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Abstract:The accurate measurement ofprecipitation is essential to understanding regional 

hydrological processes and hydrological cycling.Quantification of precipitation over remote 

regions such as the Tibetan plateau (TP) is highly unreliable because of thescarcity of rain 

gauges.The objective of this study is to evaluate the performance of the satellite precipitation 

product of Tropical Rainfall Measuring Mission (TRMM) 3B42 v7 at daily, weekly, monthly 

and seasonalscales. Comparison between TRMM grid precipitation and point-based rain 

gauge precipitation was conducted using nearest neighbor (NN) and bilinear weighted 

interpolation (BWI) methods. The results showed that the TRMM product could not capture 

daily precipitation well due to some rainfall events being missed at short time scalesbut 

provided reasonably good precipitation data at weekly, monthly and seasonal scales. TRMM 

tended to underestimate the precipitation of small rainfallevents (less than 1 mm/day), while 

it overestimated the precipitation of large rainfall events (greater than 20 mm/day). 
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Consequently, TRMM showedbetter performance in the summer monsoon season than in the 

winter season.Through comparison, it was also found that the bilinear weighted interpolation 

method performs better than the nearest neighbor method in TRMM precipitation extraction. 
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1. Introduction 

The Tibetan Plateau (TP), with an average elevation of 4000 m, represents a unique 

geographical region on the earth (You et al., 2008). As the origin of several large Asian rivers, 

the precipitation over the TP is undoubtedly important for studies of hydrology and water 

resources in Asia(Immerzeelet al., 2010). Precipitation is a key component of the global 

water cycle (Allen and Ingram 2002), and high-quality precipitation observations are 

important for climate change research and climate model evaluation over the TP.Studies of 

climatic variability and hydrological processesover the TP have been tremendouslyimpeded 

because of the sparseweather stations.Consideringthe complex terrain and harsh natural 

environment of the TP,satellite-based data sets and complementary rain gauge-based 

observations provide a possible alternative. 

Since the successful launch of the first meteorological satellite TIROS-1 in 1960, 

hundreds of precipitation retrieval algorithms have been developed for all kinds of sensors 

(Kummerow et al., 1998).At present, more global precipitation datasets are increasingly 

being produced, such asthe Precipitation Estimation from Remote Sensing Information using 

Artificial Neural Network (PERSIANN) (Sorooshian et al., 2000), Climate Prediction Center 

Morphing (CMORPH) (Joyce et al., 2004), Global Satellite Mapping Precipitation (GSMaP) 

(Kubotaet al., 2007), Tropical Rainfall Measuring Mission (TRMM) (Huffmanet al., 2007), 

Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) (Fuck et al., 2015; 

Duan et al., 2016) and Global Precipitation Measurement (GPM) (Houet al., 2014). TRMM 

precipitation data, which estimates quasi-global rainfall (50°N-50°S) at a spatial resolution of 

0.25°×0.25°, had been widely used in recent years. However, satellite-based remote sensing 

is an indirect estimate of precipitation, inherently containing regional and seasonal systematic 

biases and random errors (Shen et al., 2014), which need to be evaluated when such products 

were applied. 
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Numerous studies have been carried out to evaluate the accuracy of TRMM precipitation 

data, as the validation of satellite data with rain gauge observations is essential prior 

topursuing hydrological studies based on precipitation data derivedvia satellite, especially in 

mountainous areas (Hong et al., 2006; Wu and Zhai, 2012; Yong et al., 2012, 2015; Larsenet 

al., 2016).Similarly, multisource, satellite-based precipitation in the TP had been evaluated 

and compared in recent years. Guo et al. (2013) validated CMORPH using two years (2011-

2012) of summertime hourly precipitation data, but it grossly overestimated the precipitation 

amount over the TP. Gao and Liu (2013) analyzed three satellite precipitation products over 

the Tibetan Plateau:TRMM Multi-satellite Precipitation Analysis (TMPA), CMORPH and 

PERSIANN. The results revealed that PERSIANNunderestimated the precipitationat lower 

elevations of the TP,while TMPA and CMORPH showed weak correlationbetween 

precipitation andtopography.Recent studies suggested that precipitation products of 

TRMM3B42 v7could provide a promising way to resolve data scarcity in mountainous 

regions (Feyera et al., 2010; Mei et al., 2014).However, using interpolated datafrom sparsely 

distributed rain gauges to calibrateTRMM data could bring uncertainty to the results 

(Scheelet al., 2011). Tong et al. (2014) assessed precipitation estimates from seven years 

(2006–2012) of TRMM Multi-satellite Precipitation Analysis (TMPA, 3B42) in the TP, and 

the results were compared to the available gauge data. It was found that TMPA significantly 

overestimated the precipitation in the entire TP, compared to the rain gaugedata. This could 

be due to the complex topography, harsh natural environment and sparsely distributed rain 

gauges in the TP, which is likely to bring uncertainty and spatialmismatch errorsto the results 

when interpolating ground-based data. To improve the interpolation accuracy, the grid-to-

point methodhas beenadopted, in Mount Kilimanjaro (Haque et al., 2013) and Kuwait (Uddin 

et al., 2008),for example. The similarities in topography and mean precipitation between the 
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TP and Mount Kilimanjaro implythatit is possible to improve the reliability ofthe TP 

precipitation data obtained from TRMM through the grid-to-point method. 

Two grid-to-point techniques,including nearest neighbor (NN) and bilinear weighted 

interpolation (BWI),are available to extract the daily TRMM precipitation valueat any spatial 

location, with limited or even no ground rain gauge station data (Uddin et al., 2008).The 

applicabilityof the BWI method to derive precipitation information at any spatial location has 

been recommended to reduce the space mismatch errors when direct measurements are 

unavailable.Uddin et al. (2008) found good agreement between the computed TRMM 

precipitation data using the BWI method and the measured data. Zhang et al.(2014) used 

three interpolation methods, including inverse distance-weighted, bilinear interpolation and 

the nearest point, to compute precipitation over the locations of rain gauge stations from 

satellite precipitation products and found that the results of the bilinear interpolation method 

fitwell with the gauge values at daily and monthly scales. 

This studyproposed a grid-to-point comparison approach insteadof interpolation of rain 

gauge data to evaluate TRMM precipitation in remote mountainous areas. The TibetanPlateau 

was taken as the test case and BWI and NN methods were adopted. The major objectives 

were to (1)evaluate the quality of the TRMM precipitation product at different time scales; (2) 

reveal the mechanisms affecting the TRMM precipitation product; and (3) select a 

comparatively suitable method to extract TRMM precipitation. 

 

2. Materials and Methods 

2.1 Study Area 

The study was conducted in theTP,which is known as theThirdPole,spreading over an area of 

~2.5million km2 and consisting of ~100,000km2of glaciers. The region exhibits a very 

complex topography, with an average elevation of more than 4000 m above sea level 
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(Royden et al., 2008). The study area lies between 25–45N and 75–105E(Fig. 1).The 

TPis affected by different climate systems. In thesummer, the Indian summer monsoon brings 

plentiful humidity from the Arabian Sea and the Bay of Bengal to the TP, and the East Asian 

summer monsoon from the South China Sea and the western Pacific (Zhu et al., 2011).In the 

winter, the high terrain of the Himalayan region blocks the synoptic-scale exchange of cold 

polar air, centered near the Siberian region,with warm tropical air.The only path of air 

exchange is east of the Himalayas over Southeast Asia. Therefore, in the summer season, the 

southeast monsoon yields heavy precipitation, while westerly winds bring winter 

precipitation (Rees and Collins, 2006). 

 

2.2 Data collection 

To improve the accuracy of gauge-measured precipitation in the Third Pole region, Ma et al. 

(2014) tested various precipitation gauges and developed a bias-corrected precipitation 

dataset in the region for the period of 1951-2010. The dataset had been biascorrected based 

on the precipitation characteristics such as wind-induced error, wetting loss, and evaporation 

loss (Ma et al., 2014). In this study, the bias-corrected precipitation data were applied to 

avoid thesystematic errors of rain gauges.The data of 35 meteorologicalstations (Fig. 1) from 

Chinese Standard Precipitation Gauge (CSPG) measurements were directly used to 

validatethe satellite estimates of precipitation over and around the TP. 

The TRMMprecipitation product covers an area from 50° S–50° N latitude, 180° W–

180° E longitude. The product is available on a daily scale with a spatial resolution of 0.25° × 

0.25°(Huffman et al. 2007). The data is downloadable from the website of GES DISC-NASA 

(https://daac.gsfc.nasa.gov/). The TRMM precipitation data and rain gauge precipitation data 

for the period of 1 January 2003 to 31 December 2009 were used in this study. Satellite data 
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werevalidated by comparing it with the bias-corrected precipitation data of the rain gauges, 

which are independent of the TRMM product. 

 

2.3 Analysis methods 

The BWI and NN methods were applied to calculate the TRMM value at any rain gauge 

position within TRMM pixelsand to derive the relationship between gauge measurement and 

satellite estimation (Uddin et al., 2008). The pixels containing at least one rain gauge 

wereused in the calculation.  

The NNmethod: The pixels with at least one rain gauge stationwereselected in thestudy. 

The daily TRMMprecipitationvalueobtained by using rain gauge station geographic 

coordinates (latitude and longitude) was extracted by ArcGIS software (ArcGIS V10.2, ESRI, 

US) for the study period.The time series of the nearest grid point was created without 

interpolation. 

The BWI method: For analysis in local regions, the TRMM data with 0.25°×0.25° grid 

resolution is relativelycoarse. In addition, somestationsare located atthe corner of the host 

pixel and could be affected by the pixels nearby. Therefore, instead of using the grid value for 

anindividualpixel or the averaging of nearby pixel values on the 0.25°×0.25° grid, the 

downscaling method,BWI,wasapplied to consider the location of the gauge. The TRMM 

datawas used for BWIto estimate the data for a specific rain gauge location in Fig. 2. The 

BWI estimates the indefinite value 
ˆ ( , )TRMM i iP x y  at any location

( , )i ix y
, given the satellite 

precipitation TRMMP
 values at gauge locations

( , )i ix y
in the subsequent mode.  

 1

ˆ ( , ) ( , )
n

TRMM i i TRMM i i i

i

P x y P x y W


 
 (1) 

The weights Wican be derived from the spatial locations in a two-dimensional space. 

More details can be found in Uddin et al., (2008). 

 



 

This article is protected by copyright. All rights reserved. 

Because of the poor distribution of rain gauges in the study area (Fig. 1) and the different 

spatial and temporal characteristics between satellite measurements and gauge data, it is 

difficult to match the TRMM data and rain gauge data. To overcome this deficiency, a 2×2 

pixel size was considered when the BWI method was applied. Precipitation data at different 

spatial and temporal scales were compared in the analysis,focusing on three aspects: (1) 

comparing TRMM and gauge data at different temporal resolutions (daily, weekly, and 

monthly) over the TP,(2) comparing TRMM and gauge data for the summer monsoon (May-

October) and cold season (November-March) over the TP,and (3) comparing TRMM and 

gauge data with respect to locationsover the TP.   

2.4 Validation 

Various statistical methods including coefficient of determination(R2), root mean square error 

(RMSE) and relativeBiashave been adopted to validate theperformance of TRMM 

precipitation products (Xueet al., 2013; Chen et al., 2015).The R2was used to calculate the 

agreement between satellite precipitation estimates and gauge observations. 
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The RMSE is frequently used to assess the differences between values predicted by a 

model or an estimator and the values actually observed. A small RMSE means small error 

between the TRMM results and rain gauge observations. 

 

 

 

(3) 

The relative Bias(%) describesthe systematic deviation of satellite precipitation estimates. 

A smaller absolute value of Biasindicates smaller deviation.  
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where n is the number of rain gauges and iT
and iG

are the ithTRMM estimated 

precipitation and the corresponding rain gauge data, respectively. T and G are the mean 

precipitation of TRMM and the corresponding rain gauge, respectively. 

The R2, RMSEand relative Biasbetween gauge and TRMM data were used as the primary 

indicators of TRMM performance. Four types of results could be obtained: H (rain event 

correctly predicted by satellite), FA (satellite correctly predicted no rain event), M (rain event 

missed by satellite) and CN (false prediction by satellite) (Ma et al., 2016), as shown in Table 

1. The number of rain events was calculated by counting the event with precipitation greater 

than 1.0 mm/day based on the effective rain gauge data. Furthermore, frequency bias index 

(FBI), false alarm ratio (FAR), probability of detection (POD)and Accuracywere used to 

validate satellite precipitation estimates against gauge data. It is noteworthythat the threshold 

of a precipitation record was considered to be 1.0 mm/day.The likelihood table wasused to 

categorize the different types of error.  

 

 

H FA
FBI

H M




  (5) 

 

H
POD

H M


  (6) 

 

FA
FAR

H FA


  (7) 

 

H CN
Accuracy

Total




 (8) 

FBI shows the frequency of TRMM estimatingrain events relative to the frequency of the 

precipitation measured by stations.AnFBI>1.0 means that the numberofrainevents is 
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overestimated by TRMM duringthe studyperiod, while an FBI <1.0 indicates 

underestimation.TheFAR identifies the ratio of alarms falsely estimated by TRMM. 

ThePODindicates the ratioofrain eventsthat the satellite estimated correctly.PODandFAR 

vary from 0 to 1; a perfectPODhas a value of 1, and aperfectFAR has a value of 0.Accuracy 

expresses the correct proportions of the estimations, which varies from 0 to 1, and its perfect 

score is 1. 

3. Results 

3.1 Performance comparison between NN and BWI at different temporal scales 

The NN and BWI methodswere applied to the entire time series of the TRMM dataset to 

compare the sensitivity of space mismatch errors. 

The scatter diagram (Fig. 3) revealed the density of points along the 1:1 line for the time 

series of 1 (daily), 7 (weekly) and 30 (monthly) days, summedover the whole period. In both 

methods,with the increase in time duration from daily to weekly to monthly, the coefficient of 

determination increased significantly. 

 

The correlation coefficient (R), R2, RMSEand relative Bias for all 35 stations,together 

with theirmean (Mean) and standard error (±SE),are shown in Table 2. The results of FBI, 

FAR, POD and Accuracyarepresented in Table 3. 

The correlation coefficient between TRMM values and gauge-measured precipitation 

varied widely, which were 0.060-0.374 for NN and 0.057-0.400 for BWI, respectively. The 

RMSE differed from 0.7 to 22.5mm/dayfor NN and from 0.67 to 22.3 mm/dayfor BWI. The 

relative Bias between TRMM and gauge datasets in the cold season, monsoon season and 

daily scale are shown in Table 3. It was found that the BWI method had a positive bias of 

106.7% and a negative bias of -38.3%.The NN method had a positive bias of 120% and a 

negative bias of -36% over the study area. 
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The biasesfor different precipitation rates that were obtained through NN and BWI 

methodsare shown in Fig. 4. The NN method showed significant overestimation of 

precipitation larger than 20 mm/day,while when precipitation exceeded 10 mm/day,the BWI 

method showed underestimation over the TP. 

 

3.2 Assessment of TRMM precipitation detection capability  

FBI, POD,FARand Accuracy were calculated to quantify the different types of error from the 

BWI and NN methods. The number of rain events was overestimated by both BWI and NN 

methods (FBI=2.04% and 1.6%, respectively) in the study area. The BWI methodhad a 

relatively higher overestimation than the NN method. Although both methods overestimated 

the number of rain events, more than 60% of the observed rain events were estimated 

correctly from TRMM by the BWI method.  

At weekly and monthly scales, both methods showed similar results,except for the 

number of correctly estimated rain events (POD). The POD values of NN were slightly lower 

than those ofBWI (Fig. 5). As the time aggregated from a daily scale to monthly,thevalues 

ofPOD and FBIhad significant improvements, but FAR and Accuracy did not show eminent 

changes. 

 

Fig. 6presents the spatial pattern of estimation error for the NN and BWI methods. In Fig. 

6, theFAR, POD, FBI and Accuracy at each gauge were interpolated using the Inverse 

DistanceWeighting (IDW) method, which is typically used forrandomly distributed data 

(Duan and Bastiaanssen, 2013), and the hillshade was superimposed.Based on the results of 

POD in Fig. 5, it appears that BWI had an acceptablecapabilityto capture rain events,which 

was better in monsoon season than in the cold season (Table 3). 
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3.3 Evaluation of TRMM 3B42 v7product inspatiotemporaldistribution 

The value of precipitation in each rain gauge station was compared with the TRMM 

precipitation value of the corresponding grid cell. The comparisons were made on weekly, 

monthly and seasonal (monsoon and cold season) scales. Considerations ofthe spatial 

distribution of performance related to the different temporal scales were also investigated. 

All 35 rain gauges showed statistically significant correlation at the 95% confidence 

level with the TRMM precipitation product. Similar to Fig. 6, in Fig. 7, the green and pink 

colors indicate high and low coefficients of determination, respectively. For the daily scale, 

the lowest correlation was found at the southeast and northeast parts of the TP. The poor 

results inthe cold season (pink areas) revealed that the TRMM product could not detect the 

low intensity rain and snowfall during the cold season. 

In general, the TRMM precipitation product had a mostly negative bias in the central and 

northeast TP and had mostly positive bias in the remaining area. Fig. 8 shows that in the 

western part of the TP, TRMM underestimated the precipitation; however, in the eastern and 

northern parts, TRMM showed overestimation. TRMM tended to have a large bias in the cold 

season anda relatively small bias in the monsoon season (Table 2).  

 

4. Discussion 

Some relevant studies have been carried out to evaluate satellite precipitation products over 

the TP (Yin et al., 2008; Gao and Liu, 2013; Tang et al., 2016; Ma et al., 2016). However, 

due to the complex topography, harsh natural environment and sparsely distributed rain 

gauges, using the interpolated data from sparse rain gauges to calibrate satellite precipitation 

data will bring high uncertainties and errors (Condom et al., 2011). A grid-to-point 

comparison approach was proposed in the study instead of interpolation of rain gauge data to 

evaluate TRMM 3B42 v7 precipitation in remote mountainous areas, and the already bias-
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corrected rain gauge data were used to quantify the accuracy of the TRMM precipitation 

product at spatiotemporal scales. This study will yielda preliminary understanding of the 

effects of spatialmismatches and temporal scales on precipitation over the TP. Understanding 

these effects is critical to promotingour knowledgeof water and energy cycles, as well as the 

hydrological processes atthe Earth’s third pole, and provides an accuracy comparison of 

satellite precipitation estimates and gauge data for hydrological applications. 

Previous studies had shown that the TRMMdata at daily to monthly intervals are 

oftenunderestimated for the Himalayan range (Barros et al., 2004; Anders et al., 2006; Berg 

et al., 2006). However, in this study it is found that the TRMM 3B42 v7 product showed 

overestimation or underestimation in different parts of the TP, because of the use of 

microwave (MW) and infrared (IR) data (Tong et al., 2014). Aspresented inFig.8, for the 

northern and northeastern parts of the TP, the daily TRMM precipitation showedscattered 

negative bias of-38.4% inthe BWI method and-36.5% in the NN method.This could be 

attributed tothe complex orography of the region,where no uniform obstacle for cloudsis 

present.These resultswere consistent with the previous studies,suggesting that TRMM 

frequently underestimates precipitationinhighland and mountainous areas (Berg et al., 2006). 

It isseen from Fig. 8 that the bias is mostly smaller in the BWI method than in the NN method, 

which means the NN method is more sensitiveto the spatial mismatch errors. TRMM 

precipitation showed only slight overestimationin a large area in the center and western 

partsof the TP. These results indicated that by interpolating between satellite data and gauge 

data instead of interpolatingpurely gauge data, TRMM couldbe a useful alternativefor gauge 

data in mountainous areas lackingin ground stations. 

Due to the interpolation of rain gauge datain the western region, where there 

areinsufficient meteorological stations,TRMM may have yielded overestimations (+120%) in 

some parts of the TP, which was also observed by Huffman et al. (2011). As discussed by 
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Uddinet al. (2008)and Dinku et al. (2008), one of the challenges for MW algorithms in areas 

with ice cover and very cold surfaces is that ice and snow may be confused with precipitation, 

so MWcannot detect precipitation correctly. Therefore,the parts of the TP covered with snow 

and glaciers may lead to overestimation in the TRMM. In particular, this problem magnifies 

the relative Bias over the central part of the TP, where the precipitation is low in the cold 

season (green color in Fig. 8).However, BWI showed generally lower overestimation (+106%) 

than the NN method (+ 120%), which could indicate its better applicability in the region.In 

general, the detection capability ofsatellite precipitation products decreasesas the increase of 

the extremethreshold, and thecommonly used monthly bias adjustment approach did 

notnecessarily improve the detection of high precipitation rates(AghaKouchak et al., 2011; 

Mehran and AghaKouchak, 2014). In this study, it can be seen from Fig.4 that the detection 

capability of the TRMM productis poor when the precipitation was greater than 20 mm/day. 

The poor ability of the TRMM 3B42 v7 product for detectingextreme precipitation may lead 

to biased results when integrating the data intohydrological models or land-surface models 

for floodforecasting. 

Regarding temporal scale, the verification of the TRMM 3B42 v7 over the TP produced 

unsatisfactoryresults on the daily scale,while significant improvementwas obtained in the 

estimation of weekly and monthly precipitation.High coefficient of determinationat weekly 

and monthly scales against the low coefficient of determinationat the daily scale indicated 

that TRMM mightmiss some rain events at short time scales, which is the main source of 

error at the daily scale(Meiet al., 2014). Besides, part of the errorsat daily estimation is due to 

the time mismatch between rainfall recorded by gauge and measured by TRMM.Time lags 

were found between TRMM and gauges in observedprecipitation in the cold season, possibly 

due to the lack of observable rain clouds for certain precipitation conditions (Li et al., 2012). 

Such lags lead to subsequent error in determining precipitation by TRMM. 
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Therefore,extending the time scale from daily to weekly and monthly could decrease the false 

and missed observations in TRMM.Katiraie et al. (2017) also reported that statistical indices 

become more significant when time interval increases to monthly scale. 

The assessment of monsoon and cold seasonsrevealedthat the performance of both 

methods in the cold season was not as good as that in the monsoon season. However, the 

BWI method performed slightly better thanthe NN method. During the monsoon season, it is 

worth mentioning that the eastern region, such as the east Qilian Mountains (see Fig. 1), is 

affected by the East Asian monsoon (Yao et al., 2012), whileheavy precipitation in the 

southeast TP is mainly triggeredby the southeast monsoon and shifts from east to west. A 

storm that developed when the TRMM was overpassing the region at its regular time could 

not be detected by TRMM, but it was observed by rain gauges.Although the IR-based 3B42 

RT is used to fill the gaps when TRMM is not available (Huffman et al., 2011), it has 

limitations in estimating the precipitation in complex terrains (Chen et al., 2013). This may 

cause underestimation by TRMM in the area affected by the Asian monsoon climate,when 

short duration rainfall happens. During winter to early summer, westerly winds transported 

moisture to the westernpart of the TP.The precipitation was much less than that in 

summer,when the area receivedmoisture from the east monsoon;thus, the rain events were 

underestimated by TRMM(Fig. 6). The fewer rain events in the cold season reduced the 

correlation coefficient comparing the pink color in the cold season and monsoon season in 

Fig. 7. The underestimation by TRMM during cold seasons in the west area occursbecause 

the precipitation produced by warm cloud tops is unlikely to give rise to a signal detected by 

any passive techniques, includingMW andIR. Tang (1989) found that during the winter 

monsoon, the precipitation begins to decrease in the eastern part of the TP, and rainbegins to 

fall in the western TP. The stormsproduced by warm cloud tops in the western TPare the 

culprit for the underestimation in the west during the cold season and are unlikely tobe 
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present at such elevations in this season.On the other hand, ice surface and glaciers over the 

TP may be confused with precipitation inTRMM and accordingly lead to the overestimation 

in the ice-covered regionduring the cold season. 

Satellite precipitation data cover the low and middle latitudes of the world and can make 

up for the scarce gauge observations, which is of great importance to disaster preventions and 

simulations of hydrological processes,especially in remote mountainous areas.The evaluation 

of satellite precipitation in mountainous areas will provide important basis for its 

generalization and application.However, there is a typical scale mismatch issue between 

point-based raingauge data and the grid-based precipitation products (Duan et al., 2016). The 

usual way in matching gridded satellite products with pointed-based measurements from 

gauge stations is to upscale the point-based rain gaugedata to the same grid scale with the 

satellite precipitation products using the Inverse Distance Weighted method(Hu et al., 2014). 

However, this matching method will face challenges in the mountainous areas wherethe 

satellite precipitation data and rain gauge data are difficult to match,and using interpolated 

data from sparsely distributed rain gauges could bring uncertainty to the results(Uddin et al., 

2008; Scheel et al., 2011). In this study, two grid-to-point methods (NN and BWI) were 

proposed to exact the TRMM satellite precipitation ateach gauge station. Results showed that 

the BWI method performed better with relative higher R2 (Fig. 3) and lower Bias(Fig. 4) in 

extracting TRMM data in the study area, whichdemonstrated that the proposed grid-to-point 

BWI method iseffective for exactingthe TRMM precipitation in remote mountainous 

areaswith high accuracy.However, it is worth noting that the rain gauges and the satellite 

instruments make fundamentally different measurements.The rain gauges have good time 

sampling but poor spatial sampling, while the satellite estimates have good spatial sampling 

but poortime sampling (Bowman, 2005). Therefore, the fusingof rain gauge observations and 
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satellite estimatesto improve the accuracy of precipitationmeasurementswill be the focus of 

future research. 

5. Conclusion 

The nearest neighbor and bilinear weighted interpolation methods were applied to evaluate 

the TRMM 3B42 v7precipitation product in remote areaswith insufficient rain gauges, such 

as the Tibetan Plateau. It was found thatTRMM could not capture precipitation well at the 

daily scale but could provide acceptable results at weekly, monthly and seasonal 

scales.TRMM tended to underestimate the precipitation when small rain events (less than 1 

mm/day) occurred, and the detection capability of the TRMM 3B42 v7 products is 

unsatisfactorywhen the precipitation was greater than 20 mm/day.TRMM performed 

relatively better in the summer monsoon season than in the winter season, which contributes 

only 10% of the annual rainfall. In conclusion, the TRMM 3B42 v7 product is applicable for 

providing precipitation data at coarse time scales, especially annual total precipitation over 

the Tibetan Plateau, and the BWI method performed better than the NN method in extracting 

TRMM data.Future work will focus on the evaluation of the precipitation dataset with a 

higher spatial resolution, such as GPM,with a 0.1 degree spatial resolution and CHIRPS, with 

a 0.05 degree spatial resolution, over the TP and the application of multisource satellite 

precipitation products to hydrological modeling. 
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Table 1: Likelihood for comparing detection error between satellite and gauge data. The 

rainfallthreshold used is 1.0 mm. 

 

Event 
Observed (Gauge) 

Total 
Yes No 

Forecast 

(TRMM) 

Yes 
Hit False Alarm 

*Fc: Yes 
(H) (FA) 

No 
Miss Correct Negative 

Fc: No 
(M) (CN) 

Total **Obs: Yes Obs: No Sum Total 

*Fc: Forecast 

** Obs: Observed 
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Table 2. Correlation coefficient (R), RMSE and relative Bias for all 35 stations 

Stations 
Correlation Coefficient RMSE (mm) Relative Bias (%) 

NN BWI NN BWI NN BWI 

1 0.147 0.147 3.270 3.228 66.441 66.407 

2 0.128 0.125 1.325 1.264 112.439 106.723 

3 0.081 0.118 0.696 0.675 2.535 5.879 

4 0.299 0.316 4.509 4.322 39.304 31.925 

5 0.132 0.174 3.598 3.265 -33.509 -26.016 

6 0.258 0.303 4.850 4.430 4.355 28.759 

7 0.069 0.106 1.940 1.752 -23.808 -18.799 

8 0.101 0.119 4.599 4.347 25.944 58.026 

9 0.304 0.355 4.660 4.044 -31.130 -32.522 

10 0.221 0.231 1.674 1.548 93.912 96.578 

11 0.165 0.226 3.093 2.948 -17.323 -12.888 

12 0.257 0.325 4.281 3.719 21.863 20.374 

13 0.298 0.331 4.522 4.175 47.043 24.672 

14 0.307 0.322 4.843 4.651 25.389 21.584 

15 0.209 0.215 5.070 4.656 18.058 25.236 

16 0.332 0.358 4.814 4.550 -26.023 -21.605 

17 0.374 0.400 4.426 4.052 89.555 98.551 

18 0.244 0.256 6.127 5.371 89.151 86.387 

19 0.284 0.325 4.683 4.402 37.018 36.622 

20 0.311 0.317 4.695 4.398 -4.038 -2.494 

21 0.184 0.205 7.600 7.446 -7.518 -10.306 

22 0.340 0.381 5.179 4.848 10.250 12.172 

23 0.060 0.057 5.831 5.222 -11.390 -13.304 

24 0.363 0.397 5.034 4.584 0.700 0.187 

25 0.309 0.327 4.949 4.758 -6.161 -7.582 

26 0.179 0.182 5.119 5.097 -16.959 -16.678 

27 0.127 0.130 10.678 10.444 -18.392 -18.275 

28 0.091 0.091 10.083 10.064 0.930 -0.634 

29 0.148 0.164 10.878 10.552 -0.981 -0.771 

30 0.102 0.110 10.691 10.582 93.702 93.083 

31 0.208 0.210 9.353 8.992 -24.859 -28.779 

32 0.193 0.196 9.586 9.543 -36.537 -38.393 

33 0.167 0.170 11.141 10.991 -32.074 -29.502 

34 0.194 0.198 22.475 22.318 -7.909 -7.197 

35 0.129 0.129 21.452 21.422 120.258 99.014 

Mean 0.209 0.229 6.506 6.247 17.150 17.898 

SE 0.015 0.017 0.805 0.811 7.654 7.409 
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Table 3: An overview of comparisons between TRMM daily estimates and gauge 

measurement, (NN: nearest point, BWI: Bilinear Weighted Interpolation) 

Factors Method 
Daily 

Mean ± SE 

Weekly 

Mean ± SE 

Monthly 

Mean ± SE 

Cold Season 

Mean ± SE 

Monsoon 

Season 

Mean ± SE 

Numbers  2557 366 84 1059 1288 

Gauge (mm)  635.28 635.28 635.28 46.98 558.98 

TRMM (mm) NN 673.07 673.07 673.07 56.13 586.11 

 BWI 671.59 671.59 671.59 56.43 584.53 

R NN 
0.209 ± 

0.015 

0.601 ± 

0.029 

0.806 ± 

0.035 

0.080 ± 

0.015 
0.157 ± 0.016 

 BWI 
0.229 ± 

0.017 

0.626 ± 

0.030 

0.817 ± 

0.035 

0.086 ± 

0.017 
0.174 ± 0.018 

R2 NN 
0.052 ± 

0.007 

0.390 ± 

0.031 

0.691 ± 

0.046 

0.014 ± 

0.004 
0.034 ± 0.006 

 BWI 
0.062 ± 

0.008 

0.422 ± 

0.033 

0.709 ± 

0.046 

0.017 ± 

0.006 
0.041 ± 0.007 

RMSE (mm) NN 
6.506 ± 

0.805 

16.55 ± 

2.084 

34.86 ± 

5.339 

1.997 ± 

0.299 
8.715 ± 1.118 

 BWI 
6.247 ± 

0.811 

15.86 ± 

2.088 

33.72 ± 

5.269 

1.930 ± 

0.294 
8.366 ± 1.125 

Accuracy NN 
0.679 ± 

0.014 

0.700 ± 

0.022 

0.864 ± 

0.021 

0.768 ± 

0.020 
0.609 ± 0.016 

 BWI 
0.653 ± 

0.015 

0.688 ± 

0.025 

0.864 ± 

0.021 

0.727 ± 

0.023 
0.598 ± 0.016 

FBI NN 
1.638 ± 

0.138 

1.430 ± 

0.075 

1.170 ± 

0.032 

4.024 ± 

0.699 
1.403 ± 0.126 

 BWI 
2.049 ± 

0.181 

1.551 ± 

0.087 

1.183 ± 

0.034 

5.316 ± 

1.094 
1.740 ± 0.148 

POD NN 
0.566 ± 

0.028 

0.899 ± 

0.014 

0.992 ± 

0.003 

0.314 ± 

0.028 
0.615 ± 0.028 

 BWI 
0.674 ± 

0.025 

0.943 ± 

0.009 

0.998 ± 

0.001 

0.360 ± 

0.032 
0.734 ± 0.024 

FAR NN 
0.594 ± 

0.027 

0.319 ± 

0.032 

0.133 ± 

0.021 

0.843 ± 

0.021 
0.498 ± 0.030 

 BWI 
0.603 ± 

0.027 

0.335 ± 

0.031 

0.136 ± 

0.021 

0.855 ± 

0.019 
0.508 ± 0.030 

Relative 

Bias% 

NN 17.2±7.65 -- -- 
218.2 ± 

70.84 
9.093 ± 7.205 

BWI 17.9±7.40 -- -- 
222.9 ± 

76.45 
9.827 ± 6.531 
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Figure1. Gauge stations distribution over the Tibetan Plateau (unit. N/E). 
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Figure 2. A graphical view of bilinear weighted interpolation method in 2x2 grid (Uddin et al., 

2008). 
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Figure 3. Scatter diagram for TRMM precipitation versus gauge measurement over daily, 

weekly and monthly for January 2003–December 2009. Coefficient of determination and 

regression equation are shown. 
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Figure 4. Relative Bias in different precipitation rates. 
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Figure 5. Temporal pattern of detection error in satellite estimated by NN and BWI against 

gauge measurement precipitation during 2003-2009 (%). 
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Figure 6. Spatial pattern of detection error index in different method (NN and BWI) during 

2003-2009. 
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Figure 7. Spatial distribution on correlation coefficient between precipitation from TRMM 

3B42 v7 and gauge measurement in different method of NN and BWI during 2003-2009 over 

study area. 
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Figure 8. Spatial distribution of daily relative Bias (%) from TRMM 3B42 against gauge 

measurement in different season during 2003-2009. 

 

 


