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ABSTRACT 

In the context of the SERVIR-Africa project, the SERVIR Arizona Team is 

developing streamflow forecast systems on African basins using Satellite Precipitation 

Products (SPP) to drive the models. These products have errors that need to be addressed 

before using them to drive hydrologic models. 

An analysis of the errors of the Satellite Precipitation Products TMPA-3B42RT, 

CMORPH, and PERSIANN over Africa is presented, followed by bias correction and 

error reduction methods to improve the remote sensed estimates. The GPCP 1-degree-day 

reanalysis product was used as the rainfall truth dataset. The Bias Correction Spatial 

Downscaling (BCSD) method developed by Wood et al., was used successfully to reduce 

the errors of SPP. 

The original and bias corrected estimates from the three SPP are used to calibrate 

and simulate three catchments of the Senegal River basin using HYMOD, finding that the 

use of bias corrected estimates produces a significant improvement in streamflow 

simulation. 
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1 INTRODUCTION 

The SERVIR Africa Program “integrates satellite observations and predictive 

models with other geographical information (sensor and field-based) to monitor and 

forecast ecological changes and respond to natural disasters
1
”. In the context of this 

program, the SERVIR Africa Arizona Team Project is developing near real time 

streamflow forecast systems on the Senegal, Tekeze, Mara and Zambezi basins. Satellite 

precipitation products are being preferred to drive these models because of the scarcity of 

ground based real time precipitation measurements in Africa, but satellite precipitation 

products may have significant errors that need to be addressed in order to derive 

streamflow forecasts. From the literature it was found that the errors of satellite products 

can vary significantly between different spatial and temporal aggregation schemes, and 

their performance is dependent of the rainfall regime and topography. The objective of 

this study is to estimate the errors of three different satellite precipitation products over 

Africa, and to address the complexity and heterogeneity of a whole continent the problem 

needs to be divided in simpler problems. That division was made on the base of different 

latitudinal bands, climatic classification regions and topography. Also, the year was 

divided in four seasons of three months each. With this division, the research questions 

were posed: 

 Are the errors dependent of latitude, topography, climate classification, or season? 

 Can we reduce the error using bias correction methods or model averaging? 

                                                 
1
 SERVIR Africa webpage: www.servirglobal.net/Africa.aspx 
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 Do the corrected precipitation estimates improve the subsequent hydrologic 

simulations? 

The body of this thesis is divided in: (1) an introduction, (2) a literature review of the 

main remotely sensed rainfall products, their errors and how to merge estimates from 

different sensors, and evaluation of alternative methods for bias correction, (3) the 

methodology used is explained, and (4) the results obtained. Finally, a discussion and 

conclusions of the results are presented. 
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2 LITERATURE REVIEW 

2.1 Rainfall Measurement 

Rainfall measurement is an activity of critical importance for hydrology. 

Information about precipitation is required for flood alert, operational management of 

hydraulic systems, water resources availability assessment, hydraulic infrastructure 

design, and many other applications. Historically, rainfall has been measured with rain 

gauges, inexpensive and simple, but very reliable instruments that provide a direct 

measurement. Nevertheless, rainfall is a hydrologic variable with significant spatial and 

temporal heterogeneity that is difficult to capture with point measurements. Hydrologic 

applications that use rainfall as an input require a spatial and temporally averaged value, 

and because rain gauges are point measurements, they are sensible to random sampling 

errors because of the nature of rainfall, and systematic errors because of its location 

(Shuttleworth, 2012). Also, rain gauges are installed mostly on places with easy access, 

so they tend to be in towns, roads, and infrastructure, which in turn, aren’t likely to be 

located in zones with complex topography, deserts, forests, jungle, and other places with 

difficult access, and certainly not over the ocean. 

The Precipitation Radar (PR) has been an important advance for the precipitation 

estimation because it delivers real time data over an extensive area around the sensor, and 

their smallest subdivisions are areal averages instead of point measurements. However, 

the PR estimates are imprecise because their sensibility to the parameters of the intensity-

reflectivity curve (R-Z relation) which can change from storm to storm, requiring 

continuous recalibration of the sensors (Shuttleworth, 2012). The PR has a detection 
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range of about 200 km. that may be reduced by relief shadowed zones. Note that only a 

few countries in the world have precipitation radars, either for economic or technical 

feasibility reasons. 

The Satellite Precipitation Products estimates (SPP) goes a step further ahead of 

the PR, covering vast areas of the Earth surface, land and ocean, where rainfall 

measurements are scarce or inexistent. Even in regions with adequate rain gauge and 

radar coverage, SPP can deliver data about zones unreachable by the former methods. 

However, this comparative advantage is offset by the intrinsically indirect nature of the 

SPP estimates, which induces important errors, whose quantification is often difficult due 

to the impossibility to correctly measure the “ground truth”, and that has a high 

variability in space. 

2.2 Satellite Precipitation Products estimation strategies 

SPPs can be classified according to the remote sensors on which the precipitation 

estimation is based. The algorithms use sensors in the visible and infrared spectrum 

(VIS/IR), and in the microwave spectrum (MW). The most successful algorithms take the 

advantages of each one and use a combination of both kinds of sensors. 

2.2.1 VIS/IR based estimates 

The techniques based on IR channels take advantage of the fact that the 

precipitation is strongly associated to more extensive and thick clouds, with a higher, and 

in consequence, colder top. By observing the cloud top temperature, it is possible to give 

an estimate of the rain occurring below the cloud. As an example, the GOES Precipitation 
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Index (GPI) counts the fraction of pixels in a region where cloud top temperature is less 

than a threshold T0. This fraction is multiplied by a constant precipitation intensity Ro, to 

give an estimate of the rainfall in that region (Petty & Krajewski, 1996). Additional 

information in the near infrared and visible spectrum can be used to discern between 

clouds with low cloud top temperatures, but that are not associated with rainfall, like thin 

and high clouds that look “smooth”, instead of the clumpy texture of thick clouds with 

internal upwelling. Figure 2-1 shows an example of the results of the GPI algorithm for 

monthly precipitation detected by the Kalpana-1 satellite over India. This monthly 

rainfall has a correlation coefficient of 0.61between the IR algorithm and the GPCC 

reference dataset, and a bias of -12%.  

 

Figure 2-1: Comparison of monthly rainfall between GPCC and GPI algorithm (Prakash et 

al. 2011) 

 

IR/VIS sensors are installed in all the operational meteorological satellites that are 

located on geostationary orbits. These satellites are stationed at about 35,800 km above 

specific points on the Equator, giving them a field of one third of the Earth permanently. 
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The data collected has a spatial resolution of 4 km that can be retrieved from 30 minutes 

to up to 1 minute, with a tradeoff of area covered. 

2.2.2 MW based estimates 

VIR/IR base methods have the disadvantage that they are based on the cloud top 

temperature measurement, whose relation with rainfall is empirical and indirect. In the 

case of MW radiation, the main sources of attenuation in the atmosphere are the 

hydrometeors. This allows penetrating the cloud and extracting data about the structure of 

the precipitation. In the MW spectrum, the oceans look uniformly cold, and over them, 

the precipitation particles are highlighted with the radiation absorbed and reemitted at 

their own temperature. This effect is used by the emission based algorithms (Kiddet al., 

2009; Kummerow et al., 1996). The surface over the continents has an emissivity much 

higher than over the ocean, preventing the detection of the subtle increase in emission by 

precipitation particles. For these cases, other types or algorithms are used, based on the 

scatter of microwaves in the higher frequencies by the ice particles in clouds. This kind of 

algorithm shows the areas with precipitation with less brightness temperature than the 

surrounding area. Scatter based algorithms works over oceans and land, but since the 

scattering is related to the ice content of the cloud, it has been observed that it 

underestimates rainfall when compared with emission algorithms (Kummerow et al., 

1996). Both of the described algorithms are empirical, because they don’t make 

assumptions about the cloud structure. 

In 1996, Kummerow Olson and Giglio, created the most widely used MW 

algorithm: the Goddard Profiling Technique (GPROF) (Kummerow et al., 1996). The 
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remote sensors used for this algorithm take data from several MW channels. If we call 

TB the vector of brightness temperatures observed from those channels, and R the vector 

representing the vertical profile of hydrometeors in the cloud, a Bayes formulation of the 

probability of a particular profile, given the observations is: 

 ( |  )   ( )   (  | ) 

Where P(R) is the probability of that particular profile occurs and P(TB|R) the probability 

of the MW observations vector given the profile. The first term on the right side of the 

equation is calculated using a physical model of a cloud, the Goddard Cumulus Ensemble 

Model (Tao & Levine, 1993), while the second expression is computed from a scheme of 

irradiative transfers. The joint probability distribution of the hydrometeors profile is 

computed with this data, and the most likely profile is calculated as the expected value of 

this distribution. The values on the right side are pre-computed values stored in a 

database, allowing a fast process time of this algorithm. An important limitation of the 

method is that the simulations used to build the GPROF database are tropical in nature, so 

the estimates at high latitudes do not reflect the structure of rainfall generation process 

there.  Figure 2-2 shows a scatterplot of the contrast of monthly rainfall over all the globe 

measured by the TRMM TMI sensors (only microwave) using GPROF, versus Global 

Precipitation Climatology Centre (GPCC) rain gauge data for the year 1998 (Rudolf, 

Hauschild, Ruth, & Schneider, 1996). The correlation coefficient in this case is 0.8 with a 

bias of +19%. This results show that for accumulations of 500 mm/month, the random 

sampling error is approximately 30%. 
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MW remote sensing instruments are all installed over Polar Low-Earth Orbiting 

(LEO) platforms. These satellites orbit the Earth at 850 km of altitude, providing about 

two overpasses each day (Kidd et al., 2009), each one representing a snapshot of the 

current rainfall. With the present satellite coverage, in a time lapse of three hours, about 

80% of the globe is covered with MW observations. 

The Global Precipitation Measurement mission that will be launched on 2014, 

consists on a constellation of new MW platforms and a Core Observatory capable of 

measuring snow and rain through a dual frequency precipitation radar and a GPM 

Microwave Imager (GMI). This mission will provide much more complete information 

about the distribution of global rainfall. 

 

 

Figure 2-2: Comparison between TMI estimates, using GPROF, and GPCC rain gauge 

estimates (Rudolf et al., 1996) 

2.2.3 Mixed estimates 

Microwave estimates are shown to be more accurate and precise than their 

infrared counterparts, which makes the former more desirable. The caveat of those 

measurements is the temporal resolution of the data capture. This tradeoff between 
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accuracy and precision and latency between observations has motivated the development 

of mixed estimates that use different algorithms to extract the best information of each 

sensor to deliver a better rainfall calculation. 

In this study, three widely used near real time mixed SPP are going to be used, 

TRMM Multi Satellite Precipitation Algorithm (TMPA) 3B42RT from NASA, 

CMORPH from CPC-NOAA, and PERSIANN from CHRS-UC Irvine. 

 

 

Figure 2-3: Combined MW precipitation for an arbitrary 3 hour period. Black zones lack of 

reliable estimates. The different sensors shown are: TMI (white), SSM/I (light gray), 

AMSR-E (medium gray), and AMSU-B (dark grey) (Huffman et al., 2007) 

2.2.3.1 TMPA 3B42RT 

TMPA 3B42RT, the near real time product, and 3B42V6, not available in real 

time, but bias corrected, (Huffman et al., 2007) uses passive MW rainfall estimates 

collected from the sensors TMI, AMSR-E, SSM/I, and AMSU-B and process the former 

three using the Goddard Profiling Algorithm (GPROF), with the latter one processed at 
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the National Environmental Satellite, Data, and Information Service (NESDIS) using the 

algorithm developed by Zhao and Weng (2002). The highest quality estimate is the TCI 

(TMI plus the precipitation radar), that is used to calibrate the TMI estimates in a 

monthly 3°x3° scheme. Then the SSM/I data is calibrated with the calibrated TMI for 

oceanic latitude bands, and for land areas. All the calibrations consist on climatological 

adjustments. With all the PMW data calibrated, a surface is populated with the “best” 

value available for each pixel. 

Then a high quality estimate is created by merging all the MW datasets. Merged 

IR estimates delivered by the CPC each 30 minutes approximately are calibrated against 

the high quality MW estimate by matching both histograms average on coincident areas, 

to create a spatially variable layer of coefficients, on a 30 day moving window. The near 

real time product (3B42RT) is finally produced as a combination of both sources data, 

using the best quality product available on each point. The research quality product 

(3B42V6) has a further correction that incorporates rain gauge data.  

2.2.3.2 CMORPH  

The Climate Prediction Center Morphing Technique, or CMORPH (Joyce et al., 

2004) uses satellite IR brightness temperature from geostationary IR sensors, with a 

latency of 30 minutes to 3 hours for any point on the globe, and a resolution of about 

0.04°. It also takes MW precipitation estimates from the sensors TMI (TRMM), SSM/I 

(satellites F-13, F-14 and F-15), and AMSU-B (satellites NOAA-15, NOAA-16 and 

NOAA-17). The spatial resolution of these MW estimates is 4.6 x 6.9 km, 13 x 15 km, 

and 15 x 15 km respectively. The rainfall mapping is produced from the PMW satellites 
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and advected or “morphed” using IR images. Snow and ice cannot be discriminated from 

frozen hydrometeors, and had to be screened out. In the northern hemisphere it is done by 

using another remote sensed product. MW rainfall estimates from the TMI, SSM/I and 

AMSU-B use different bands for its algorithms, and so, their precipitation estimates are 

different. The former two sensors agree very closely in their estimates, but the AMSU-B 

counts are far higher from the 3 to 18 mm/h range. This sensor’s algorithm also produces 

intensities only up to 20 mm/hr. Since TMI and SSM/I have better resolution and sensors, 

they were used to correct the AMSU-B estimates by matching histograms. 

The cloud system advection vectors (CSAV) that determine the “morphing” are 

calculated by computing the spatial 0.5 hour correlation of the time lagged IR images. A 

correction was applied to those CSAV’s to account for a discrepancy between satellite 

and radar observed movement vectors in S-N and W-E directions. This correction was 

computed for the US but applied all over the globe, with signs inverted for the southern 

hemisphere.  

The initial MW observations are displaced on half hour steps according to the 

corrected CSAV vector. When a new MW observation is available, it is displaced 

backwards based on the same vector. The “morphed” precipitation rates for the half hour 

intervals between MW observations are computed by a weight average of the initial and 

final fields, where the weights correspond to the time distance to the originating 

observation.  
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2.2.3.3 PERSIANN 

The PERSIANN system (Precipitation Estimation from Remotely Sensed 

Information using Artificial Neural Networks), developed at The University of Arizona 

(Hsu et al., 1997), and now operated by the CHRS, UC-Irvine, is based on an adaptive 

Artificial Neural Network (ANN) model that estimates precipitation using IR information 

from geostationary satellites to feed a Modified Counter Propagation ANN that has been 

trained with ground and satellite (only MW) precipitation estimates to give an output of 

rainfall rate. The mentioned ANN first classifies the input IR data plus other important 

information (topography, location, wind flow, etc…) using a pre trained self-organized 

feature map (SOFM), and then maps this and the input variables through an Input-Output 

Prediction Map to create an estimated rainfall rate.  

Other high quality rainfall estimates, such as rain gauges, precipitation radar and 

MW rainfall estimates are used to train and adapt the input-output prediction map 

parameters to improve further predictions. 
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Figure 2-4: PERSIANN system (Gupta, 2013) 

2.3 Errors of Satellite Precipitation Products 

The errors of SPP are acknowledged to be higher than the errors of ground based 

precipitation radars, and there are many studies about its magnitudes over the globe and 

in specific places. The main issue when evaluating SPP errors is that a ground truth is 

required in order to assess the SPP performance. If there existed such ground truth, the 

problem of rainfall measurement had been solved in the first place. Two particular 

datasets have been used widely as reference datasets, or ground truth, the GPCC monthly 

global rain gauge dataset, and the monthly GPCP combined (rain gauge and TMPA) 

dataset.  

On a global scale, Tian and Peters-Lidard (2010) computed a map of global 

measurement uncertainties as the spread of a six satellite dataset ensemble, finding 

smaller deviations from the average (40%-60%) over the oceans, especially on the 
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tropics, and over South America, and the largest uncertainties (100%-140%) on latitudes 

over 40°, and mostly over the cold season. They also detected higher uncertainties over 

complex terrain, such as the Tibetan Plateau, the Rockies and the Andes, coastlines and 

water bodies. Better estimates are achieved over tropical, convection driven rainfall 

regimes, and more uncertain estimates on frontal or orographic precipitation. Some of 

these conclusions are similar to those found by Ebert, Janowiak and Kidd (2007), who 

pose that the performance of SPP estimates is highly dependent on the rainfall regime, 

being more accurate in low latitudes at summer, especially when the precipitation regime 

is controlled by deep convection.  

2.3.1 Evaluation of SPP over Africa 

Thiemig et al.(2012) evaluated the performance of six SPPs, namely CMORPPH, 

RFE2.0, TRMM 3B42, GPROF, PERSIANN and GSMap MVK, over the Zambezi, 

Volta, Baro-Akobo and Juba Shabelle basins on a monthly and annual basis. SPP 

reproduced well the monthly average in the dry season, and had a superior performance 

in the tropical zone. Poor performance was achieved in semiarid, mountainous regions, 

and events on the extremes of the distribution aren’t well captured. In particular, 

PERSIANN has a large bias from monthly and annual values, overestimation over 

tropical zones, and problems detecting high altitude and light rain. CMORPH 

overestimates rain frequency and volume over wet periods, but has a superior ability to 

reproduce rain in mountainous areas. TRMM 3B42 showed the best performance, 

capturing seasonal variability, seasonal patterns, average annual precipitation and peaks, 
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but the version of TMPA used in this study is the research product, that has bias 

corrections and isn’t available in real time. 

Romilly and Gebermichael (2011) evaluated CMORPH, PERSIANN and TMPA 

3B42RT over the Great Rift Valley in Ethiopia, against monthly precipitation values 

from rain gauges. PERSIANN and CMORPH overestimated the average monthly rainfall 

by 43% and 11% respectively, and TMPA underestimated it by 5%. On the tropical 

region, CMORPH and TMPA 3B42RT overestimated rainfall at low elevation, but gave 

reasonable results at higher elevations. On the contrary, PERSIANN results were better in 

the low lands, and degraded with altitude. In semi-arid climate, all the products 

underestimated rainfall. 

Adeyewa and Nakamura (2003) performed a monthly and seasonal comparison of 

the TRMM Precipitation Radar, an IR rainfall estimate (TMPI) and a monthly bias 

corrected TMPA product, over the main climate zones of Africa: Arid (Sahara Desert), 

Semi-Arid (North and South), Savanna (North and South) and Tropical. The study shows 

that the SPPs overestimated rainfall in the tropical zone for winter and spring (north 

hemisphere) and produced better estimates during the rest of the year. Bias is high on dry 

seasons on semi-arid areas. 

Li et al. (2009) used the real time TMPA estimates to drive an operational flood 

prediction system in Nzoia Basin, Lake Victoria. Even with a poor correlation 

coefficient, of 0.5, between the rain gauge in the basin and the satellite product, a bias of 

20% and an N-S coefficient of 0.57 were achieved with the simulation. The use of the 
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research quality product, TMPA 3B42V6 improved the bias to 3.6% and the N-S 

efficiency to 0.71. 

2.3.2 Performance and error metrics used for SPP 

2.3.2.1 Contingency table error metrics 

From a contingency table (Table 2-1) that compares the satellite estimates with 

the observed ground rainfall a number of performance metrics can be computed (B. 

Ebert, 2007). 

Table 2-1: Contingency Table 

Contingency Table 

SPP estimate  

Rain No Rain Total 

Ground 

Rain Hits (H) Misses (M) Observed Rain 

No Rain False Alarm (FA) Correct Negatives (CN) Observed No 

 Total SPP rain SPP no rain Total (T) 

 

Some categorical statistics that can be computed from the table are: 

 

Probability of Detection (POD): Measures the fraction of the remote sensed events 

correctly detected. Perfect score is 1. Usually a threshold is applied to the ground value to 

define if rain occurred. 
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False Alarm Rate (FAR): Measure how frequently the satellite detected rain, but rain 

didn’t occur according to the ground measurement. The perfect value is 0. In this case a 

threshold is applied to the satellite estimation. 

    
  

    
        

 

Threat Score or Critical Success Index (CSI): Measures how well the SPP detected rain, 

penalizing the detection by the missed events and false alarms. Perfect score is 1 and 0 

indicates no skill. 

    
 

      
        

 

Equitable threat score (ETS): Measures the correctly remote sensed events, adjusting the 

hits by those that could have been detected by random chance. A value of 0 indicates no 

skill and the perfect score is 1. 

    
         

              
    

 

 
    

        
(   )  (    )

 
 

 

Hanssen and Kuipers discriminant (HK): Measures the ability of the SPP to separate the 

rain events from days without rain. Involve all the elements of the contingency table. 
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Heidke Skill Score (HSS): Measures the fraction of correct negatives and hits after 

eliminating the ones that could be correct by chance. A score of 0 indicates no skill and a 

score of 1 is perfect. 

    
 (         )

(   )  (    )  (    )  (     )
   (      

 

2.3.2.2 Error metrics based on continuous variables 

Other error metrics used in the study are: 

 Volumetric Error: Is the difference between the remotely detected and observed 

volume of water precipitated in a specific time lapse. 

 Correlation Coefficient: The linear correlation coefficient calculated between the 

grid of SPP estimates and the ground values or a reference dateset. 

 Mean Squared Error: The MSE between both spatial grids. 

 Nash-Sutcliffe Efficiency. 

 Mean Absolute Error. 

 Relative Bias. 

To get a better understanding of the cause of the errors of the remote sensed 

products, the MSE was separated in three parts (Gupta, Kling, Yilmaz, & Martinez, 2009) 

as follows: 

         (   )  (     )
  (     )

  

Where: 

       : Standard deviation of the satellite and the ground truth or reference dataset. 
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    : Correlation coefficient between satellite and reference data. 

        : Mean of the satellite and ground truth data respectively. 

According to the decomposition, the MSE can be expressed as on the mean, an error on 

the variance, and a correlation term of error. 

2.4 Bias correction and error reduction for SPP 

There are several methods used in the literature to correct the bias of satellite 

products. A short review of some of them is presented in this part, with a more detailed 

explanation of the methods used in this study at the end of the section. 

Tian, Peters-Lidard and Eyelander (2010)  proposed a new scheme in the paper 

using Bayes theorem to build a table with the conditional probability of satellite corrected 

rainfall based on gauge observations for each pixel. The equation used is:  

 (  |  )   (     )  (  ) 

Where Gi is the gauge rainfall and Sj is the satellite estimate. With a lookup table 

built based on historical data, the real-time estimates are corrected without having the 

actual gauge rate. They used TMPA 3B42RT and CMORPH daily accumulated 

estimates, both at a quarter degree resolution, and the NOAA CPC unified daily gauge 

interpolated at the same resolution to create the lookup tables, using the first four years of 

six of data for calibration and two for validation. The effect of gauge density was 

simulated using 100%, 10%, and 6% of the gauge net in different calibrations. 

The method successfully removes almost all the bias for a dense network in 

summer and almost half of it in a sparse network, with less success in winter, but still 
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reduce half of the bias. The best performance is reached with the TMPA product, which 

also has less bias originally. All the correction curves show overestimation for low 

values, from 4 to 5 mm/day, and underestimation for high values. In general, daily 

precipitations rates are reduced while total daily precipitation is increased, narrowing the 

intensity distribution. 

For the PERSIANN-CCS product, Boushaki et al. (2009), presented a 

multiplicative correction based on the NOAA-CPC quarter degree, daily rain gauge 

product.  For each 0.04 degree cell of PERSIANN-CCS, the “real” precipitation was 

computed as the weighted average of the pixels within a window around it. The weights 

were calculated proportional to the number of gauges in the NOAA-CPC grid and 

inversely proportional to the distance to it. The bias corrected product, PERSIANN-

CCSA, has 96% to 80% bias reduction, the coefficient of determination improved from 

0.6 to 0.9, and monthly bias was reduced to around 10%. The caveat of the method is that 

it requires a very dense grid of rain gauges to work. 

Tobin and Bennett (2010), fitted exponential probability distributions to both 

satellite and ground reference rainfall. They used a step-wise function defined by two 

exponential distributions adjusted to the high and low values of the data (Foufoula-

Georgiou & Lettenmaier, 1987), and computed corrected estimates by matching the 

rainfalls with the same satellite CDF and reference CDF. This technique reduced the 

mass balance error and improved the Nash-Sutcliffe efficiency of a SWAT simulation 

over the San Pedro River, AZ. 
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Another study, presented the improvement of a hydrological model when bias 

corrected data was used (Behrangi et al., 2011). A SAC-SMA model was calibrated for 

the Siloam River, in the Illinois Basin, using the products TMPA-3B42RT, PERSIANN, 

and CMORPH, the post processed a corrected TMPA-3B42V6 and PERSIANN-adj, and 

ground reference precipitation from the MPE-NEXRAD and gauge data. Bias corrected 

products shown a better performance, because uncorrected products produced 

underestimation in the cold months and heavy overestimation in spring and summer. 

In the same line, a study (Li et al., 2009) over the Nzoia Basin, Lake Victoria, 

Africa, showed a systematic overestimation of rainfall under 10 mm/day, and 

underestimation over that threshold by TMPA-3B42RT. A Xinjiang model was calibrated 

on that basin to explore the effects of using a real time versus a bias corrected product. 

The results shows that the use of the bias corrected product TMPA-3B42V6 reduced the 

streamflow bias from 20.37% to 3.6%. 

2.4.1 Methods used in this study 

2.4.1.1 Linear correction 

A linear correction consists on a linear transformation of the remote sensed 

observations to match its tendency with the 1:1 line. Daily values, spatially averaged by 

groups, are plotted against their correspondent reference dataset values. For each season, 

a linear fit is performed for each season, according to: 

                              

Where: 
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    :  SPP rainfall. 

    :  Reference dataset precipitation. 

     :  Regression parameters. 

The corrected satellite precipitation is computed as: 

    
  

 

  
 (       )               

For seasons where the values are near the origin, the parameter    is set to zero in 

order to avoid negative values. 

 

2.4.1.2 Quantile Mapping 

This method maps the probability density function of the rainfall estimated by the 

SPP onto the value recorded in the reference dataset, according to the equation: 

           
  (    (     )) 

Where: 

        : Bias corrected precipitation. 

    
    : Inverse of the reference dataset CDF. 

      : CDF of the SPP rainfall. 

       : Rainfall observed by the SPP. 

2.4.1.3 Model averaging 

After applying a bias correction method, the errors in the mean and the standard 

deviation should be removed or greatly reduced. An average of satellite precipitation 



38 

 

products could reduce the correlation errors even further under certain circumstances. 

Winter and Nychka (2010) concluded that an average of simulation models is more 

skillful in its prediction than the most skillful individual model only if the averaged 

models produce very different forecasts. In this last case, the error excess introduced by 

“diluting” the skill of the best model, is compensated by the negative correspondence of 

models, which errors cancels between them. The expression for this condition is: 

∑ (          ( )      
 )  ∑(  

      
 )     

     

 

     
     ( )  

 

 
∑          

 

   

 

 

Where the first sum is the measurement of the correspondence between errors and: 

  
  : MSE of the model m. 

     : MSE of the best model or minimum MSE. 

      : Error of the model m at the time t. 

By checking this condition for different model combination, we can predict if the average 

of SPP will perform better than the best of models. 
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3 METHODOLOGY 

This section describes the methods and algorithms used to measure the errors of 

SPPs, the corrections applied to reduce their bias, and how does this affect streamflow 

simulation models afterwards. The first part will describe the data used, followed by a 

description of the method used to synthetize the data from different sources, geographic 

regions, and seasons, to describe its principal features and errors. After that, the Bias 

Correction Space Downscaling method described by Wood et al. (2004) is described and 

used to remove the error from the bias and the error from the variance. Last of the bias 

correction or error reduction part, the method developed by Winter and Nychka (2010) 

and was used to investigate if the errors of an average of SPP’s performs better than the 

best individual product. Finally, several hydrologic simulation models, calibrated using 

the SCE-UA (Duan et al., 1993), were performed to assess the potential improvements in 

the performance of streamflow simulations of using bias corrected satellite precipitation 

estimates versus the raw SPPs. 

3.1 Precipitation data used 

To evaluate the SPPs, a reference dataset to compare it with is needed. The rain 

gauge density in the continent is generally poor, and in many cases, the available data 

does not share the same period with the satellite data. For these reasons, a gridded 

precipitation dataset was preferred for the analysis over the African Continent. In 

addition, it is more logical to compare a gridded dataset with cells of 1° by 1° with a 
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satellite product with a resolution of a quarter degree, than that same quarter degree, that 

covers approximately 625 km
2
 with a rain gauge of 314 cm

2
. 

Three datasets were used in a trial and error process to find the one that worked 

properly as a reference dataset. The first dataset used was a reanalysis dataset developed 

by Sheffield et al. (2006), that has a spatial resolution of 1° and a temporal resolution of 

three hours. This dataset is available presently from 1948 to 2008. It uses the NCEP-

NCAR reanalysis product, resampling it to a daily, 2° grid, and applying a correction to 

the number of rain days. The downscale to 1° and 3 hours was done using a stochastic 

method that assign a daily distribution of rainfall taken from TMPA 3 hourly data. Lastly, 

a factor is applied to correct for the monthly bias. This product was used because its 

spatial definition, that will soon be refined to 0.25°, the same than the SPPs, but has to be 

discarded for this study because the original precipitation reported is computed by the 

NCEP-NCAR model, without data assimilation of observed rainfall, which causes 

individual storm events to be different to those observed by SPPs, even if the reference 

dataset is climatically correct. 

Another dataset used was the Africa Rainfall Climatology version 2, or ARC2 

(Novella & Thiaw, 2010). ARC2 has a spatial resolution of 0.1° (~10 km.) and it is a 

specially tailored product for Africa. It is based on the Rainfall Estimation version 2 

algorithm (RFE2) that is used to support humanitarian aid programs of USAID and the 

Famine Early Warning Systems Network (FEWS-NET). Nevertheless, ARC2 uses less 

information to compute the rainfall estimation than any of the SPPs used in this study, 

and because of that reason, it was not considered as a reasonable ground truth. 



41 

 

A third dataset, the Global Precipitation Climatology Project one Degree-Day 

product (GPCP 1DD) was selected, because its estimates are based on a careful 

combination of more than 6500 rain gauge stations and high quality remote sensed data, 

such as geostationary and low orbit infrared, passive microwave and sounding 

observations, that are not completely available to be used in real time. 

 

Figure 3-1: The Global Precipitation Climatology Project (Gruber & Levizzani, 2008) 

 

The SPPs used in this study are NASA-GSFC TMPA 3B42RT, NOAA-CPC 

CMORPH and UC-Irvine CHRS PERSIANN. The analysis period starts on January 1, 

2003, when CMORPH data starts to be available, to December 31, 2008, because one of 

the reference precipitation products used data (Sheffield et al., 2006) ends on that date. 
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3.2 Analysis of the different SPP 

Each of the satellite precipitation products were compared with the GPCP dataset, 

with different spatial and temporal disaggregation. Since the interest of this study is to 

evaluate the error and improve the daily estimates, all the calculations will use daily data, 

but with two types of temporal grouping for the analysis: all the values, and the values 

grouped by season: December – January – February (DJF), March – April – May 

(MAM), June – July – August (JJA), and September – October – November (SON). 

Similarly, three spatial groupings were defined: six Latitudinal bands, two topography 

classifications (flat and mountainous), and three general Koppen-Geiger climate 

classifications (Arid, Warm and Tropical). Ocean, coastal areas, and Madagascar were 

masked out of the analysis domain.  The spatial grouping will be used as the main 

classification, and for each of those groups, results will be separated by season. Some 

pixel by pixel computations were made for the whole continent as well.  

3.2.1 All Africa 

For the whole continent four maps were prepared for each SPP, with the temporal 

average of POD, FAR, ETS and Nash-Sutcliffe efficiency coefficient. In addition, the 

Equitable Threat Score was used to illustrate how well the satellites could detect 

precipitation when compared with what could have been detected by pure chance. 

3.2.2 Latitudinal bands 

The latitudinal bands were defined based on zones that had similar rainfall 

patterns. There is a clear trend between latitude and rainfall because of the Intertropical 
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Convergence Zone (ITCZ). The USGS Africa Land Cover Characteristic Data Base 

Version 2.0 map (Figure 3-2) was used to fix the boundaries of each latitudinal band, 

since the vegetation (land cover) is a reflection of the precipitation regime. The definition 

of each band is presented in Table 3-1. 

Table 3-1: Latitudinal band definitions 

Band Observation Boundaries 

A – Sahel Sahara Desert. Sparse 

vegetation to bare areas. 

Lat : 40°N – 20°N 

Lon : 20°W – 40°E 

B – Semi-Arid North Transition between Sahara 

Desert and Savanna. Desert 

and grasslands. 

Lat : 20°N – 15°N 

Lon : 20°W – 40°E 

C – North Savanna North Savanna. Croplands, 

grassland and open 

deciduous forest and 

scrubland. 

Lat : 15°N – 5°N 

Lon : 20°W – 55°E 

D – Tropical zone Evergreen and semi-

deciduous forest. 

Lat : 5°N – 5°S 

Lon : 20°W – 55°E 

E – South Savanna Open and close deciduous 

forests, scrubland and 

grasslands. 

Lat : 5°S – 15°S 

Lon : 20°W – 40°E 

F – Semi-Arid South Grasslands, croplands. Lat : 15°S – 40°S 

Lon : 20°W – 40°E 
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Figure 3-2: Latitudinal bands and soil cover map used for its definition (Source: 

http://www.swaat.arizona.edu/SenegalRiver/MapsAfrica.html#maps) 

 

A scatterplot was produced for each latitude band and SPP using daily data. Each 

scatterplot has four data series, one for each season. These plots were used to explore 

how well the SPP performed and to assess the nature of its bias in distinct times of the 

year. The statistics shown in Table 3-2 were calculated for each season, latitude band and 

satellite product. 

 

 

http://www.swaat.arizona.edu/SenegalRiver/MapsAfrica.html#maps
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Table 3-2: Statistic computed for each of the spatial domains 

Statistic Description Units 

Mean_sat. Temporal mean of SPP over the spatial extent. mm/day 

Mean_grnd Temporal mean of the reference precipitation over the spatial 

extent 

mm/day 

pBias Percent bias of the SPP with respect to the reference 

precipitation. 

% 

Correl Correlation coefficient between SPP and reference 

precipitation. 

- 

std_mon Standard deviation between both products. mm/day 

RMS_mean Part of the RMS corresponding to error in the mean.  

RMS_var Part of the RMS corresponding to error in the variance.  

RMS_corr Part of the RMS corresponding to error in the correlation.  

RMS Root mean squared error.  

NSE Nash-Sutcliffe Efficiency. - 

MaxsAT Maximum SPP value. mm/day 

MaxRP Maximum reference value. mm/day 

 

To evaluate the storm detection capacity of each satellite in these bands, the POD, 

FAR and ETS was computed for the different seasons.  

3.2.3 Koppen Geiger Climatic Classification 

Figure 3-3 shows the primary Koppen-Geiger general climate classification for 

Africa (Kottek et al. , 2006). 

Similar to the latitudinal bands, for the different Koppen Geiger general climatic 

classifications present in Africa, Arid, Warm, and Tropical, scatterplots were with the 

computation of the same statistics than for the latter, shown in Table 3-2. 
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Figure 3-3: General Koppen-Geiger climatic zones in Africa 

3.2.4 Topography 

The literature indicates that the SPP performance is poor when detecting 

orographic precipitation and rainfall, because the clouds are too warm for the IR sensors 

to detect rain, and they don’t produce much ice aloft for the MW sensors to detect. Also, 

ice or snow on cold surfaces can be misidentified as rain (Dinku et al. 2008). Because of 

the aforementioned reasons, topography was included as another spatial grouping 

criterion, classifying mountainous and relatively flat zones in different groups. Figure 3-4 

shows the zones classified with strong relief. Scatterplots and the same statistic used 

before were used to evaluate the performance of the SPP on these areas. 



47 

 

 
Figure 3-4: Mountainous zones in Africa 

3.3 Bias correction and error reduction of SPP 

In order to improve the estimates of the SPP, a linear correction and the quantile 

mapping technique were used to improve the error in the mean of the SPP products. Also, 

an exploratory analysis of the performance of a model average was done, in an attempt to 

reduce the error in the variance of the remote sensed estimates. 

3.4 Error quantification and heteroscedasticity 

Once the bias has been removed from the satellite data, a probability distribution 

was fitted to the residuals of each of the spatial zones defined, to allow estimation of 

representative values of the errors, as mean, median or a confidence interval for the 

discrepancies.  
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A non parametric trend test was applied to the spatially averaged series of GPCP 

data and its absolute difference with the SPP ( ) estimates to assess if there was a trend in 

the errors that depended on the magnitude of the rainfall. The first step of the test is to 

sort the pairs by increasing GPCP precipitation and compute the statistic S that measures 

the monotonic dependence of   on GPCP rainfall: 

      

Where: 

P  : Number of simultaneous    and rainfall magnitude increases. 

M  : Number of time of simultaneous   decreases and increase of rainfall 

magnitude.  

There are n (n-1)/2 possible comparisons amongst the data. As a second step,   is 

computed by dividing S by n (n-1)/2. If the value of   increased as the rainfall magnitude 

increase for every comparison, the value of   is 1. If, on the other hand,   always 

decreases as the rainfall magnitude increase, then   is -1. If there is no trend at all, the 

number of increases and decreases should be similar, and for the perfect absence of trend 

  equals 0. The hypothesis test is: 

 

     (           )   

                                                          

     (           )                                          

 

The value of S is compared to the critical S value that could be expected for a 

significance level α, and if its magnitude is greater than that critical value, the null 

hypothesis is rejected, because S is significantly different from zero. 
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3.5 Lumped simulation of streamflow with bias corrected SPPs 

The effect of using corrected versus uncorrected SPP was measured by comparing 

the performance of a hydrologic model in three catchments of the Senegal River basin, 

presented in Table 3-3, and as map on Figure 3-5. 

The HYMOD model (Boyle, 2001; Wagener et al., 2001) was used to simulate the 

watersheds. A model was calibrated for each catchment, SPP and rainfall input, being this 

latter either uncorrected SPP data or bias corrected data. The first half of the data was 

used to calibrate the model, and the rest to run the validation. For the Faleme at 

Gourbassi catchment, a bootstrap method was used to give statistical significance to the 

improvement of the NSE of the bias corrected driven simulations. The number of 

combinations to select three calibration years and three validation years from the data is: 

(
 
 
)  

  

     
                 

For each of those 20 combinations, a Hymod model was calibrated and then validated 

with the rest of the data. 

An automatic calibration approach was used, with the Shuffled Complex 

Evolution –UA Algorithm (Duan et al., 1993). The implementation of the algorithm and 

the model uses Matlab and was developed by Gupta and Yilmaz, and its version is the 

07/23/08. The streamflow data was kindly provided by the Organisation pour le Mise en 

Valeur du Fleuve Sénégal (OMVS), in English, the Senegal River Basin Development 

Authority. Potential Evapotranspiration values were computed using the Hargreaves 

equation (Hargreaves, 1975): 

                ̅ (      )        
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Where: 

    :  Total incoming extraterrestrial solar radiation (mm). 

  ̅  :  Difference between mean monthly max. and min. temperatures (°C). 

   :  Temperature (°C). 

        :  Daily mean temperature (°F).  

 

Table 3-3: Catchments used to measure the effect of bias correction in streamflow 

simulation. 

Catchment Latitude (°) Longitude(°) Area (km
2
) 

Faleme River at Gourbassi 13.4 -11.63 15722 

Bafing River  at Makana 12.55 -10.28 20946 

Bakoye River at Oualia 13.6 -10.38 78655 



51 

 

 

 

Figure 3-5: Locations of the stations used for streamflow simulation. 
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4 RESULTS AND DISCUSSION 

4.1 All Africa 

The following figures show the computed POD, FAR, ETS and Nash Sutcliffe 

efficiency for the whole continent, the whole time period (2003-2008) and daily data. 

From the analysis of the POD, FAR, ETS and NSE plots of the three SPP 

reviewed in this study, we can say that in terms of detecting rainfall events, neither of 

them works very well over the Sahel region, were very few precipitation events are 

present. This indicates a difficulty to detect and discriminate light rainfall over dry 

regions, because the POD is usually low, and the FAR is very high. On the West part of 

the Sahel, PERSIANN seems to have a slightly better performance than the other 

products, and in general, over the center and south of the continent. The better 

performance is only based at this time on the ability of the products to detect and 

discriminate rain; there are no quantitative considerations in terms of volume of rainfall. 

The ETS values reinforce the idea of the lack of skill to detect rain on the Sahel for all the 

analyzed SPPs. It is surprising though, how close are all the products in terms of only 

detection, to random chance, even when the threshold used (1 mm/day) is significative 

compared to the sensitivity of the products that is on the order of fraction of mm/hour. 

In the NSE plot, we can see the first indicators that measure the actual ability in 

terms of rainfall. Again, despite in the Sahel area the performance is bad, but not quite so 

for TMPA. This can also be because the reference dataset uses post-processed TMPA 

data when rain gauges are not available, and in the Sahel very few are, and since GPCP 
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and TMPA share data, their values on zones with very low rain gauge density are more 

correlated. In the center of the tropical zone, a poor performance zone can be observed 

for CMORPH and PERSIANN, but not for TMPA. Since the POD, FAR, and ETS was 

similar to all products there, the issue could be related to overestimation of precipitation, 

as it is evident from the scatterplots of bands C and D. Figure 4-5 show the same plot, but 

with bias corrected data. It is evident in this plot the improvement of CMORPH and 

PERSIANN over their raw versions, supporting the idea of previous poor performance 

caused by bias, because the bias correction method was successful to remove it. 

 

 

Figure 4-1: Probability of Detection (POD) 

 

 

Figure 4-2: False Alarm Rate (FAR) 
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Figure 4-3: Equitable Threat Score (ETS) 

 

 

Figure 4-4: Nash Sutcliffe Efficiency (NSE) of raw data 

 

Figure 4-5: Nash Sutcliffe Efficiency (NSE) of bias corrected data 
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4.2 Latitudinal bands 

The scatterplots and the data tables were included in the appendix A. Figure 4-6 shows an 

example of the results included in that appendix. The different colors in the scatterplot 

indicate different seasons. A 1:1 line is included to observe how the SPP data departs 

from it. The accompanying table of each plot indicates several seasonal statistics. Each 

column has the values of an individual season. Each point is the plot of the spatially 

averaged precipitation or one day for the GPCP data and one of the SPP used over the 

latitudinal band. 

 

Figure 4-6: Scatterplot and result table for latitudinal bands and SPP. 

Boxplots showing the values of POD, FAR, and ETS for each band are presented in the 

next section. In each of the figures, the first column show the boxplots for each of the 

statistics using all the grid cells aggregated, with one box for each satellite product. Each 
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one of the last three columns shows the results for one particular SPP. In each boxplot, 

the statistics are disaggregated by season. Each figure has the plots for one band. 

4.2.1 Band A 

TMPA presents the best skill in these latitudes, but it is important to note that it 

could be because of the shared data between GPCP and TRMM. CMORPH and 

PERSIANN observe almost a constant rainfall mean along the year, which differs from 

smaller precipitation between March and August. This difference is corrected by the bias 

correction, improving their NSE, but not to the point of being better than TMPA. In 

general, none of the products show a good performance in this area. The contingency 

table analysis (Figure 4-7) shows no skill in the detection of rain, and poor POD and FAR 

values.  

 

Figure 4-7: Contingency table analysis for band A.  
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4.2.2 Band B 

This fringe is a transition between the Sahel and the zone influenced by the ITCZ. 

Rainfall occurs mostly between June and August, but there are important rainfall events 

up to November, coinciding with the movement of the ITCZ. All the products show a 

strong positive bias during the rainy season that is successfully removes in the bias 

corrected series. An interesting feature of the PERSIANN data is that is seems to be more 

accurate than TMPA and CMORPH, because the points are closer to the 1:1 line, but it 

also shows more frequent non detected precipitation events than the other products, 

which are the points over y=0. This could be interpreted as a better skill on observing the 

magnitude of the precipitation, but a higher failure rate in detecting it. 

Still, the detection skill is low, with better performance in JJA, were most of the 

rain occurs. In Figure 4-8 we see the POD and FAR of PERSIANN are better than those 

of CMORPH and PERSIANN. 

 

Figure 4-8: Contingency table analysis for band B. 
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4.2.3 Band C 

This range of latitudes is where the SPP show the best overall skill in observing 

rainfall. Most of the rainfall occurs during the monsoon season, between June and 

August, but a significative part also occurs in the seasons before and after it. CMORPH 

and PERSIANN overestimate rainfall by nearly 50% over the year. The bias correction 

has a significant impact, improving the NSE from the vicinity of -1 to 0.78-0.95. 

TMPA has the least bias of the three SPPs, and its NSE ranges between 0.7 and 

0.9 that is increased to 0.88-0.95 after the bias correction.  

It is also in this band where the errors seem less dependent of the magnitude of 

rainfall, but heteroscedastic nevertheless, as the results of the Mann Kendall test showed.  

The contingency table statistics (POD, FAR, and ETS) are good and relatively 

similar between products, but the detection on the dry season is poor. CMORPH shows 

slightly better skill than the other two products, in terms of the contingency table in 

Figure 4-9.. 



59 

 

 

Figure 4-9: Contingency table analysis for band C. 

4.2.4 Band D 

In this Tropical zone, there is not a specific dry season, but there are two seasons 

where the precipitation is more intense because of the double transit of the ITCZ from 

north to south during the year. From the scatterplots, we could say that in this case there 

is no need of separating the data in seasons, because all the points seem all mixed 

together. In terms of bias, TMPA underestimates on all seasons on less than 10%, while 

CMORPH and PERSIANN overestimate more than 30% of the actual volumes. After the 

bias correction, the overestimation / underestimation is reduced to less than 5%, except 

on PERSIANN, where the missed rainfall events seem to affect the overall good 

performance of the hits. 

In terms of detection and discrimination of rain, shown in Figure 4-10, the best 

performances for all seasons are achieved at this latitudinal fringe, which is expected, 
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because most of the algorithms and sensors used by SPP are designed primarily to detect 

tropical convective storms. 

 

Figure 4-10: Contingency table analysis for band D. 

4.2.5 Band E 

As the mirror of Band C, most of the annual rainfall occurs between December 

and February, with significant precipitation on the seasons right before and after. The 

bias is similar to the latter cases, with underestimation of TMPA and overestimation of 

PERSIANN and CMORPH, but in this case the highest bias is seen between September 

and November. The errors after the correction seem to be greater than those on band C. 

Again, PERSIANN has the least dispersion, but many missed rainfall events. 

From the POD, FAR and ETS boxplots in Figure 4-11 we see that the 

performance of on the dry season is notably poorer that on the other seasons, and the best 

performance is between December and February, when the ITCZ is over the area. 
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Figure 4-11: Contingency table analysis for band E. 

4.2.6 Band F 

In this zone, the bias is positive on the rainy months and negative on the dry 

season. Precipitation occurs mostly between December and February that is only partially 

removed by the bias correction. The contingency table indicators in Figure 4-12 are good 

on when it rains, and not so good when it does not. 
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Figure 4-12: Contingency table analysis for band F. 

 

4.3 Koppen Geiger Climatic zones 

Scatterplots equivalent to those shown for the latitudinal bands were prepared for 

the classification according to the three general Koppen-Geiger climatic classifications, 

and are included in the appendix B.  

On arid zones the products overestimate 5% to 50% of the rainfall, and this bias is 

only partially removed by the bias correction, and is replaced with a mixture of 

overestimations up to 10% and underestimations down to -30%. The NSE value does not 

improve much for TMPA, but it does for CMORPH and PERSIANN between September 

and February, from negative values to low positive values. 

On warm zones, TMPA and CMORPH show small bias, while PERSIANN has a 

strong negative bias between March and August, and a positive bias the rest of the year. 

In this case the bias correction only reduces a fraction of the bias.  
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The tropical areas are where the SPP works the best. The biases are clear for this 

zone, CMORPH and PERSIANN overestimate rainfall by nearly 20%, and TMPA 

slightly underestimate it. The bias correction improves the data, but not nearly as much as 

with the latitude band groupings, which is confirmed also by the contingency table 

analysis shown in Figure 4-13, Figure 4-14, and Figure 4-15 that presents rather constant 

values for POR, FAR and ETS, indicating poor isolation of specific rain regimes. In 

general, the best skill is for tropical zones, followed by arid zones. For warm zones the 

performance is poor because of the very high FAR values. 

 

Figure 4-13: Contingency table analysis for Arid zones according to Koppen-Geiger 

classification (Kottek et al., 2006). 
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Figure 4-14: Contingency table analysis for Warm zones according to Koppen-Geiger 

classification (Kottek et al., 2006). 

 

 

Figure 4-15: Contingency table analysis for Tropical zones according to Koppen-Geiger 

classification (Kottek et al., 2006). 
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4.4 Topographic classification 

Following the same method than in the last two parts, the scatterplots are included 

in the appendix C.The similarity between the results of plain and mountainous areas 

suggests that the discrimination based on topography is probably not significative at the 

scale of one degree. Nevertheless, the NSE of plains is consistently better than that of 

mountainous areas. Since the minimum resolution is a zone of approximately 100 km. by 

100 km. the hypothesized effect of mountains is damped because the area where a 

mountain or a steep change in topography is mixed with plain areas altogether. More 

evidence of this is the similarity between Figure 4-16 and Figure 4-17, which indicate 

very similar performance on mountainous and flat areas. 

 

Figure 4-16: Contingency table analysis for flat zones. 
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Figure 4-17: Contingency table analysis for mountainous zones. 

 

4.5 Bias corrected data 

The scatterplots for the bias corrected series are included in the appendix D. 

Scatterplots similar to those shown before are shown in the appendix. The following 

tables shown the comparison of the components of MSE, the error in the mean, error in 

the variance and correlation error, for all three SPP, before and after the bias correction, 

separated by seasons. Each pair of rows has the compared statistics without and with 

correction. The rows have the different spatial subgroups defined. The time series used to 

compute the statistics are the daily spatial averages over each specific zonal group.  
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Table 4-1: Effect of bias correction on TMPA, DJF season. 

TMPA DJF 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Trop. Plains Mtn. 

Avg. GPCP 
 

0.26 0.03 0.24 2.64 6.50 4.44 0.54 4.96 2.96 1.29 1.38 

MSE R 0.00 0.00 0.00 0.08 0.00 0.01 0.00 0.00 0.01 0.00 0.00 

Mean BC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.00 0.00 

MSE R 0.04 0.00 0.00 0.11 0.57 0.21 0.01 0.25 0.05 0.02 0.02 

Variance BC 0.01 0.00 0.00 0.06 0.57 0.25 0.01 0.20 0.11 0.02 0.01 

MSE R 0.06 0.01 0.02 0.74 2.13 1.59 0.04 1.19 0.47 0.06 0.23 

Correlation BC 0.08 0.01 0.02 0.77 2.14 1.54 0.04 1.24 0.43 0.06 0.25 

NSE R 0.30 0.09 0.72 0.71 0.62 0.75 0.60 0.64 0.65 0.62 0.47 

  BC 0.35 0.47 0.77 0.74 0.62 0.75 0.59 0.63 0.64 0.61 0.45 

 

Table 4-2: Effect of bias correction on TMPA, MAM season. 

TMPA MAM 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Trop. Plains Mtn. 

Avg. GPCP 
 

0.14 0.06 1.93 4.02 3.24 1.60 0.59 2.55 3.42 1.46 2.01 

MSE R 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.01 0.04 0.00 0.02 

Mean BC 0.00 0.00 0.01 0.00 0.01 0.00 0.00 0.02 0.00 0.00 0.01 

MSE R 0.01 0.00 0.01 0.04 0.01 0.02 0.00 0.01 0.05 0.00 0.02 

Variance BC 0.01 0.00 0.00 0.06 0.02 0.04 0.00 0.00 0.07 0.00 0.01 

MSE R 0.02 0.01 0.18 0.69 0.75 0.67 0.05 0.62 0.36 0.07 0.28 

Correlation BC 0.03 0.01 0.19 0.73 0.75 0.59 0.05 0.66 0.39 0.06 0.29 

NSE R 0.44 0.44 0.89 0.83 0.91 0.86 0.71 0.84 0.72 0.81 0.61 

  BC 0.45 0.47 0.89 0.82 0.91 0.87 0.82 0.83 0.72 0.80 0.62 

 

Table 4-3: Effect of bias correction on TMPA, JJA season. 

TMPA JJA 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Trop. Plains Mtn. 

Avg. GPCP 
 

0.10 1.14 5.19 2.35 0.25 0.25 1.06 1.17 4.37 1.79 2.94 

MSE R 0.00 0.28 0.09 0.06 0.00 0.00 0.02 0.00 0.00 0.01 0.01 

Mean BC 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.01 0.05 

MSE R 0.00 0.12 0.00 0.04 0.00 0.03 0.00 0.02 0.00 0.00 0.0 

Variance BC 0.00 0.01 0.02 0.05 0.00 0.02 0.00 0.01 0.02 0.00 0.00 

MSE R 0.02 0.32 0.93 0.47 0.06 0.08 0.09 0.23 0.94 0.13 0.62 

Correlation BC 0.01 0.23 0.87 0.43 0.06 0.09 0.08 0.24 0.86 0.12 0.66 

NSE R 0.39 0.38 0.74 0.72 0.45 0.45 0.71 0.54 0.71 0.71 0.59 

  BC 0.54 0.80 0.78 0.77 0.46 0.46 0.76 0.54 0.73 0.73 0.62 
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Table 4-4:  Effect of bias correction on TMPA, SON season. 

TMPA SON 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Trop. Plains Mtn. 

Avg. GPCP 
 

0.23 0.32 2.97 4.60 2.83 1.10 0.76 2.20 4.24 1.78 2.39 

MSE R 0.00 0.02 0.01 0.01 0.13 0.02 0.00 0.00 0.04 0.00 0.02 

Mean BC 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 

MSE R 0.00 0.06 0.00 0.00 0.10 0.00 0.00 0.04 0.02 0.00 0.01 

Variance BC 0.00 0.00 0.00 0.03 0.00 0.02 0.00 0.01 0.03 0.00 0.00 

MSE R 0.07 0.07 0.38 1.30 0.80 0.30 0.10 0.49 0.53 0.13 0.41 

Correlation BC 0.08 0.07 0.39 1.15 0.90 0.26 0.09 0.54 0.54 0.12 0.43 

NSE R 0.50 0.58 0.91 0.73 0.81 0.82 0.61 0.79 0.78 0.66 0.62 

  BC 0.46 0.86 0.91 0.76 0.83 0.85 0.68 0.78 0.79 0.69 0.62 

 

Table 4-5:  Effect of bias correction on CMORPH, DJF season. 

CMORPH DJF 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.26 0.03 0.24 2.64 6.50 4.44 0.54 4.96 2.96 1.29 1.38 

MSE R 0.00 0.01 0.00 0.79 2.50 0.45 0.01 0.28 0.30 0.07 0.09 

Mean BC 0.03 0.00 0.00 0.00 0.00 0.07 0.01 0.34 0.24 0.03 0.03 

MSE R 0.01 0.02 0.01 0.25 0.00 0.04 0.00 0.01 0.01 0.00 0.00 

Variance BC 0.02 0.00 0.00 0.03 0.34 0.36 0.01 0.21 0.11 0.02 0.02 

MSE R 0.15 0.02 0.05 1.68 5.38 2.85 0.08 2.97 0.97 0.19 0.41 

Correlation BC 0.28 0.02 0.04 1.19 4.30 2.39 0.06 2.43 0.69 0.14 0.31 

NSE R -0.11 -5.85 0.26 0.14 -0.10 0.53 0.11 0.73 0.15 -0.22 -0.09 

  BC -1.26 -0.47 0.55 0.62 0.35 0.60 0.29 0.25 0.32 0.14 0.25 

 

Table 4-6:  Effect of bias correction on CMORPH, MAM season 

CMORPH MMA 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.14 0.06 1.93 4.02 3.24 1.60 0.59 2.55 3.42 1.46 2.01 

MSE R 0.01 0.01 1.32 3.01 0.60 0.00 0.01 0.01 2.98 0.24 0.55 

Mean BC 0.00 0.00 0.00 0.00 0.00 0.01 0.02 0.23 0.05 0.00 0.00 

MSE R 0.01 0.02 0.50 0.42 0.43 0.05 0.01 0.01 0.24 0.00 0.06 

Variance BC 0.00 0.00 0.00 0.09 0.00 0.11 0.04 0.09 0.00 0.03 0.00 

MSE R 0.09 0.02 0.53 1.73 1.73 0.74 0.10 1.04 1.10 0.17 0.56 

Correlation BC 0.07 0.01 0.33 1.09 1.36 0.71 0.07 0.86 0.77 0.12 0.42 

NSE R -1.10 -1.70 -0.33 -0.20 0.66 0.84 0.59 0.73 -1.71 -0.16 -0.43 

  BC -0.39 0.30 0.81 0.72 0.83 0.83 0.54 0.70 0.49 0.57 0.49 
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Table 4-7:  Effect of bias correction on CMORPH, JJA season 

CMORPH JJA 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.10 1.14 5.19 2.35 0.25 0.25 1.06 1.17 4.37 1.79 2.94 

MSE R 0.02 0.16 2.67 0.40 0.00 0.01 0.12 0.00 1.48 0.24 0.47 

Mean BC 0.00 0.01 0.00 0.01 0.00 0.01 0.00 0.11 0.16 0.03 0.08 

MSE R 0.03 0.03 0.02 0.07 0.01 0.06 0.01 0.03 0.01 0.00 0.00 

Variance BC 0.00 0.00 0.13 0.06 0.00 0.00 0.01 0.08 0.25 0.03 0.09 

MSE R 0.02 0.33 1.55 0.87 0.10 0.09 0.14 0.37 1.28 0.20 0.90 

Correlation BC 0.01 0.28 1.17 0.60 0.08 0.17 0.10 0.30 0.86 0.14 0.65 

NSE R -1.10 0.54 -0.06 0.35 0.07 0.24 0.29 0.25 0.14 0.10 0.11 

  BC 0.70 0.75 0.67 0.68 0.29 0.83 0.71 0.10 0.61 0.60 0.47 

 

Table 4-8:  Effect of bias correction on CMORPH, SON season 

CMORPH SON 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.23 0.32 2.97 4.60 2.83 1.10 0.76 2.20 4.24 1.78 2.39 

MSE R 0.00 0.03 1.10 1.69 1.49 0.34 0.02 0.22 2.07 0.19 0.63 

Mean BC 0.00 0.00 0.00 0.02 0.00 0.00 0.01 0.01 0.04 0.03 0.00 

MSE R 0.00 0.05 0.78 0.03 0.40 0.25 0.00 0.05 0.18 0.00 0.07 

Variance BC 0.00 0.00 0.00 0.28 0.09 0.01 0.01 0.01 0.04 0.02 0.01 

MSE R 0.09 0.09 0.79 2.38 1.77 0.43 0.14 1.18 1.18 0.22 0.78 

Correlation BC 0.09 0.06 0.57 1.62 1.19 0.29 0.10 0.97 0.82 0.16 0.57 

NSE R 0.39 0.51 0.40 0.16 0.31 0.43 0.35 0.43 -0.29 -0.08 -0.28 

  BC 0.34 0.82 0.87 0.61 0.76 0.83 0.52 0.61 0.66 0.47 0.49 

 

Table 4-9:  Effect of bias correction on PERSIANN, DJF season 

PERSIANN DJF 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.26 0.03 0.24 2.64 6.50 4.44 0.54 4.96 2.96 1.29 1.38 

MSE R 0.00 0.01 0.01 2.89 6.14 1.00 0.02 0.63 0.89 0.18 0.22 

Mean BC 0.00 0.00 0.00 0.01 0.09 0.14 0.01 0.12 0.10 0.01 0.00 

MSE R 0.00 0.03 0.02 2.19 2.58 0.43 0.01 0.42 0.35 0.06 0.09 

Variance BC 0.06 0.00 0.00 0.02 0.16 0.01 0.00 0.00 0.00 0.00 0.00 

MSE R 0.15 0.04 0.06 2.39 6.81 2.79 0.10 3.50 1.40 0.28 0.37 

Correlation BC 0.24 0.02 0.04 1.40 4.76 2.11 0.07 2.76 0.94 0.19 0.27 

NSE R -0.07 -4.78 -0.04 -1.35 -1.17 0.41 -0.10 -0.14 -0.74 -1.27 -0.44 

  BC -1.11 -0.44 0.52 0.55 0.30 0.68 0.29 0.28 0.31 0.05 0.41 
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Table 4-10:  Effect of bias correction on PERSIANN, MAM season 

Persiann MAM 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.14 0.06 1.93 4.02 3.24 1.60 0.59 2.55 3.42 1.46 2.01 

MSE R 0.01 0.00 1.80 6.16 0.76 0.08 0.00 0.05 5.10 0.36 0.45 

Mean BC 0.00 0.00 0.02 0.12 0.00 0.02 0.04 0.44 0.18 0.00 0.00 

MSE R 0.03 0.01 1.56 3.25 1.39 0.02 0.00 0.07 2.16 0.10 0.27 

Variance BC 0.01 0.00 0.01 0.02 0.05 0.00 0.03 0.04 0.33 0.00 0.02 

MSE R 0.09 0.02 1.46 3.50 2.50 0.81 0.13 1.03 2.25 0.43 0.94 

Correlation BC 0.08 0.01 0.80 1.99 1.86 0.79 0.08 0.80 1.51 0.29 0.68 

NSE R -1.17 -0.41 -1.73 -2.01 0.43 0.82 0.54 0.71 -4.95 -1.25 -1.02 

  BC -0.53 0.42 0.53 0.51 0.76 0.83 0.46 0.68 -0.26 0.18 0.14 

 

Table 4-11:  Effect of bias correction on PERSIANN, JJA season 

PERSIANN JJA 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.10 1.14 5.19 2.35 0.25 0.25 1.06 1.17 4.37 1.75 2.94 

MSE R 0.01 0.89 5.31 0.76 0.00 0.05 0.36 0.21 1.92 0.57 0.10 

Mean BC 0.00 0.00 0.02 0.05 0.01 0.02 0.00 0.32 0.23 0.00 0.23 

MSE R 0.02 0.78 0.98 0.46 0.04 0.11 0.16 0.03 0.36 0.11 0.10 

Variance BC 0.00 0.00 0.00 0.01 0.00 0.02 0.01 0.08 0.03 0.00 0.01 

MSE R 0.02 0.37 2.91 1.31 0.12 0.05 0.18 0.33 2.42 0.38 1.21 

Correlation BC 0.01 0.21 1.95 0.84 0.07 0.13 0.12 0.26 1.62 0.26 0.89 

NSE R -0.43 -0.77 -1.73 -0.23 -0.33 0.00 -0.84 -0.04 -0.45 -1.19 0.09 

  BC 0.60 0.82 0.51 0.57 0.32 0.21 0.66 -0.23 0.42 0.46 0.27 

 

Table 4-12:  Effect of bias correction on PERSIANN, SON season 

PERSIANN SON 

Latitude bands Climate class Topo. Class 

A B C D E F Arid Warm Tropical Plains Mtn. 

Avg. GPCP 
 

0.23 0.32 2.97 4.60 2.83 1.10 0.76 2.20 4.24 1.77 2.39 

MSE R 0.00 0.11 1.67 2.34 1.99 0.15 0.04 0.12 2.39 0.27 0.49 

Mean BC 0.00 0.00 0.01 0.12 0.02 0.01 0.02 0.02 0.08 0.04 0.00 

MSE R 0.00 0.32 1.37 0.67 1.22 0.40 0.04 0.37 0.80 0.09 0.14 

Variance- BC 0.01 0.00 0.01 0.02 0.01 0.00 0.00 0.02 0.00 0.00 0.00 

MSE R 0.09 0.08 1.32 3.36 2.45 0.51 0.26 1.39 2.25 0.42 0.93 

Correlation BC 0.10 0.05 0.89 2.30 1.57 0.36 0.18 1.08 1.16 0.29 0.67 

NSE R 0.35 -0.44 0.03 -0.31 -0.07 0.40 -0.34 0.27 -0.84 -0.81 -0.36 

  BC 0.24 0.86 0.80 0.50 0.70 0.79 0.27 0.56 0.54 0.16 0.41 
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The tables comparing raw and bias corrected data show an improvement of the 

Nash Sutcliffe Efficiency on the majority of cases, especially on CMORPH and 

PERSIANN. An exception to this are warm areas, where the bias correction does not 

improve the performance, and almost 50% of the cases, it worsens it. The reason for this 

is the distribution of the warm areas on spots on the northern and southern hemispheres. 

To remove the bias we need to isolate individual rain regimes, and  having zones on 

different hemispheres mixed in one classification effectively mixes different regimes. 

Assuming that an adequate spatial/temporal grouping of data allows us to isolate a 

particular rainfall regime and climatic controls, for which a SPP exhibits a fairly constant 

biased answer, we could successfully remove or reduce it with a bias correction 

technique. On the other hand, if the grouping is unsuccessful, and several climatic 

controls and rainfall regimes are mixed together, different biases of different origins will 

be combined and its correction will probably be more difficult. From this, we can say that 

the most successful groups presented here are based on latitude bands and seasons. 

4.6 Effect of bias correction on errors 

In this section the effect of the bias correction over errors was analyzed by 

comparing the rainfall errors over six specific pixels, one over each latitude band. Each 

plot presents the error of the raw and bias corrected products for a specific band and 

product. The scales of all the plots were made equal to facilitate reading. 

Figure 4-18 shows more frequent overestimations than underestimation on bands 

A and B. Band C have a neglectable bias, and the errors look symmetrical around zero. 
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Constant rainfall is seen on the tropical band D. Bands E and F has a small positive bias. 

The bias correction method reduce the magnitude if the extreme value of the residuals. 

 

 

Figure 4-18: Errors of raw and bias corrected data, TMPA bands A to F. 
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Figure 4-19 show in the residuals for the raw and bias corrected CMORPH estimates. It is 

evident the tendency to overestimation that is corrected, because the residuals after bias 

correction is symmetrical with zero mean. The variance is reduced also to observed 

values. 

 

 

Figure 4-19: Errors of raw and bias corrected data, CMORPH, bands A to F. 
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The positive bias is more persistent in PERSIANN than in the other two products, but 

since in almost all the cases the error is on the side of the overestimation, and the 

variance is smaller, the final residual series follow more closely the observed data. 

 

 

Figure 4-20: Errors of raw and bias corrected data. PERSIANN, bands A to F. 
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4.7 Error distributions and heteroscedasticity of errors 

With the bias corrected data, the daily error over each pixel was calculated for the 

entire period of analysis. The daily errors over each analysis area were grouped and 

histograms produced for each particular evaluation group (latitude bands, climatic zone, 

and topography type), season and SPP. It was found that the error distribution was 

symmetric with mean zero, and because of that, the absolute value of the error was taken 

to simplify the analysis. Several probability distributions were fitted to the data, with the 

Gamma distributions providing the best fit. Figure G-1 show an example of the 

histograms of the errors and the fitted Gamma distributions. The rest of the plots are 

included in the appendix G. Also, for each satellite product, latitudinal band and season, 

the Mann Kendall test results shown that there was a trend in the errors that depended on 

the magnitude of the rainfall. Except for only one case, in the band C on the JJA season 

for PERSIANN.  Tables 4-13 to 4-15 present the Mann Kendall tau values. The closer the 

value is to one or minus one, the stronger is the trend, in one case positive, and in the 

other negative. Tau smaller than 0.05 indicates absence of trend. The presence of a 

trend indicate that the magnitude of the errors vary as the magnitude of the rainfall 

increase, implying a non-constant variance and then heteroscedasticity. 

Table 4-13: Tau values for TMPA. 

Season Band A Band B Band C Band D Band E Band F 

DJF 0.40 0.30 0.40 0.22 0.13 0.23 

MAM 0.38 0.55 0.31 0.18 0.38 0.46 

JJA 0.44 0.43 0.06 0.20 0.33 0.18 

SON 0.47 0.66 0.45 0.15 0.41 0.41 



76 

 

Table 4-14: Tau values for CMORPH. 

Season Band A Band B Band C Band D Band E Band F 

DJF 0.34 0.32 0.26 0.23 0.16 0.30 

MAM 0.44 0.43 0.30 0.16 0.44 0.49 

JJA 0.42 0.35 0.07 0.22 0.26 0.10 

SON 0.45 0.63 0.44 0.08 0.40 0.53 

Table 4-15: Tau values for PERSIANN. 

Season Band A Band B Band C Band D Band E Band F 

DJF 0.65 0.71 0.53 0.33 0.20 0.29 

MAM 0.63 0.68 0.41 0.18 0.48 0.65 

JJA 0.60 0.46 0.04 0.31 0.71 0.77 

SON 0.56 0.72 0.44 0.18 0.41 0.59 

 

 

 

Figure 4-21: Relative frequency of errors versus daily rainfall for each season and latitude 

band. 
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Table 4-16 show the median error computed from the days with precipitation 

detected by the SPP and registered by GPCP. The minimum values are marked in bold. 

Table 4-16: Median error of SPP  

DJF Median Error (mm/day) JJA Median Error 

Band TMPA CMORPH PERSIANN Band TMPA CMORPH PERSIANN 

A 1.5 1.2 1.2 A 1.0 0.8 0.8 

B 0.3 0.2 0.2 B 2.9 2.6 1.7 

C 0.9 0.7 0.9 C 2.9 3.0 2.4 

D 2.4 2.5 1.8 D 1.9 1.9 1.4 

E 2.6 2.9 1.7 E 1.0 0.8 0.8 

F 2.6 2.7 1.7 F 1.4 1.0 1.7 

        

MAM Median Error SON Median Error 

Band TMPA CMORPH PERSIANN Band TMPA CMORPH PERSIANN 

A 0.9 0.7 0.7 A 1.7 1.3 1.0 

B 0.8 0.5 0.3 B 2.0 1.6 0.8 

C 2.1 2.1 1.6 C 2.3 2.3 1.8 

D 2.3 2.5 1.8 D 2.4 2.6 2.0 

E 2.1 2.3 1.8 E 1.8 2.0 1.5 

F 1.8 1.9 1.7 F 1.7 1.7 1.4 

 

It was found that the errors, measured after the bias correction, have a mean of 

zero, and that they have a symmetrical distribution. The absolute values of the errors 

follows a Gamma distribution, the exponential and Gumbel distributions were tested, but 

they could not fit the steep slope of the PDF near the origin. Even when TMPA and 

CMORPH have shown better correlation coefficients, NSE, and MSE values than 

PERSIANN, from the analysis of the error it was found that the median error of 

PERSIANN is less than the other two products. This can be explained by the way the 

time series were filtered to calculate the errors. In terms of the contingency table, only 
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“hit” values were used to compute the histogram of errors, that is, days where rain was 

registered and the satellite correctly detected it. It leaves out missed events, false alarms, 

and correct negatives. Then, it is true that PERSIANN is more accurate when it hits, but 

from the scatterplots, it was seen that it missed more rainfall events than the other 

products.  

4.8 Model averaging 

The tests required to compute if the average of several SPP has more skill than the 

most skilled product were computed for each pixel in the domain Figure 4-22 shows the 

few locations where the average was found to perform better than an individual product. 

The colors indicate on how many seasons the average SPP performs better than the 

individual products. Model averaging shows promise on the Sahel region, especially over 

Egypt. The satellite precipitation products used are too similar between them to present 

the negative correspondence property that makes averages better than the individual 

products. There is future work, because if we find a product that has errors with a 

negative correspondence with those present now, we could improve even further our 

precipitation estimates. There are a whole range of products that are of a different nature, 

like numerical models and reanalysis products that should be tested. 
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Figure 4-22: Locations where the performance of SPP averages is more skilled than the 

individual products.  

4.9 Streamflow simulations 

The effect on streamflow simulation of using bias corrected rainfall instead of raw 

data is investigated by comparing the NSE of simulations over the catchments defined by 

the stations Faleme at Gorubassi, Bafing at Makana, and Bakoye at Oualia, in the Senegal 

River Basin. 
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4.9.1 Single calibration and simulation period 

Two models were calibrated and run for simulation for each watershed and SPP; 

one with raw SPP data, and other with bias corrected data, for a total of 18 simulations. 

Table 4-17 presents the summary of the results of the simulations. 

 

Table 4-17: Simulation results with corrected and uncorrected SPP 

 Faleme at Gourbassi Bafing at Makana Bakoye at Oualia 

TMPA Raw Bias  
Corrected 

Raw Bias  
Corrected 

Raw Bias  
Corrected 

Rainfall       

Avg. calibration 3.67 3.57 3.77 3.81 2.34 2.29 

St.Dev. Calibration 7.81 7.02 6.00 5.67 5.00 4.60 

NSE Calibration 0.65 0.74 0.77 0.77 0.78 0.79 

Avg. simulation 3.08 3.04 3.47 3.52 2.22 2.19 

St.Dev. Simulation 6.75 6.18 5.63 5.43 4.80 4.46 

NSE Simulation 0.67 0.74 0.77 0.78 0.82 0.84 

Streamflow       

NSE Calibration 0.58 0.66 0.81 0.83 0.51 0.59 

NSE Simulation 0.63 0.79 0.85 0.87 0.39 0.39 

CMORPH Raw Bias  
Corrected 

Raw Bias  
Corrected 

Raw Bias  
Corrected 

Rainfall       

Avg. calibration 5.50 4.14 5.91 4.41 4.08 3.06 

St.Dev. Calibration 9.95 7.32 8.48 6.25 8.07 5.98 

NSE Calibration 0.28 0.67 0.56 0.76 0.50 0.79 

Avg. simulation 4.17 3.14 4.66 3.50 3.42 2.57 

St.Dev. Simulation 8.22 6.05 7.18 5.33 7.30 5.38 

NSE Simulation 0.33 0.68 0.54 0.75 0.34 0.73 

Streamflow       

NSE Calibration 0.04 0.63 0.67 0.84 -5.53 0.24 

NSE Simulation 0.54 0.71 0.71 0.67 -0.62 0.11 

PERSIANN       
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Table4-17: Simulation results with corrected and uncorrected SPP (Continued) 

PERSIANN Raw Bias  
Corrected 

Raw Bias  
Corrected 

Raw Bias  
Corrected 

Rainfall       

Avg. calibration 5.84 3.89 6.20 4.10 4.68 3.09 

St.Dev. Calibration 10.51 6.97 9.14 6.03 9.99 6.54 

NSE Calibration 0.41 0.85 0.55 0.82 0.08 0.80 

Avg. simulation 5.04 3.35 5.22 3.44 4.15 2.74 

St.Dev. Simulation 10.55 6.95 8.61 5.67 9.28 6.11 

NSE Simulation -0.23 0.66 0.13 0.68 -0.45 0.61 

Streamflow       

NSE Calibration -0.37 0.72 0.54 0.83 -11.78 -0.06 

NSE Simulation -0.47 0.63 0.57 0.54 -3.04 0.21 

 

In all with the exception of one case, the improvement of the precipitation 

estimate, measured as an increase in NSE, was followed by an improvement of 

streamflow NSE. In this regards, the bias correction is successful on improving the 

streamflow simulation. It is not clear if the catchment model dampens or amplifies the 

improvement in NSE of rainfall into the improvement of its streamflow counterpart. 
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4.9.2 Bootstrap method 

The average NSE result of the 20 bootstrap method calibration and verification 

data is shown in Table 4-18. In all the cases the NSE average increased significantly. 

Table 4-18: Faleme at Gourbassi bootstrap method NSE results. 

Faleme at 

Gourbassi TMPA CMORPH PERSIANN 

 

Raw 
Bias 

Corrected 
Raw 

Bias 

Corrected 
Raw 

Bias 

Corrected 

NSE 

Calibration 
0.58 0.85 -0.75 0.82 -2.43 0.75 

NSE 

Simulation 
0.37 0.79 -1.07 0.68 -2.51 0.64 
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5 CONCLUSIONS AND FUTURE WORK 

Satellite precipitation product errors depend on the rainfall regime and the global 

circulation patterns that control it, and from the different spatial groupings used, the most 

successful used is by latitude bands combined with seasons. Topography could be more 

explicative of some rainfall regimes on specific geographic features, but to capture that a 

finer spatial resolution is needed. The three climate classification zones did not isolate 

rainfall regimes to allow a successful bias correction procedure.  

In general, and by design, SPP are more skilled detecting rainfall on zones with 

tropical convective storms, and in particular, the SPPs are significantly better on zones 

and seasons where ITCZ is located. 

The bias correction technique by Wood (Wood et al., 2004) is very successful in 

removing the part of the MSE explained by error in the mean and the variance, leaving 

only the correlation related error.  

In addition, the effect of this correction in rainfall improves streamflow 

simulation, measured as the increase in NSE caused by the use of bias corrected 

precipitation input. 

Model averaging shows promise as a tool to further improve the skill of satellite 

precipitation products, given that we can find a rainfall estimation product of a different 

nature with a negative error correspondence. Numerical models and reanalysis products 

can be used in future research to test the conditions stated by Winter an Nychka (Winter 

& Nychka, 2010) for model averages. 
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PERSIANN has shown the smallest error, but a poorer performance under other 

performance indices than the other two products, suggesting that the algorithm is very 

good estimating the magnitude of the rainfall, but it misses more precipitation events than 

the others. If we could combine PERSIANN with TMPA, in a manner such as to have a 

second estimate if the first algorithm does not detect rain, we might improve the detection 

skill of the former and the accuracy of the latter. 
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A. APPENDIX – RAW DATA SCATTERPLOTS FOR LATITUDE 

BANDS 

 

Figure A-1: TMPA band A 
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Figure A-2: CMORH band A 

 

 

Figure A-3: PERSIANN band A 
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Figure A-4: TMPA Band B 

 

 

Figure A-5: CMORPH band B 
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Figure A-6: PERSIANN band B 

 

 

Figure A-7: TMPA Band C 
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Figure A-8: CMORPH band C. 

 

 

Figure A-9: PERSIANN band C. 
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Figure A-10: TMPA Band D. 

 

 

Figure A-11: CMORPH Band D. 
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Figure A-12: PERSIANN band D. 

 

Figure A-13: TMPA band E. 
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Figure A-14: CMORPH band E. 

 

 

Figure A-15: PERSIANN band E. 
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Figure A-16: TMPA band F. 

 

 

Figure A-17: CMORPH band F. 
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Figure A-18: PERSIANN band F. 
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B. APPENDIX – RAW DATA SCATTERPLOTS FOR KOPPEN GEIGER 

CLIMATIC CLASSIFICATION ZONES 

 

Figure B-1: Arid zones, TMPA. 

 

Figure B-2: Arid zones, CMORPH 
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Figure B-3: Arid zones, PERSIANN 

 

 

Figure B-4: Warm zones, TMPA 
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Figure B-5: Warm zones, CMORPH 

 

Figure B-6: Warm zones, PERSIANN 
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Figure B-7: Tropical zones, TMPA 

 

Figure B-8: Tropical zones, CMORPH 



99 

 

 

Figure B-9: Tropical zones, PERSIANN 

C. APPENDIX – RAW DATA SCATTERPLOTS FOR TOPOGRAPHIC 

CLASSIFICATION ZONES 

 

Figure C-1: Flat areas, TMPA 
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Figure C-2: Flat areas, CMORPH. 

 

 

Figure C-3: Flat areas, PERSIANN. 
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Figure C-4: Mountainous areas, TMPA 

 

Figure C-5: Mountainous areas, TMPA 
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Figure C-6: Mountainous areas, PERSIANN. 
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D. APPENDIX - BIAS CORRECTED SCATTERPLOTS FOR LATITUDE 

BANDS 

 

Figure D-1: TMPA Band A, Bias corrected. 

 

Figure D-2: CMORPH band A, bias corrected. 
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Figure D-3: PERSIANN band A, bias corrected. 

 

Figure D-4: TMPA band B, bias corrected. 
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Figure D-5: CMORPH band B, bias corrected. 

 

Figure D-6: PERSIANN band B, bias corrected. 
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Figure D-7: TMPA band c, bias corrected. 

 

Figure D-8: CMORPH band C, bias corrected. 
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Figure D-9: PERSIANN band C, bias corrected. 

 

Figure D-10: TMPA band D, bias corrected. 
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Figure D-11: CMORPH band D, bias corrected. 

 

Figure D-12: PERSIANN band D, bias corrected. 
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Figure D-13: TMPA band E, bias corrected. 

 

Figure D-14: CMORPH band E, bias corrected. 
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Figure D-15: PERSIANN band E, bias corrected. 

 

Figure D-16: TMPA band F, bias corrected. 
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Figure D-17: CMORPH band F, bias corrected. 

 

Figure D-18: PERSIANN band F, bias corrected. 
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E. APPENDIX – BIAS CORRECTED SCATTERPLOTS FOR 

CLIMATIC CLASIFFICATION ZONES- 

 

Figure E-1: TMPA Arid zone, bias corrected. 

 

Figure E-2: CMORPH arid zone, bias corrected. 
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Figure E-3: PERSIANN arid zone, bias corrected. 

 

Figure E-4: TMPA warm zone, bias corrected. 
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Figure E-5: CMORPH warm zone, bias corrected. 

 

Figure E-6: PERSIANN warm zone, bias corrected. 
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Figure E-7: TMPA tropical zone, bias corrected. 

 

Figure E-8: CMORPH tropical zone, bias corrected. 
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Figure E-9: PERSIANN tropical zone, bias corrected. 
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F. APPENDIX – BIAS CORRECTED SCATTERPLOTS FOR 

TOPOGRAPHIC CLASSIFICATION ZONES 

 

Figure F-1: TMPA plains, bias corrected. 

 

Figure F-2: CMORPH plains, bias corrected. 



118 

 

 

Figure F-3: PERSIANN plains, bias corrected. 

 

Figure F-4: TMPA mountains, bias corrected. 
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Figure F-5: CMORPH mountains, bias corrected. 

 

Figure F-6: PERSIANN mountains, bias corrected. 
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G. APPENDIX – HISTOGRAMS OF ERRORS WITH FITTED GAMMA DISTRIBUTIONS 

 

Figure G-1: TMPA relative frequency versus daily rainfall for each season and latitude band. 
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Figure G-2: CMORPH  relative frequency versus daily rainfall for each season and latitude band. 



122 

 

 

Figure G-3: PERSIANN relative frequency versus daily rainfall for each season and latitude band. 
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