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Abstract 13 

The performance of the Tropical Rainfall Measuring Mission (TRMM) version 3B42 V7 product 14 

is validated over north-eastern Iberia, a region with considerable topographical gradients and 15 

complexity. Precipitation characteristics from a dense network of 656 rain gauges, spanning the 16 

period from 1998 to 2009, are used to evaluate the TRMM 3B42 estimates on a daily scale. A set 17 

of accuracy estimators, including the relative bias, mean absolute error (MAE), root mean square 18 

error (RMSE) and Spearman rho coefficient were used to evaluate the results. The assessment 19 

indicates that the TRMM 3B42 product is capable of describing the seasonal characteristics of 20 

the observed precipitation over most of the study domain. In particular, TRMM 3B42 21 

precipitation agrees well with in situ measurements, with MAE less than 2.5 mm.day-1, RMSE of 22 

6.4 mm.day-1 and rho correlation coefficients generally above 0.6. TRMM 3B42 provides 23 

improved accuracies in winter and summer, whereas it performs much worse in spring and 24 

autumn. Spatially, the retrieval errors show a consistent trend, with a general overestimation in 25 

regions of low altitude and underestimation in regions of heterogeneous terrain. The TRMM 26 

3B42 generally performs well over inland areas, while showing less skill in the coastal regions. 27 

A set of skill metrics, including a false alarm ratio [FAR], frequency bias index [FBI], the 28 

probability of detection [POD] and threat score [TS], are also used to evaluate TRMM 29 

performance under different precipitation thresholds (1, 5, 10, 25 and 50 mm.day-1). The results 30 

suggest that the TRMM 3B42 retrievals perform well in specifying moderate rain events (5-25 31 

mm.day-1), but shows noticeably less skill in producing both light (<1 mm.day-1) and heavy 32 
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rainfall thresholds (more than 50 mm.day-1). Given the complexity of the terrain and the 33 

associated high spatial variability of precipitation in north-eastern Iberia, the results reveal that 34 

TRMM 3B42 data provide an informative addition to the spatial and temporal coverage of rain 35 

gauges in the domain, offering insights into characteristics of average precipitation and their 36 

spatial patterns. However, the satellite-based precipitation data should be used cautiously for 37 

monitoring extreme precipitation events, particularly over complex terrain. An improvement in 38 

precipitation algorithms is still needed to more accurately reproduce high precipitation events in 39 

areas of heterogeneous topography over this region. 40 

 41 

Key words: precipitation; rain gauges; TRMM 3B42; evaluation; Iberia. 42 

 43 

1. Introduction 44 

Accurate measurement of precipitation over both space and time is crucial to better characterize 45 

and understand water and energy cycles (Lorenz and Kunstmann, 2012), to enhance 46 

understanding of climate regimes and their associated dynamics (Scarsoglio et al., 2013) and to 47 

improve hydro-meteorological forecasting (e.g., drought and flood) (Su et al. 2008). Though 48 

providing the principal source to describe precipitation characteristics, the performance of 49 

ground-based precipitation estimates is very sensitive to the spatial density of rain gauges, terrain 50 

complexity, the quality of data and the completeness and length of meteorological records 51 

(Groisman and Legates, 1994). Apart from providing basic meteorological forcing for diverse 52 

hydrological applications, assessing the potential impacts of global warming on the regional 53 

scale requires accurate data at fine spatial and temporal resolutions. However, this kind of 54 

assessment is challenging in areas of heterogeneous terrain, not only due to the high spatial and 55 

temporal variability of precipitation in these regions, but also as a consequence of the lack of a 56 

spatially dense network of rain gauges that can reliably capture the impacts of topographical 57 

gradients on local and regional climate (Lopez-Moreno et al., 2008; Evans and McCabe, 2013).   58 

 59 

Over the last three decades, many attempts have been made to improve precipitation retrievals 60 

from satellites through merging various data sources, such as radar, microwave and thermal 61 

infrared remote sensing, allowing for a significant improvement in the accuracy, consistency and 62 

coverage of the retrievals (Behrangi et al., 2011). Currently, many sources of conventional 63 
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remotely sensed precipitation estimates are available at high spatial (0.25° or finer) and temporal 64 

(3 hourly or shorter) resolutions, including (among others): the Precipitation Estimation from 65 

Remotely Sensed Information Using Artificial Neural Networks (PERSIANN) (Sorooshian et al. 66 

2000), the Climate Prediction Center (CPC) Morphing algorithm (CMORPH) (Joyce et al. 2004), 67 

the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis 68 

(TMPA) (Huffman et al. 2007) and Multisensor Precipitation Estimation (MPE) (Seo et al., 69 

1999). However, given that satellite-based estimates rely primarily on the interpretation of 70 

emitted or scattered radiation received by the satellite instruments, these estimates are 71 

accompanied by a host of uncertainties. Such uncertainties can originate from different sources, 72 

including sampling frequency, attenuation correction, attenuation–reflectivity relationships, 73 

partial beam filling and surface clutter rejection (Ebert et al., 2007). Levizzani et al. (2007) 74 

provide a detailed review of the errors associated with satellite precipitation retrievals.  75 

Recently, a number of studies have been undertaken to assess the uncertainty associated with 76 

remotely sensed precipitation products across varying regions worldwide, including the 77 

continental United States (Chen et al., 2013), Europe (Stampoulis and Anagnostou, 2012), the 78 

Mediterranean basin (Feidas et al., 2009), Southern America (Vila et al., 2009), China (Yu et al., 79 

2009), India (Prakash et al., 2014), West Africa (Jobard et al., 2011), the Indian Ocean (Prakash 80 

and Gairola, 2014) and the Pacific Ocean (Sapiano and Arkin, 2009). These works have 81 

compared satellite-based precipitation products either using other satellite-based sources (e.g., 82 

Masunaga et al., 2002; Islam et al., 2012) or surface observations (e.g., Adeyewa and Nakamura, 83 

2003; Prakash and Gairola, 2014). For example, Masunaga et al. (2002) compared precipitation 84 

estimates from various TRMM Microwave Image (TMI) products over the tropics, suggesting 85 

that the disagreement between these products was a consequence of their different physical basis. 86 

More recently, Lockhoff et al. (2014) conducted a comparison between the daily precipitation 87 

data from the Global Precipitation Climatology Project (GPCP) and the European Daily High-88 

resolution Observational Gridded Dataset (E-OBS), suggesting a good agreement of 89 

climatologies (e.g., mean, frequency and intensity) and empirical frequency distributions. 90 

Similarly, Kidd et al. (2012) compared high-resolution precipitation products with radar and rain 91 

gauge observations in northwestern Europe. Also, Adeyewa and Nakamura (2003) compared 92 

rainfall estimations from the TRMM precipitation radar (PR), TRMM 3B43 and Global 93 

Precipitation Climatology Project (GPCP) satellite products over Africa, concluding that the 94 

TRMM 3B43 matches well with rainfall observations. Over the eastern Mediterranean, Feidas et 95 

http://www.amazon.com/s/ref=dp_byline_sr_book_1?ie=UTF8&field-author=V.+Levizzani&search-alias=books&text=V.+Levizzani&sort=relevancerank
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al. (2009) found good agreement between TRMM estimations and gauge measurement data on a 96 

seasonal time scale, with the best results found during autumn, summer and spring.   97 

TRMM products, which are available since early 1998, are one of the major sources of satellite 98 

retrieved precipitation, providing spatially homogeneous observations with good spatial coverage 99 

and few missing values (Huffman et al. 2007). The main advantage of the TRMM 3B42 100 

retrievals is that they incorporate multiple-sensor and multi-satellite data, in addition to in-situ 101 

based observations, allowing for more accurate and reliable precipitation estimates (Huffman and 102 

Bolvin, 2012). With the merits of multi-sensors calibration, quasi-global coverage, high spatial 103 

and temporal resolutions and low latency in availability, several studies have found TRMM to be 104 

superior to other available satellite-based products (see for example, Adeyewa and Nakamura, 105 

2003; Ebert et al., 2007; Huffman et al., 2007). To develop a consistent and robust global 106 

product, validation of satellite-based precipitation products is required over diverse regions and 107 

seasons to define and improve the quality of measurements and to accurately reveal 108 

climatological features. Over the Iberian Peninsula, relatively little work has been done to assess 109 

the accuracy of the TRMM products or to use these data for meteorological studies. In their 110 

assessment of the accuracy of satellite precipitation products over the Unites States, Europe and 111 

Australia, Ebert et al. (2007) found that the performance of a single product can significantly 112 

differ from one region to another. Therefore, validating TRMM products on a regional basis over 113 

the Iberian Peninsula is required to ensure confidence in product estimates.  114 

 115 

In this work, we focus on assessing the performance of the recent version of the TRMM 116 

precipitation product (3B42 V7) in north-eastern Iberia. From many perspectives, the north-117 

eastern region of the Iberian Peninsula offers a unique setting to assess the capabilities of TRMM 118 

at high spatial detail. First, the network of precipitation observatories in the region is one of the 119 

densest regional precipitation networks in the Iberian Peninsula, providing a representative areal 120 

means and allowing for a detailed and conventional assessment of precipitation products. 121 

Second, the region is characterized by complex terrain that exerts strong precipitation gradients, 122 

associated with different underlying microphysical and dynamical processes of climate. In 123 

addition, numerous studies have identified a wide range of large-scale drivers and rainfall 124 

phenomena associated with the high spatial-temporal variations of precipitation in the region, 125 

including orographic rain, convective processes and thunderstorm activities (e.g., Ramis et al., 126 

1997; Beguería et al., 2009; Lopez-Moreno et al., 2010). Finally, the north-eastern Iberian 127 
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Peninsula shows strong topographic gradients and large topographic diversity, containing 128 

mountains of more than 3400 m, four different mountain chains, semiarid depressions as a 129 

consequence of topographic barriers and the influence of two seas: the Atlantic Ocean and the 130 

Mediterranean Sea (El Kenawy et al., 2013). In areas of complex topography like north-east 131 

Iberia, strong scattering signals are likely to occur, whose effects can differ markedly depending 132 

on exposure and altitude, especially over cold land surfaces and snow-covered areas. Previous 133 

studies have already identified the poor performance of TRMM precipitation products over 134 

regions with very complex topography, particularly in tropical and mid-latitude mountain 135 

systems, such as the Andes (Zulkafli et al., 2014), the Himalaya (Shrestha et al., 2012) and the 136 

Ethiopian plateau (Hirpa et al., 2010).  137 

 138 

The major objective of this work is to assess the ability of the TRMM 3B42 (V7) precipitation 139 

product to accurately replicate precipitation variability and extremes using a dense and high-140 

quality rain gauge network in north-east Iberia. Considering the high spatial and temporal 141 

variability of precipitation in the region, such a comparison is useful not only for providing a 142 

better indication on the accuracy of the TRMM 3B42 across the whole domain, but also for 143 

improving their retrievals at this regional scale, offering a basis for better assessment of 144 

precipitation and related hydrological impacts across the region.  145 

 146 

2. Data and methods 147 

2.1. Study area 148 

The study domain is located in northeast Iberia between latitudes 39°43´N and 43°29´N and 149 

longitudes 05°01´W and 03°17´E. It covers an area of approximately 186.000 km2, which 150 

accounts for roughly 32% of the total area of the Iberian Peninsula (Figure 1). The topography 151 

varies from mountains with a maximum elevation of 3400 m above mean sea level (the 152 

Pyrenees), to the alluvial plains in the lower reaches of the Ebro basin, which is the largest 153 

hydrological division in the peninsula. The study domain encompasses a large variety of climate 154 

zones, including semi-arid, Mediterranean, oceanic, continental and mountainous. These climate 155 

zone variations derive mostly from weather system interactions associated with atmospheric 156 

circulation, latitude, altitude, topography, vegetation cover and land-sea interactions (Capel, 157 

2000). From a global perspective, the region encompasses a climatic gradient between mid-158 

latitude and subtropical regimes. It is also situated in a transitional zone where the Mediterranean 159 
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configurations and the Atlantic influences interact with each other. The mean annual rainfall in 160 

the region typically exceeds 650 mm (Cuadrat et al., 2004), with maximum precipitation 161 

recorded during the period from October to May, which provides about 60%–80% of the annual 162 

precipitation, with two main peaks in October and April. Seasonally, summer and winter 163 

contribute to nearly 16.9% and 23.1% of the annually averaged accumulated precipitation, 164 

respectively, compared with 27.9% in spring and 32.1% in autumn. The Pyrenees and the most 165 

elevated sites in other mountainous regions are covered with snow during winter and early 166 

spring. A detailed summary of the climate of the study domain can be found in Font-Tullot 167 

(1983) and Capel (2000).  168 

 169 

2.2. Data sets 170 

2.2.1. TRMM Precipitation dataset 171 

The TRMM was launched in 1997 as a collaborative project between the National Aeronautics 172 

and Space Administration (NASA) and the Japanese Aerospace Exploration Agency (JAXA) to 173 

monitor rainfall in the tropical area from 35°S to 35°N, with a revisit time of one day on average 174 

(Huffman et al. 2007). Here, we consider the rain rate data from the TRMM 3B42 product (V7), 175 

which was officially released in December 2012 to correct for defects present in the algorithms 176 

of earlier versions (V4 to V6) (Chen et al., 2013). The TRMM Microwave Image (TMI) land 177 

rainfall algorithm in the V7 products has several improvements over previous versions (Huffman 178 

and Bolvin, 2012). First, the relationship between rain rates and TMI 85-GHz brightness 179 

temperatures for convective and stratiform rain are generated using the combined TMI-PR data. 180 

Second, estimation of the ratio of convective rainfall to total rainfall significantly lowers the 181 

overestimation by TMI during the warm season. Third, TRMM V7 incorporates more 182 

observation datasets at different detection ranges, including the latest version of GPCC Full 183 

Analysis from 1998 to 2010, besides version 6 GPCC Monitoring Analysis. Finally, the TRMM 184 

V7 algorithm combines precipitation estimates from land surface rain gauge analyses, in addition 185 

to multiple satellite sensors and systems (e.g., TMI, Advanced Microwave Scanning Radiometer 186 

for Earth Observing Systems (AMSR-E), Special Sensor Microwave Imager (SSMI), Special 187 

Sensor Microwave Imager/Sounder (SSMIS), Advanced Microwave Sounding Unit (AMSU), 188 

Microwave Humidity Sounder (MHS) and microwave-adjusted merged geo-infrared (IR)) 189 

(Huffman and Bolvin, 2012). This combination makes the TRMM 3B42 V7 useful for 190 
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diagnosing precipitation relative to previous versions, which relied on a single sensor 191 

precipitation estimate.  192 

 193 

In this work, we used the daily version of the 3B42 precipitation product (in mm.day-1), which 194 

was aggregated from the 3-hourly product (mm.hr-1) and sampled at a 0.25-degree spatial 195 

resolution for a global belt extending from 50° S to 50° N. Our analyses were restricted to the 196 

period of overlap with rain gauge data (1 January 1998 through 31 December 2009). Further 197 

information on the TRMM mission and instruments can be found in Kummerow et al. (2000). 198 

Particular details and aspects related to the 3B42 V7 product can also be found via 199 

http://trmm.gsfc.nasa.gov/3b42.html. 200 

 201 

2.2.2. Gauge data 202 

To evaluate the performance of the TRMM 3B42 precipitation estimations, we exploit a very 203 

dense network of rain gauges covering the period from January 1998 through December 2009. 204 

The network incorporates a total of 656 observatories, with an average station-to-station distance 205 

of 5 km, making it ideally suited to evaluate the TRMM data. The raw daily precipitation data 206 

were provided by the Spanish Meteorological Agency (Agencia Estatal de Meteorologia, AEMT) 207 

and subjected to rigorous quality assessments and homogeneity testing. A complete description 208 

of the development of this data set can be found in Vicente-Serrano et al. (2010). Overall, the 209 

final data set features a complete data record (no missing values), free of anomalous data and 210 

inhomogeneities for the 12-year period. The spatial distribution of the rain gauge stations is 211 

shown in Figure 1.  212 

 213 

The network exceeds most of the requirements for robust assessment of precipitation estimates 214 

from the TRMM product. The precipitation data set is very dense over large parts of the region, 215 

making it useful for a detailed assessment of TRMM performance and minimizing any 216 

uncertainty associated with inadequate sampling. The main climate zones in the region (e.g., 217 

semi-arid, maritime, continental and mountainous) are also well-represented by the current 218 

network. However, in some less accessible regions (e.g., the Pyrenees), TRMM data may be 219 

useful as a “proxy” to in situ measurements, given the lower spatial density of observations. This 220 

is a prime example of where TRMM precipitation estimates may be of benefit for filling in 221 

spatial gaps in ground-based data, providing information on the interconnections between 222 

climate and hydrology in these areas. 223 
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To provide a detailed spatial assessment of the performance of TRMM 3B42, we divided the 224 

study domain into four main sub-regions (R1-R4). To achieve this classification, we first ranked 225 

all observatories according to their annual total precipitation. Then, the observatories were 226 

simply grouped according to their rank, so that R1 incorporated observatories whose average 227 

annual precipitation lies in the first quartile of the entire network (i.e., between Q1 and Q25), R2 228 

the second quartile (Q25-Q50) and so on for R3 (Q50-Q75) and R4 (Q75-Q100). This 229 

regionalization will serve as the basis for assessing the spatial performance of TRMM 3B42 data. 230 

Figure 2–a illustrates the spatial distribution of the four sub-regions, which are distinct and 231 

meaningful from a climatic and geographical perspective. The four sub-regions also correspond 232 

to well-defined climate regimes following Capel (2000). According to the classification, R1 233 

represents observatories with the least annual precipitation in the whole domain (< 400 mm. 234 

year-1), whereas the largest annual records are accounted for in R4 (750-2300 mm. year-1). R2 235 

and R3 include observatories with a median precipitation of about 400–750 mm. year-1. 236 

 237 

Figure 2-b clearly illustrates that the annual precipitation is strongly controlled by elevation, with 238 

the four sub-regions displaying their dependency on topography. R1 and R2 are generally 239 

situated in areas dominated by lower altitudes (average altitude=469 m for R1 and 689 m for 240 

R2), with the vast majority of R1 contained within the Ebro basin. R3 is located at the foothills 241 

of the high mountainous regions in the north of the study domain, while R4 is mostly situated in 242 

areas of complex topography to the north (e.g., the Pyrenees), with elevations as high as 2000-243 

3400 m. However, R4 also stretches to the west, including coastal areas along the Cantabric Sea.  244 

 245 

2.3. Validation procedure 246 

There are different sources of uncertainty in precipitation estimates from satellite-based products. 247 

The common sources of errors can generally be associated with data processing, discrete 248 

sampling, radiance measurements, retrieval algorithms and view of the sensors (Huffman et al., 249 

1997). Therefore, rainfall estimates obtained from the satellites should be validated against rain 250 

gauge observations in order to ensure their reliability. Here, we validated the daily data for each 251 

rain gauge individually against the specific TRMM pixel that contains it.  The validation using 252 

point-to-grid comparison was performed to limit the possible impacts of complex topography on 253 

the outputs of any interpolation algorithm. Moreover, the high spatiotemporal variability of 254 

precipitation within the study domain can further complicate the results of any interpolation 255 
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method at the daily time scale. A similar procedure has been followed in related investigations 256 

(e.g., Islam 2009; Heidinger et al. 2012).  257 

 258 

In this study, the validation statistics were computed on a daily scale for the 12-year period 259 

(1998-2009), and given, as: 260 
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264 

where N is the number of observations, O is the gauge-measured precipitation, P is the 265 

TRMM-derived precipitation, 𝑂𝑂�, 𝑃𝑃� are the mean of O and P, respectively, di is the difference 266 

between the ranks of corresponding values of precipitation, and N is the number of values in the 267 

data set, and i  is the counter for individual observed and TRMM values.  268 

 269 

The BIAS is an indicator of the sign of the prediction (i.e., overestimating/underestimating) and 270 

also the average difference between TRMM and observed values. In comparison, the MAE is a 271 

measure of how far the TRMM value is from the measured value, as it is simply calculated as the 272 

average of absolute difference errors. Generally, the TRMM product is considered perfect when 273 

the values of BIAS and MAE are close to zero. RMSE is related to the BIAS and the standard 274 

deviation of the differences between the records of the gauge and TRMM data, while the 275 

Spearman rho correlation coefficient is a measure of the temporal correlation between the two 276 

data sources. The validation statistics were calculated on a daily basis by comparing individual 277 

rain gauge data with TRMM rainfall estimates at specific grid boxes. 278 

 279 

While information on changes in the mean precipitation is important to understand the long-term 280 

variability of precipitation, monitoring changes in heavy precipitation events are relevant to 281 
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examining possible hydrological, economic and societal impacts of change and variability. In 282 

order to quantitatively examine the potential of TRMM 3B42 to reproduce the precipitation 283 

response at different ranges (thresholds), a set of categorical metrics were also calculated at a 284 

daily time step, including: the frequency bias index (FBI), false alarm ratio (FAR), probability of 285 

detection (POD) and threat score (TS) (Wilks, 1995). These statistics have been widely used in 286 

many works to measure the correspondence between the observed and estimated occurrence of 287 

rainy events using remotely sensed products (e.g., Su et al. 2008; Shrestha et al. 2012). Here, we 288 

defined six different categories (thresholds) that identify the capability of TRMM 3B42 to 289 

reproduce very light (<1 mm.day-1), light (1-5 mm.day-1), slightly moderate (5-10 mm.day-1), 290 

moderate (10-25 mm.day-1), heavy rain (25-50 mm.day-1) and extremely heavy rain (>50 291 

mm.day-1). For each daily precipitation threshold, we created a 2 × 2 contingency table (see 292 

Table I for an explanation of the structure of the 2 × 2 contingency table). Following the results 293 

of the contingency table for each precipitation threshold, we simply calculated the categorical 294 

metrics, as: 295 

 296 

ca
baFBI

+
+

=                                                                                                                               ... (5) 297 

ba
bFAR
+

=                                                                                                                              ... (6) 298 

ca
aPOD
+

=                                                                                                                             ... (7) 299 

cba
aTS
++

=                                                                                                                          ... (8) 300 

     301 

where a is the number of hits (i.e., observed rain events correctly detected), b is the 302 

number of false alarms (i.e., detectable rainfall events, but not observed), and c refers to the 303 

number of misses (i.e., observed rain events not detected by the TRMM).  304 

 305 

The FBI indicates whether the TRMM tends to underestimate (FBI<1) or overestimate (FBI>1) 306 

rain events, whereas the POD indicates the fraction of rain events that were correctly detected. 307 

The FAR considers all forecasts of rain, giving indication on the fraction of rain events that were 308 

incorrectly defined (i.e., TRMM overpasses registered concurrent rain, which did not occur in 309 

reality). The TS reveals the overall skill of the TRMM as it summarizes the ratio between the 310 



11 
 

number of hits and the total number of hits, misses and false alarms. Overall, a perfect agreement 311 

between observations and TRMM data occurs when FBI=1, FAR= 0, POD= 1 and TS= 1. 312 

 313 

3. Results 314 

3.1. Validation results 315 

In this work, we used the %BIAS, MAE, RMSE and Spearman rho coefficient as the standard 316 

statistical parameters to evaluate the performance of the TRMM 3B42 data across the study 317 

domain. The validation statistics were calculated by comparing rain gauge data with rainfall 318 

estimates at individual grid boxes on a daily scale. Figure 3 summarizes the results of the 319 

statistical indices averaged for each season. The seasons were defined as: winter (December-320 

January-February, DJF), spring (March-April-May, MAM), summer (June–July-August, JJA) 321 

and autumn (September-October-November, SON). As depicted, the TRMM 3B42 tends to 322 

overestimate the observed precipitation across the whole domain in most seasons. In particular, 323 

the %BIAS ranged from 12.8% (winter) to 29.7% (spring), with an annual average on the order 324 

of 18.7%. It should be noted that underestimation is a recurrent feature at the grid scale, with the 325 

TRMM 3B42 showing a negative bias in 40% of the grid cells in winter, compared with 18.2% 326 

in spring, 30% in autumn and 33.5% in summer. Figure 3 also shows the seasonal variations of 327 

the %BIAS for the four sub-regions. It is interesting to notice that the errors show a consistent 328 

trend, with a general overestimation in regions of low (R1) and moderate (R2 and R3) 329 

precipitation and underestimation in regions of higher precipitation (R4). In particular, the 330 

positive bias in R1 varied from 36.4% (winter) to 52.8% (spring), which is higher with respect to 331 

other regions. In contrast to all regions, a negative bias was apparent in R4, with a relative bias 332 

varying from -7.8% (summer) to -17.5% (winter) and almost near-to-zero values in spring.  333 

 334 

Figure 3 also details that the MAE over the domain as a whole varied from 1.61 mm.day-1 335 

(summer) to 2.78 mm.day-1 (spring), with an annual error of 2.46 mm.day-1. The best agreement 336 

was found in summer and winter, where the percent of grids showing MAE less than 2 mm.day-1 337 

were 77.4 and 48.6%, respectively. The least accurate results were shown in the most rainy 338 

seasons, with 78% (spring) and 75.5 % (autumn) of the grid boxes exceeding a daily error of 2 339 

mm. Similar to the %BIAS, the MAE errors showed a consistent trend, with the best results 340 

found in the least rainy regions (R1 and R2) and the poorest skill occurring in the heaviest 341 

rainfall region (R4). In R4, the MAE showed more variable performance, with values generally 342 
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above 4 mm.day-1 across most of seasons, suggesting a strong systematic error of precipitation 343 

estimation at higher elevations. The RMSE showed a similar pattern to the %BIAS and MAE, 344 

with the lowest errors (4.75 mm.day-1) found in summer and the maxima in spring (6.72 mm.day-345 
1) and autumn (7.56 mm.day-1).  346 

 347 

The Spearman rho correlation coefficients between TRMM 3B42 and rain gauge data for each 348 

season are also shown in Figure 3 and Table II. The seasonal values of rho coefficient were 349 

generally above 0.6 for all regions and most seasons, which is statistically significant at the 99% 350 

confidence level. In accordance with MAE and RMSE, the highest values of rho were found in 351 

the regions with lowest rainfall (R1and R2), compared with regions of higher rainfall (R3 and 352 

R4). As summarized in Table II, the highest values of rho occurred in R1 during summer (0.73), 353 

autumn (0.72) and winter (0.71). In contrast, the lowest correlation values were ascribed to R4, 354 

with values of 0.46 and 0.47 during spring and winter, respectively. As many climatic 355 

applications (e.g., precipitation and drought impact assessments) are more relevant to monthly 356 

and seasonal scales of climate data rather than daily scales, we provided a detailed evaluation of 357 

the temporal agreement between the TRMM 342 and in-situ data by calculating the rho 358 

coefficient on a monthly scale. Figure 4 suggests significant month-to-month variations of rho 359 

coefficients, with the highest values found in the period from June to September (0.68-0.72), and 360 

the lowest values in April (0.57), January and May (0.59). The rho coefficients were found more 361 

promising for R1 and R2 than for R3 and R4.   362 

 363 

The spatial distribution of the %BIAS was also examined and compared for all seasons, with 364 

results illustrated in Figure 5. For each season, the distribution of the %BIAS is quite 365 

homogeneous, with a clear contrast between the mainland (overestimation) and the coasts 366 

(underestimation). This contrast is particularly evident in winter and summer. A considerable 367 

overestimation in the central areas of the Ebro valley was also observed, particularly in spring 368 

and summer. Interestingly, all areas close to water bodies showed a negative bias for all seasons. 369 

For example, the %BIAS along the Cantabric Sea varied from -10% to -50% during winter, 370 

which is equivalent to -1.0 to -2.4 mm.day-1. The Mediterranean region also exhibited a negative 371 

bias in winter, but weaker than that of the Cantabric Sea (roughly 0 to -20%; or 0 to -0.4 372 

mm.day-1). Another interesting feature was found over the Pyrenees during springtime, where 373 

precipitation values were markedly overestimated (50-70%; 1.2-1.6 mm.day-1), implying that the 374 

TRMM 3B42 performs poorly in the Pyrenees during spring.  375 
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 376 

Figure 6 illustrates the spatial distribution of the RMSE (mm.day-1) for each season. Similar to 377 

the %BIAS, the TRMM 3B42 presents larger errors near to the coasts, particularly the Cantabric 378 

Sea, with values ranging between 8 and 15 mm.day-1. The lowest errors were observed in the 379 

central areas of the Ebro basin, with a clear south-north gradient and values ranging between 0-6 380 

mm.day-1. Lower RMSEs (0-2 mm.day-1) were observed in summer, where the highest RMSE 381 

values (> 7 mm.day-1) were restricted to a small number of grids in the northern parts of the 382 

study domain.  383 

 384 

3.2. Spatial and temporal distribution of precipitation  385 

In Figure 7, the mean seasonal precipitation from rain gauges is plotted against precipitation 386 

estimates from the TRMM 3B42 for the period from January 1998 to December 2009. The 387 

results reveal that seasonal precipitation sums provided by rain gauges were fairly well estimated 388 

by the TRMM 3B42. The best agreement was found in winter and autumn (r=0.84), whereas the 389 

poorest agreement occurred during spring (r=0.73). On average, the maximum departure between 390 

the seasonal cumulative rain gauge and TRMM 3B42 estimates was found during spring 391 

(19.4%), compared with 6.8% in winter, 7.1% in summer and 7.4% in autumn. The areal average 392 

annual rainfall measured by the TRMM 3B42 is 685.2 mm, which differs from the rain gauge 393 

data by 9.2%. As depicted, a general underestimation of annual sums was noted at sites with 394 

annual precipitation above 1000 mm, while overestimation was more evident for those locations 395 

with precipitation between 500 and 1000 mm.day-1. A similar pattern was observed in all 396 

seasons, but particularly in winter. This finding demonstrates the ability of the TRMM 3B42 to 397 

reproduce precipitation totals at observatories with lower precipitation than at those with 398 

moderate and higher precipitation: at least in this study region. The pattern was also confirmed 399 

for seasonally accumulated precipitation, as depicted in Figure 8. The number of rain gauges 400 

with high-order accumulated precipitation is markedly lower than those of corresponding 401 

TRMM 3B42 pixels. This finding is confirmed for winter and autumn that are opposite to spring 402 

and summer.   403 

 404 

Figure 9 illustrates the monthly regimes of accumulated precipitation estimated from the TRMM 405 

3B42 and rain gauge data. It can be seen that TRMM 3B42 precipitation data closely follow the 406 

observed annual cycle of area-averaged precipitation, with a clear bi-model response. In 407 

particular, two peaks were observed in all regions, with the first occurring in late spring (April-408 
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May) and the second in early autumn (September-October). In contrast, the minima typically 409 

corresponded to February and the summer months (June-August). At the regional scale, the best 410 

agreement was found for R1 (r=0.97), while the worst performance occurred in R4 (r=0.85). 411 

Previous investigations across the study domain showed that precipitation in the region is 412 

concentrated in the period from October to May, with double peaks occurring in April and 413 

October (e.g., Vicente-Serrano and Lopez-Moreno, 2006), which fits well with the patterns 414 

derived from the TRMM 3B42 precipitation product. 415 

 416 

3.3. Performance of TRMM 3B42 at different daily precipitation thresholds 417 

To examine the performance of the TRMM 3B42 product in reproducing the frequency of 418 

precipitation occurrence events at or above a particular precipitation threshold, a set of statistical 419 

skill scores (FBI, FAR, POD and TS) was computed. Figure 10 depicts the results of FAR, FBI, 420 

POD and TS scores for the domain and its sub-regions at different daily precipitation ranges. 421 

Overall, FBI values inform that TRMM 3B42 captured slightly moderate (5-10 mm.day-1) and 422 

moderate precipitation (10-25 mm.day-1) better than it did very light (<1 mm.day-1) and very 423 

heavy precipitation (>50 mm.day-1). The product poorly reproduced the occurrence of days with 424 

very light rain (<1 mm) in all regions and throughout the year, with a considerable 425 

overestimation in winter and autumn. TRMM 3B42 also tends to overestimate the frequency of 426 

light rain events in the range 1-5 mm.day-1 during winter and autumn, while it underestimated 427 

these in spring and summer. The results also suggest that there was a systematic underestimation 428 

of slightly moderate and moderate precipitation occurrence (5-25 mm.day-1) in all seasons and 429 

regions. Interestingly, the occurrence of very heavy events (>50 mm.day-1) were markedly over-430 

predicted during the warm seasons (summer and autumn), whereas they were under-predicted in 431 

the cold seasons (winter and spring). Spatially, R4 showed less predictability of precipitation 432 

occurrence at all thresholds, compared with other regions. For example, the FBI values 433 

corresponding to the threshold higher than 50 mm.day-1 in R4 were 2.2 in summer and 2.1 in 434 

autumn, which are far from the ideal value of 1.  435 

 436 

Figure 10 also presents variations of FAR values as a function of the precipitation threshold. 437 

FAR values showed a V-shaped trend, with the worst performance found for light and heavy rain 438 

thresholds. In contrast, TRMM 3B42 performed well for the occurrence of moderate rainfall 439 

events in the range 5-25 mm.day-1, with values close to 0.6. The sharp increase in FAR values 440 

for thresholds below 1 mm.day-1 and above 50 mm.day-1 suggests that TRMM 3B42 was less 441 
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skillful in correctly capturing the frequency and magnitude of light and heavy rain events. This 442 

response was evident for all seasons, with some significant regional differences, where TRMM 443 

3B42 showed the best performance for R1 and the worst for R4. Similar to the FAR, the POD 444 

and TS values indicate that the performance of the TRMM 3B42 consistently degrades for lower 445 

and upper precipitation thresholds. The distribution of PODs shows that the fraction of 446 

precipitation occurrences during very light rain days (<1 mm.day-1) was inadequately detected, 447 

with values close to zero in most seasons. The four regions also had an equivalent performance, 448 

with the lowest POD and TS scores for the precipitation thresholds up to 1 mm.day-1. On the 449 

contrary, the values rapidly increased for the moderate thresholds, indicating a significant 450 

improvement in TRMM 3B42 detection skills. Again, the values dropped sharply for heavy and 451 

very heavy rain events, with values near to 0 (no skill).  452 

 453 

Overall, the detectability of the TRMM 3B42 for precipitation occurrence and precipitation 454 

amount was generally reasonable. The TRMM 3B42 can correctly identify the moderate rain 455 

events (low FAR and high POD and FAR), but fails to capture the light and intense rain events 456 

(high FAR and low POD and FAR). This finding is important from a hydrological perspective, 457 

as high rainfall ranges (>25 mm.day-1) significantly contribute to the total precipitation and can 458 

thus have severe natural and socioeconomic impacts on both the physical and human 459 

environments (e.g., flooding, soil erosion, human mortalities and crop losses).  460 

 461 

Figure 11 illustrates the fraction of days corresponding to each precipitation threshold, as derived 462 

from the TRMM 3B42 compared to rain gauge data. As illustrated, the non-rainy days had the 463 

largest occurrence year round in both TRMM 3B42 and ground measurements, with the fraction 464 

of non-rainy days well captured by the TRMM 3B42 product. On average, the non-rainy days 465 

accounted for as much as 76.2% of the total days in rain gauge data, compared with 76.4% in the 466 

TRMM 3B42 estimates. However, the TRMM 3B42 tended to underestimate the fraction of dry 467 

days in the least rainy region (R1), while it overestimated those in the rainiest region (R4). In R4, 468 

non-rainy days occurred over 69.7% of days per year, as suggested by the TRMM 3B42, 469 

compared with 64.1% of days in the observed data. The occurrence of precipitation ranges higher 470 

than 5 mm.day-1 in the TRMM 3B42 was higher than those from rain gauges in all regions. 471 

Again, the only exception corresponded to R4, which exhibited underestimation in the 5-10 and 472 

10-25 mm.day-1 thresholds. As illustrated in Figure 11, both the rain gauge and TRMM 3B42 473 

estimates suggest the precipitation threshold (1-5 mm.day-1) as the most frequent among all 474 
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precipitation ranges, contributing to 8.4% and 9.5% of the total days, respectively. As expected, 475 

days with rain rate higher than 50 mm.day-1 showed the least frequency of occurrence, 476 

contributing to only 0.19% (gauge) and 0.18% (TRMM 3B42) of the total days.  477 

 478 

Figure 12 summarizes the relative contribution of each precipitation range to the annual 479 

accumulated precipitation using TRMM 3B42 and observed data. Interestingly, in contrast to the 480 

regional differences defined for the occurrence of rain events in Figure 11, TRMM 3B42 tended 481 

to underestimate the contribution of light rain events, whereas it overestimated the contribution 482 

of moderate and high rain thresholds. More specifically, for all precipitation ranges below 10 483 

mm.day-1, TRMM 3B42 underestimated their relative contribution to the annual accumulated 484 

precipitation, compared with ground measurements. One representative example is the days with 485 

rain rate of 1-5 mm.day-1, whose frequency of occurrence was generally higher for TRMM 3B42 486 

than for the rain gauge (Figure 11). In contrast, the relative contribution of these days to the total 487 

precipitation amounts was markedly under-predicted by TRMM 3B42, with significant and 488 

systematic differences between the four regions. This picture is reversed for the precipitation 489 

ranges between 10 and 50 mm.day-1 (i.e., moderate and high events), with an overestimation of 490 

their contribution to the annual total in all regions than in observations. This systematic 491 

overestimation, particularly during the days of rain rate above 25 mm.day-1, may explain the 492 

warm bias found in the study domain in most seasons. As illustrated in Figure 12, days with 493 

precipitation range below 1 mm contributed to approximately 0.8-1.5% of the total observed 494 

precipitation, which compared well with TRMM 3B42 (0.7-1.5%). Over higher rainfall regions 495 

(R3 and R4), the contribution of light rain to total precipitation was meaningless (less than 496 

0.5%). In the same context, around 37.8% (gauge) and 38.2% (TRMM 3B42) of the precipitation 497 

amounts were allocated to days with rain intensity of 10-25 mm.day-1. Although the high rainfall 498 

range (>50 mm.day-1) had a very small frequency, with average of occurrence less than 0.5% of 499 

the total days for both TRMM 3B42 and rain gauge (Figure 11), their contributions to the total 500 

rainfall were as high as 4-8% for both. 501 

 502 

4. Discussion 503 

This study provides a detailed evaluation of the performance of TRMM 3B42 (V7) precipitation 504 

estimates through comparison with observations derived from a dense network of rain gauges 505 

(656 stations) over NE Iberia. Based on 12 years (1998-2009) of data, the performance of the 506 
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TRMM 3B42 was assessed by directly comparing rain gauge and TRMM 3B42 data using a set 507 

of accuracy statistics, including the BIAS, MAE, RMSE and Spearman rho correlation. 508 

 509 

4.1. Seasonal variations 510 

Examining the statistical results of the accuracy indicators and their seasonal differences 511 

indicates that the skill of the TRMM 3B42 estimates is seasonally dependent, with better 512 

performance observed in summer and winter than in spring and autumn. In the study domain, 513 

winters are generally characterized by the passage of depressions associated with the polar front, 514 

which generally exhibits low precipitation intensity, but with a wide horizontal spread (Beguería 515 

et al., 2009). In summer, the contributions from convective systems are very important in the 516 

total precipitation across the region, accounting for more intense, less frequent rain, with small 517 

spatial coverage (Martín-Vide and Olcina, 2001). Unlike winter and summer, precipitation 518 

patterns in spring and autumn are different as mixed types of precipitation are likely to occur, 519 

especially at the beginning of each season, where local factors (e.g., convective activity) and 520 

synoptic patterns can interact with each other and also with sea surface temperature in the 521 

Mediterranean region (Ramis et al., 1997). For this reason, it might be expected that an area 522 

occupied by either cold or warm cloud during spring and autumn will not be correctly detected 523 

by the infrared-based precipitation algorithms in a way similar to those of winter and summer. In 524 

their study over the Mediterranean region, Feidas et al. (2008) found that the infrared sensors 525 

showed good skill in reproducing precipitation during the summer season (Pearson’s r=0.9). 526 

Feidas et al. attributed this behavior to the convective type of precipitation in summer, which can 527 

be well defined by the infrared based precipitation algorithms, especially with the absence of 528 

snow and cold air masses in the Mediterranean region during the summertime. The same finding 529 

has also been observed using thermal infrared NOAA-AVHRR data over the Iberian Peninsula 530 

(Tarruella and Jorge, 2003). The good agreement between rain gauge and TRMM 3B42 during 531 

summer can also be seen in the context that this version (V7) of the TRMM precipitation 532 

estimates has markedly improved compared to previous versions in terms of the better estimation 533 

of the ratio of convective rainfall to total rainfall (Huffman and Bolvin, 2012; Chen et al., 2013).  534 

 535 

4.2. Spatial variations 536 

The analysis indicated that the TRMM 3B42 tended to overestimate precipitation in the study 537 

domain. The only exception was found in the most elevated region (R4), which exhibited an 538 
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overall underestimation across most seasons. The general over-prediction against rain gauge data 539 

agrees well with the findings of many previous studies worldwide (e.g., Jobard et al. 2011; 540 

Liechti et al. 2012; Yin et al. 2008). For example, Bolvin et al. (2009) reported an overestimation 541 

of the mean precipitation in southern Finland, with a relative bias of 89% during winter. TRMM 542 

3B42 also overestimated rainfall over the Zambezi River Basin (Liechti et al. 2012) and the 543 

Tibetan Plateau (Yin et al. 2008). One possible reason for the overestimation of the magnitude of 544 

seasonal and annual precipitation in our domain can be seen in the context that TRMM 545 

precipitation is retrieved from microwave and infrared sensors, which observe cloud information 546 

at upper levels rather than actual precipitation near the surface. Accordingly, a fraction of the 547 

estimated precipitation might be expected to evaporate before reaching the ground, or not reach 548 

the ground at all, resulting in precipitation overestimation (Rozante and Cavalcanti 2008). In 549 

areas of complex topography, knowledge of the distance between the cloud top and the Earth’s 550 

surface is essential for an accurate infrared retrieval of precipitation amount. This is mainly 551 

because this distance can significantly affect the amount of evaporation below the cloud base 552 

(Liu and Zipser, 2013). For this reason, it might be necessary to develop a regionally specific 553 

version of Z-R relationships over the domain rather than using the global version of TRMM 554 

3B42. 555 

 556 

A more detailed inspection of the spatial performance of the TRMM 3B42 suggests that it 557 

performs well in locations with lower precipitation (R1 and R2) than in regions with high 558 

precipitation (R3 and R4), particularly during the cold season. Given that complex topography 559 

exerts strong controls on regional precipitation in the study area, this finding suggests that the 560 

capacity of using TRMM 3B42 to explain precipitation regimes decreases significantly with 561 

altitude. Over the Southern Appalachian Mountain (USA), Duan et al. (2014) found that the 562 

TRMM 3B42 product underestimated rainfall in orographic areas, whereas it largely 563 

overestimated it in the valleys and over flat areas. Similarly, Zulkafli et al. (2014) found that the 564 

TRMM 3B42 tended to underestimate precipitation in the Andes (northern Peru). In our domain, 565 

this finding is interesting from a hydrological perspective, as the rivers originating in the 566 

Pyrenees have their maximum flow during spring, contributing to nearly 72% of the discharge of 567 

the Ebro, the largest river in the Iberian Peninsula (Lopez-Moreno et al., 2004; 2008). R1 and R2 568 

are generally situated in areas with lower precipitation, but also over plain altitudes (less than 50 569 

m). The majority of these regions are located within the Ebro depression or in some plateaus 570 

associated with moderately elevated areas to the west and southwest (refers to Figure 1). 571 
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Accordingly, estimation of precipitation from these open surfaces using microwave sensors is 572 

expected to be more accurate than in high and very complex regions. Over complex mountainous 573 

regions (R4), the TRMM 3B42 generally failed to adequately reproduce precipitation 574 

characteristics. In these areas, snowfall events can occur and snow cover can persist for a few 575 

days (Lopez Moreno et al., 2008). The behavior of the TRMM 3B42 in this region could 576 

therefore be attributed to the surface snow screening procedure embedded in the TRMM 3B42, 577 

particularly during winter and early spring. In particular, snow-covered surfaces cause strong 578 

scattering, which limits the ability of microwave algorithms to correctly define scatter signals 579 

over land (Huffman and Bolvin, 2008; Hirpa et al., 2010). Ferraro et al. (1998) confirmed the 580 

dependency of microwave brightness temperature signals for precipitation estimates on surface 581 

type, indicating that different surface types can lead to complex interactions of Earth emitted 582 

microwave radiation, which complicates the interpretation of the measured microwave signal. 583 

Hirpa et al. (2010) indicated that the passive microwave sensors largely fail to discriminate 584 

frozen and surface snow and could even incorrectly classify them as rain clouds. More recently, 585 

Stampoulis and Anagnostou (2012) linked errors of microwave sensors and their ability to solve 586 

surface snow/ice contamination in the cold season.  587 

 588 

It should be noted that R3 also includes areas of complex terrain like R4, with an average altitude 589 

of approximately 718 m, compared to 877 m for R4. Interestingly, the validation results suggest 590 

better performance for R3 and even comparable findings to R1 and R2 in some cases (refer to 591 

Figure 3).  For example, the average rho coefficients for R3 during winter (0.61), spring (0.60), 592 

summer (0.71) and autumn (0.66) were comparable to those of R2, with 0.66 (winter), 0.64 593 

(spring), 0.73  (summer) and 0.69 (autumn). These differences can be explained by the fact that 594 

the terrain ranges of R4 (e.g., the Pyrenees) are mostly located on the windward side of the 595 

westerly and northerly advections, which contribute to more frequent and intense rainfall events 596 

(Beguería et al., 2009). In contrast, R3 is located at the foothills of the more complex terrain in 597 

R4, with portions of the ranges located in the leeward slopes. Nicholson et al. (2003) found 598 

significant differences in the performance of TMPA-7RT between windward and leeward 599 

regions over West Africa. Another possible reason is that the distribution of precipitation in the 600 

regions of complex terrain (i.e., R3 and R4) is highly variable over space and time and therefore 601 

the performance of the TRMM 3B42 at specific locations is very sensitive to the altitude, slope 602 

and exposure of these sites (Mätzler and Standley, 2000). Taken together, these spatial 603 
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differences suggest that the impact of the topography on the skill of the TRMM 3B42 is not 604 

significant everywhere in the study domain. 605 

 606 

Our results also reveal relatively poor agreement between rain gauge and TRMM 3B42 in coastal 607 

areas compared to inland regions, suggesting that the TRMM 3B42 does not capture the coastal 608 

effect. These spatial variations may be linked to the contamination of the signal in coastal areas. 609 

In particular, the coastal areas in our domain are located between either the Mediterranean or the 610 

Cantabric Sea and the mountain ranges (e.g., Catalan chain along the Mediterranean and the 611 

Cantabric system along the Cantabric Sea). The joint impact of the sea and mountains can likely 612 

induce a failure of the sensor to discriminate between land and water pixels. This behavior is 613 

more likely to be expected in the areas where the coastal mountains closely approach the sea, 614 

leading to narrow coastlines (e.g., the Cantabric coastline). In the same context, the TRMM 615 

3B42 grid boxes over land, which are available at a spatial resolution of 25 km, may partially 616 

incorporate portions of the neighboring water body. These maritime portions are not represented 617 

by rain gauges and the grid average precipitation can accordingly be different from that of the 618 

gauge data. In their assessment of the performance of the TRMM-3B43 precipitation product 619 

over Kyrgyzstan, Karaseva et al. (2012) noted that the TRMM-3B43 showed the lowest 620 

correlation with rain gauge data in maritime areas (Pearson’s r=0.17-0.19), compared with inland 621 

regions (Pearson’s r=0.36-0.88). 622 

 623 

4.3. Performance of precipitation extremes 624 

TRMM 3B42 was evaluated in terms of categorical performance by using different daily 625 

precipitation thresholds. The FBI values for very light rain events (<1 mm.day-1) were far from 626 

the perfect value, indicating that there was a higher degree of disagreement between rain gauges 627 

and TRMM 3B42 in terms of their capability of reproducing the occurrence of precipitation 628 

during light rain events. In contrast, the FBI suggested an underestimation of precipitation 629 

occurrence during moderate (5-25 mm.day-1) rain events. Higher precipitation ranges (>25 630 

mm.day-1) showed a contradictory trend as the FBI values suggested an underestimation of these 631 

events during the cold season (winter and spring), whereas they were overestimated in the warm 632 

season (summer and autumn). In accordance with FBI results, other skill metrics (e.g., FAR, 633 

POD and TS) also agree that the TRMM 3B42 showed a near perfect skill for predicting 634 

moderate rain events, while it had difficulties in accurately estimating both light and heavy 635 

rainfall events. The poor performance of the TRMM 3B42 in correctly detecting light and high 636 

http://adsabs.harvard.edu/cgi-bin/author_form?author=Karaseva,+M&fullauthor=Karaseva,%20Marina%20O.&charset=ISO-8859-1&db_key=PHY
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rainfall events was also reported by Prakash et al. (2012) in the north Indian Ocean and by 637 

Chokngamwong and Chiu (2008) in Thailand. For example, Prakash and Gairola (2014) found 638 

that the major differences between TRMM estimates and buoy gauge over the tropical Indian 639 

Ocean were found during days of very light precipitation rate (< 0.5 mm.day-1) and higher 640 

precipitation rates (> 100 mm.day-1). Huffman et al. (2007) also reported that the TRMM multi-641 

satellite precipitation estimates show low skill in correctly specifying light daily rainfall events. 642 

Similarly, Habib et al. (2009) showed a considerable overestimation of lower precipitation rates 643 

and underestimation of higher precipitation rates by TRMM in the southern US. 644 

 645 

In the study domain, anticyclonic conditions are among the most frequent weather types during 646 

winter, representing almost 37% of the winter total days (Vicente-Serrano and Lopez-Moreno, 647 

2006). Therefore, it might be expected that the occurrence of intense rain events will be 648 

underestimated during these anticyclonic days as a consequence of the dominance of stable cold 649 

air masses. Considering that most of the heavy rainfall events will be characterized at small 650 

spatial scales, the underestimation of heavy events by TRMM 3B42 can be explained by the 651 

inadequate sampling of the microwave sensors over time, which can result in missing these very 652 

local and short-duration rain events. The TRMM 3B42 spatial resolution (25 km) is probably 653 

inadequate to reproduce local summer extreme precipitation events. The nature of precipitation 654 

data might also be another possible explanation of the negative bias of extreme events as the 655 

spatial average of heavy events derived from the TRMM 3B42 can be different from that of the 656 

observed data. This is simply because rain gauge data were provided at a point scale, whereas 657 

TRMM 3B42 data were compiled as grids with a spatial interval of 25 km. These differences 658 

might be explained by inherent scale effects, which constrain direct comparison between the 659 

point-based station estimates and the TRMM grid outputs. Over the study domain, real-world 660 

boundary conditions (e.g., topography, leeside effects and land use/cover changes) may vary 661 

over short distances, particularly in mountainous areas. Incorporating such small scale changes 662 

and features into TRMM estimates (0.25º by 0.25º pixels) remains a challenge. In contrast to 663 

wintertime, the overestimation of the occurrence of high rain events during summer can be seen 664 

in the context that summer precipitation is mostly associated with convective activity that 665 

exhibits a strong updraft and accordingly a large canopy of colder cloud top temperatures 666 

(Goodman et al., 1988). Given that infrared techniques assume that colder cloud-top 667 

temperatures are always associated with higher rain rates, heavy precipitation events during 668 

summer are more likely to be over-predicted by these techniques. 669 
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5. Conclusions 670 

An evaluation of the capabilities of the TRMM 3B42 estimates to reproduce the spatial and 671 

temporal characteristics of observed precipitation in north-eastern Iberia, a region characterized 672 

by heterogeneous terrain, was undertaken. A total of 12 years of data (1998-2009) from a high-673 

density network of rain gauges was employed for the evaluation purpose. The assessment was 674 

conducted on a daily basis and considered four sub-regions, which display different and distinct 675 

precipitation regimes. The %BIAS, MAE, RMSE and Spearman rho correlation coefficient were 676 

derived for the TRMM 3B42 with respect to in-situ rain gauge data. The results indicated that the 677 

performance of the TRMM 3B42 is seasonally dependent, with the best results identified in 678 

winter and summer rather than in spring and autumn. The comparison of daily data between 679 

observations and TRMM 3B42 data yielded reasonable results, with an overall bias of 18.7%.  680 

The MAE was found to be less than 2.5 mm.day-1, whereas the RMSE was 6.4 mm.day-1. 681 

Spatially, the TRMM 3B42 showed better skill in regions with less precipitation and low altitude 682 

(e.g., the Ebro valley), whereas the skill deteriorated along the coastal areas (e.g., the Cantabric 683 

region) and in regions of complex terrain (e.g., the Pyrenees).  684 

 685 

A set of skill metrics were also used to evaluate the ability of the TRMM 3B42 to reproduce the 686 

occurrence of precipitation at different daily precipitation thresholds. All statistics for daily 687 

precipitation agree that the TRMM 3B42 shows reasonable skill for moderate precipitation (5-25 688 

mm.day-1), but they sharply decrease at very low (<1 mm.day-1) and upper (more than 50 689 

mm.day-1) thresholds. Similarly, TRMM 3B42 underestimated rainfall rates during high 690 

precipitation events, whereas it overestimated rainfall during light precipitation events. The 691 

performance of the TRMM 3B42 was reversed for the occurrence frequency, with an 692 

overestimation of high rain events and an underestimation of light rain events.  693 

 694 

The use of a dense network of precipitation measurements contributes significantly to a detailed 695 

regional assessment of the performance of the TRMM 3B42 product in the study domain. In 696 

general, the results demonstrate that the TRMM precipitation product shows good agreement 697 

with gauge data in inland regions and in areas of low altitude. Nonetheless, the results also 698 

confirm the limitations of the TRMM 3B42 precipitation estimates in regions of complex 699 

topography. In this regard, other space-based products (e.g., PERSIANN and CMORPH) could 700 

be a venue for future research to assess their performance, particularly in response to topography 701 
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and distance to surrounding water bodies across the study domain. Overall, this work highlights 702 

the need for improving the algorithms of the TRMM precipitation estimation over areas of 703 

heterogeneous terrain in order to better represent medium and high precipitation events. Such 704 

improvements are likely to enhance hydrological and meteorological applications in the region, 705 

including hydrological modeling, drought assessment, flood forecasting and an examination of 706 

the observed impacts of changes in hydroclimatology. 707 
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Table I: The structure of the 2 × 2 contingency table summarizing the agreement between 936 
rain gauge and TRMM data sets for each precipitation threshold. 937 
 938 
    Rain gauge 

 
  a b 
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c Yes “hits” Yes “misses” 

d No “false alarms” No “correct negatives” 
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Table II. Spearman rho correlation coefficients calculated between rain gauge and TRMM 966 
3B42 data. 967 
  DJF MAM JJA SON 
R1 0.71 0.66 0.73 0.72 
R2 0.66 0.64 0.73 0.69 
R3 0.61 0.60 0.71 0.66 
R4 0.47 0.46 0.60 0.54 
All domain 0.61 0.59 0.69 0.65 
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 988 

Figure 1: The spatial distribution of the 656 rain gauges and topography of the study 989 
domain. The Ebro basin is outlined by the bold line. 990 
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 1003 
 1004 
Figure 2: (a) Spatial distribution and boundaries of the four main sub-regions and (b) the 1005 
differences between the sub-regions as a function of the annual total rainfall and average 1006 
altitude.  1007 
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 1024 

Figure 3: Results of the different validation estimators for each sub-region and for the 1025 
whole domain. In the box plots, the central black line indicates the median, whereas the 1026 
central blue line refers to the mean. The horizontal lines of each plotted box plot illustrate 1027 
the 10th, 25th, 75th and 90th percentiles, respectively. The dashed line in the upper panels 1028 
indicates no differences between observed and TRMM data. 1029 
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 1048 
Figure 4: Monthly variations of Spearman rho coefficient averaged for each sub-region and 1049 
for the whole domain.  1050 
 1051 
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Figure 5: Spatial distribution of the %BIAS averaged for the period 1998-2009.  1064 
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Figure 6: Spatial distribution of the RMSE (mm.day-1) averaged for the period 1998-2009. 1080 
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 1097 

Figure 7: Scatter plots showing mean seasonal and annual accumulated precipitation (mm) 1098 
of rain gauges versus TRMM 3B42 data. Pearson correlation coefficient is also provided 1099 
for each season. 1100 
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 1116 

Figure 8: Cumulative frequency plot for seasonal accumulated precipitation using rain 1117 
gauge and TRMM 3B42 data. The vertical blue line indicates the threshold at which the 1118 
count of rain gauges showed a reverse behavior compared to TRMM 3B42. 1119 
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 1133 

Figure 9: Mean annual cycle of precipitation derived from the TRMM 3B42 versus rain 1134 
gauge data. Pearson correlation coefficient is also provided for each region. 1135 
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 1154 

Figure 10: Seasonal and annual results of the different skill metrics for different daily 1155 
rainfall thresholds. All of these indicators are averaged for each sub-region as well as the 1156 
whole domain.  The red line of the FBI panels indicates a perfect skill.  1157 
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 1158 
 1159 
Figure 11: Relative contributions (%) of the frequency of occurrence of days at different 1160 
thresholds using gauge (green) and TRMM 3B42 (red) data.  1161 
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 1180 
 1181 
Figure 12: Relative contributions (%) of daily precipitation to the total precipitation at 1182 
different thresholds using gauge (green) and TRMM 3B42 (red) data.  1183 
 1184 
 1185 
 1186 
 1187 
 1188 
 1189 
 1190 
 1191 
 1192 
 1193 
 1194 
 1195 
 1196 
 1197 
 1198 
 1199 
 1200 
 1201 
 1202 
 1203 
 1204 
 1205 
 1206 
 1207 
 1208 
 1209 
 1210 


