshold of missing values 777 
used in this study. 778 
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 803 
Figure 4: Spatial distributions of the mean annual bias (mm) with respect to observed data. 804 
The legend representing the bias was not homogenized for all panels to improve the final 805 
presentation of the figure given that some data sets showed high range of biases. 806 
 807 
 808 
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 809 
Figure 5: Standard deviation differences (σdiff) between observations and each comparable 810 
product. The calculations were made for the annual accumulated rainfall (mm) from 1965 to 811 
2005. The central black line indicates the median, whereas the central blue line refers to the 812 
mean. The whiskers represent the 10th and the 90th, while the 25th and the 75th are plotted 813 
as the vertical lines of the bounding boxes.  814 
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 832 
 833 
Figure 6: Annual cycle of rainfall totals (mm/month) averaged for the entire study area. For 834 
each panel, the solid black line indicates the observed data, while the red line represents 835 
either the gauge-based product or GCM model response. Pearson correlation coefficient (R) 836 
between seasonal cycle of observations and that of each product is also provided. 837 
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 852 
Figure 7: Relative contribution of seasonal rainfall totals to the annual totals during the 853 
period 1965–2005. The central black line indicates the median, whereas the central blue line 854 
refers to the mean. The whiskers represent the 10th and the 90th, while the 25th and the 75th 855 
are plotted as the vertical lines of the bounding boxes. 856 
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 857 
Figure 8: Spatial distributions of annual rainfall totals (mm) averaged for the period 1965–858 
2005.  859 
 860 
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 861 
Figure 9: Anomaly correlation coefficient calculated between each product and the observed 862 
data averaged for all Saudi Arabia. Correlation coefficients above 0.3 are statistically 863 
significant at the 95% level (p<0.05).  864 
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 894 
 895 
Figure 10: Anomalies of annual rainfall totals (mm) averaged for Saudi Arabia during the 896 
period 1965–2005. For each panel, the solid black line indicates the observed data, while the 897 
red line represents either the gauge-based product or GCM model response. The dashed line 898 
refers to no differences between the annual rainfall totals and the long-term average. Pearson 899 
correlation coefficients are given in parentheses. 900 
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 906 
Figure 11: Agreement (asymmetry) coefficients between the categorized trends of annual and 907 
seasonal rainfall totals (i.e., statistically significant and positive, statistically significant and 908 
negative, insignificant positive and insignificant negative) of observations and those of the 909 
different products. The statistical significance was assessed using the Mann-Kendal tau 910 
statistic at the 95% level (p<0.05). 911 
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 916 
Figure 12: Spatial distribution of changes in the annual rainfall totals (mm.decade-1) from 917 
1965 to 2005. The solid line indicates no changes. The legend representing amounts of change 918 
was not homogenized for all panels to improve the final presentation of the figure given that 919 
some data sets showed high range of changes. 920 
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