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Abstract: 7 

Precipitation is a fundamental element of hydrological analyses, water resource management, and 8 

drought monitoring. To obtain high-spatiotemporal-resolution precipitation information, in this study, 9 

we proposed a merging method to integrate four satellite precipitation products (i.e., the Tropical 10 

Rainfall Measuring Mission (TRMM) Multisatellite Precipitation 3B42 in Real-Time (TMPA-3B42RT), 11 

Climate Precipitation Center Morphing Technique (CMORPH), Global Satellite Mapping of 12 

Precipitation Near-Real-Time (GSMaP_NRT) and Precipitation Estimation from Remotely Sensed 13 

Information using Artificial Neural Networks (PERSIANN) products) with gauge observations. First, 14 

geographically weighted regression (GWR) was adopted to downscale the four original satellite 15 

products. Second, six base learners of stacking algorithm were used to correct the deviation in each 16 

downscaled satellite product. Third, the six corrected results of each downscaled product were 17 

integrated by a secondary learner of stacking algorithm. Fourth, the ensemble model output 18 

statistics-censored, shifted gamma (EMOS-CSG) method was adopted to produce the final precipitation 19 

product by merging the four satellite product-stacking results. The merging method was applied to the 20 

Beimiaoji basin from April to October in the 2016–2019 period. The results showed that (1) the daily 21 

merged precipitation product had a better performance than the original satellite products in terms of 22 

the six considered statistical indexes, with the lowest root mean square error (RMSE) at 4.33 mm and 23 

the highest correlation coefficient (CC) at 0.64; (2) the utilized merging method not only increased the 24 

spatial resolution to 1 km but also captured more detailed precipitation distribution information; and (3) 25 

considering the influence of the gauge density, the quality of the merged product was not further 26 

influenced after the number of gauge stations surpassed 16. 27 

Keywords: Multisatellite precipitation merging, stacking, EMOS-CSG, gauge density 28 

1. Introduction 29 

Precipitation plays an important role in hydrological models (Zhao et al. 2015), flood and drought 30 

monitoring (Breugem et al. 2020; Wang et al. 2019), and water resource management (Yang et al. 31 

2017). However, due to the strong spatiotemporal variability in precipitation and climate change 32 

(Huang et al. 2016; Xie et al. 2019), accurately obtaining high-quality precipitation information 33 

remains a serious challenge. Precipitation data can be obtained in four ways, from gauges, weather 34 

radar, satellites, and reanalysis products; each of these products has its strengths and weaknesses. 35 

Gauge precipitation information can provide accurate long-sequence data, but the sparse density of 36 

gauges cannot capture the spatiotemporal distribution of precipitation (Verdin et al. 2015; Yin et al. 37 

2021). Weather radar can capture precipitation information at a high spatiotemporal resolution, but the 38 

resulting precipitation information is subjected to large biases due to the influence of complex terrain 39 

and climate conditions (Wehbe et al. 2020). With the rapid development of remote sensing technology, 40 

satellite products can ensure near-global coverage, especially in gauge-sparse regions (Chao et al. 41 

2018). Compared to weather radar, the public can freely obtain satellite products, such as the Tropical 42 



Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA), Precipitation 43 

Estimation from Remotely Sensed Information using Artificial Neural Networks (PERSIANN), 44 

Integrated Multisatellite Retrievals for Global Precipitation Measurement (IMERG), and Climate 45 

Precipitation Center Morphing Technique (CMORPH) products. However, the accuracy of 46 

satellite-derived precipitation information is highly constrained by the utilized retrieval algorithm, 47 

cloud properties, and sensors (Chen et al. 2020). Reanalysis products (i.e., the European Centre for 48 

Medium-Range Weather Forecasts (ECMWF) Reanalysis v5 product (ERA5); Tarek et al. 2020) that 49 

combine ground and high-altitude observation data with historical atmospheric results through 50 

data-assimilation techniques can provide high-spatiotemporal-resolution historical datasets with 51 

continuous long-term series, but systematic error may constrain the performances of these datasets. To 52 

improve the accuracy of precipitation estimates and obtain realistic spatial distribution characteristics, 53 

merging precipitation datasets from different sources has become a common approach over the past few 54 

decades (Beck et al. 2017; Xu et al. 2020; Shao et al. 2021). 55 

Traditional precipitation-merging methods include the Kalman filter (Todini 2001), the mean bias 56 

correction (Nerini et al. 2015), and kriging with external drift (Goudenhoofdt and Delobbe 2009); in 57 

these methods, gauge data are mainly merged with a single precipitation dataset. Although the 58 

performance of these techniques has been shown to be encouraging, fully capturing the spatiotemporal 59 

distribution of precipitation is still challenging. To address this problem, some advanced merging 60 

methods based on multisource precipitation have been developed in the last 10 years, such as the 61 

dynamic clustered Bayesian model averaging (DCBA) (Rahman et al. 2020), weighted average least 62 

square (WALS) (Rahman et al. 2020), and generalized three-cornered hat (TCH) methods (Xu et al. 63 

2020). Compared to the use of a single dataset, multisource precipitation products provide more 64 

reliable precipitation distribution information and effectively improve the accuracy of the resulting 65 

merged products. Ma et al. (2018) introduced dynamic weights into Bayesian model averaging (BMA) 66 

and proposed the dynamic Bayesian model averaging approach to merge four precipitation products 67 

(i.e., TMPA-3B42RT, 3B42V7, CMORPH and PERSIANN-CDR) at a 0.25° daily grid scale. The 68 

results showed that the merged product performed better than the other analyzed datasets. Yin et al. 69 

(2021) proposed a three-stage blending approach to combine three satellite products (i.e., IMERG Final, 70 

TMPA 3B42V7 and PERSIANN-CDR) with the ERA5 atmospheric reanalysis product; the conclusion 71 

was consistent with the previous case. Although the above studies effectively improved the quality of 72 

precipitation simulations, due to the direct merging of original datasets, merged coarse-resolution 73 

products are not sufficient for hydrological or meteorological applications (Chen et al. 2020). 74 

In addition to the above merging methods, machine learning (ML) algorithms, which have the 75 

advantages of strong self-learning abilities and can deal with nonlinear problems, have been widely 76 

used in precipitation-merging applications. Common algorithms include the random forest (RF), 77 

support vector machine (SVM), artificial neural network (ANN), and extreme gradient boosting (XGB) 78 

algorithms. Zhang et al. (2021) developed a novel double machine learning (DML) method to merge 79 

four satellite products with gauge observations based on RF, ANN, SVM, and extreme learning 80 

machine (ELM) methods and then compared the performances of these different ML algorithms. Wu et 81 

al. (2020) employed a convolutional neural network (CNN) and long-short-term memory network 82 

(LSTM) to obtain high-spatiotemporal-resolution precipitation data in China by merging a TRMM 83 

3B42 V7 satellite product with gauge data. Overall, it is feasible to filter out the best algorithm from a 84 

variety of ML algorithms or adopt a new algorithm for merging. However, the performance of ML 85 

algorithms may vary with the dataset types and research basin, no algorithm has been shown to be 86 



superior to all others in every situation, and few efforts have been made to utilize the advantages of 87 

different ML algorithms when merging precipitation products. 88 

In this study, we proposed a merging method to integrate four satellite precipitation products by 89 

adopting three algorithms, including geographically weighted regression (GWR), stacking, and the 90 

ensemble model output statistics-censored, shifted gamma (EMOS-CSG) algorithms. GWR was used 91 

to downscale the satellite products; stacking was used to integrate the advantages of different ML 92 

algorithms; and the EMOS-CSG algorithm was used to merge the integrated products. The proposed 93 

method was then adopted to evaluate the product-merging performance in the Beimiaoji Basin during 94 

the 2016–2019 period from April to October each year using six statistical indexes. In addition, we 95 

tried to assess the impact of the gauge density on the resulting merged products. 96 

2. Study area and data 97 

The Beimiaoji Basin is located in the upper reaches of the Huaihe River and has an area of 1711 98 

km2. The topography of this basin transitions from high mountains in the south to hilly areas in the 99 

north. The basin is located in a transitional zone from a subtropical climate to a temperate monsoon 100 

climate, and the average annual rainfall total exceeds 1000 mm; most precipitation is mainly 101 

concentrated in summer. Due to the influence of weather systems and topography, precipitation is 102 

unevenly distributed in space. 103 

 Fig. 1 The distribution of 38 rain gauges in the study area; the green dots denote the training 104 

gauge sites, and the red five-pointed stars show the test sites 105 

A ground network of 38 gauges with available data from April to October in the 2016–2019 period 106 

was utilized in this study; this network provided daily precipitation observations and was considered to 107 

provide true values for this merging research. Among these stations, those denoted by green dots in Fig. 108 

1 were used for training, and those indicated with red five-pointed stars were used for testing (Fig. 1). 109 

Four satellite products covering quasiglobal precipitation were used in this study. The TMPA 3B42 110 

in Real-Time (TMPA-3B42RT) product was merged with multichannel microwave and infrared (IR) 111 

data from all available satellites to produce optimal satellite precipitation estimates (Huffman et al. 112 

2007). CMORPH was developed by using IR imagery to create motion vectors; then, the cloud motion 113 

vectors were applied to passive microwave (PMW) data to generate global precipitation information 114 

(Joyce et al., 2004; Deng et al., 2018). The Global Satellite Mapping of Precipitation (GSMaP) group 115 

was devoted to producing precipitation datasets with high precision (Kubota et al. 2007). The 116 

near‐real‐time product (GSMaP_NRT) produced by this group adopted a forward-only cloud advection 117 

technique and a Kalman filter to generate precipitation (Qi et al. 2021). PERSIANN was generated 118 

through the use of artificial neural networks (ANNs) to obtain rainfall rates from longwave IR 119 

brightness temperature images and parameters updated through PMW observations (Nguyen et al. 2019; 120 

Ashouri et al. 2015). Due to the inconsistent temporal resolutions among these four satellite products, 121 

the hourly precipitation information was averaged to the daily scale for the subsequent merging 122 

research. The spatiotemporal resolutions and data sources of the four satellite precipitation products can 123 

be found in Table 1. 124 

In addition to satellite products, topographic and meteorological variables closely related to 125 

precipitation were used in this study. Normalized difference vegetation index (NDVI) information was 126 

obtained from the MOD13A3 dataset of the National Aeronautics and Space Administration (NASA). 127 

Soil moisture came from the Soil Moisture Active-Passive (SMAP) dataset of NASA. The digital 128 

elevation model (DEM) dataset was downloaded from the Geospatial Data Cloud of China, and ArcGIS 129 

software was used to further extract topographic variables such as the latitude, longitude, elevation, 130 



slope, and aspect. Considering that there were no weather stations in the analyzed basin, meteorological 131 

variables such as temperature, atmospheric pressure, wind speed, and direction data were obtained from 132 

the ERA5-Land reanalysis dataset of the European Centre for Medium-Range Weather Forecasts 133 

(ECMWC). Soil moisture and meteorological variables with observation intervals shorter than 1 day 134 

were averaged to the daily scale. The above variables were resampled to the same spatial resolutions 135 

with the bilinear interpolation technique. 136 

Table 1 Spatiotemporal resolutions of remote sensing data and sources 137 

3. Methods 138 

A flowchart elucidating the merging method used for the stacking process and the EMOS-CSG 139 

algorithm is presented in Fig. 2; this method was mainly divided into two processes: downscaling and 140 

merging. The GWR method developed by Brunsdon et al. (1996) can reflect the spatial nonstationary 141 

relationships between precipitation and its influencing factors and was used for downscaling in this 142 

study. Longitude, latitude, elevation, slope, and aspect, variables that are closely related to rainfall, 143 

were selected as explanatory variables. In addition, four original satellite precipitation datasets were 144 

separately downscaled to a 1-km resolution; the specific operation steps can be found in Chen et al. 145 

(2020). The merging process was divided into three steps. In the first step, six base learners of stacking 146 

algorithm were adopted to correct the deviation in four satellite downscaled products (i.e., 147 

TMPA-3B42RT1, CMORPH1, GSMaP_NRT1 and PERSIANN1); each downscaled product produced 148 

six different correction results. In the second step, the corresponding six correction results were 149 

integrated by a secondary learner in the stacking algorithm for each product. In the third step, we 150 

merged the four integrated results (i.e., TMPA-3B42RT2, CMORPH2, GSMaP_NRT2 and PERSIANN2) 151 

using the EMOS-CSG algorithm and produced a final precipitation dataset at the daily, 1-km 152 

spatiotemporal resolution. 153 

Fig. 2 Framework elucidating the merging method used in this study 154 

3.1 Stacking algorithm 155 

Stacking algorithm is a multimodel fusion technology that is commonly used in the field of 156 

machine learning; the algorithm is essentially a two-layer model (Breiman 1996; Sun and Trevor 2018). 157 

First, base learners, which mainly refer to different machine learning algorithms, are selected as the 158 

first layer in the model; the training datasets include gauge precipitation, downscaled satellite-derived 159 

precipitation, latitude, longitude, soil moisture, wind speed, wind direction, temperature, and 160 

atmospheric pressure information. Then, the output results of the first layer are regarded as the training 161 

data for the second layer of the model, and the final integration results are obtained. In terms of 162 

functionality, the second layer of the model can effectively combine the advantages of different base 163 

learners by assigning different weights to these learners to optimize the results. Taking the PERSIANN 164 

satellite product as an example, the structure of the stacking algorithm is illustrated in Fig. 2. 165 

As the core of the stacking algorithm, base learners (machine learning algorithms) play an 166 

important role in precipitation merging, and each learner has its own advantages. RF algorithm, with 167 

has high computational efficiencies and low costs, can effectively solve the problem of overfitting 168 

(Breiman 2001). K-nearest neighborhood (KNN) algorithm is more effective in dealing with sample 169 

datasets with unbalanced spatial distributions (Hart 1968). XGB algorithm, which has strong 170 

generalization abilities and extensive portability characteristics, is commonly used in data science 171 

competitions (i.e., Kaggle) (Chen and Guestrin 2016). Light gradient boosting (LGB) algorithm can 172 

handle missing values with high-precision, fast-convergence, and parallel-computing performances (Ke 173 

et al. 2017). Categorical boosting (CatBoost) algorithm can overcome model overfitting and handle 174 



categorical features (Huang et al. 2019). Gradient-boosting machine (GBM) algorithm is based on 175 

decision trees and has the advantage of strong robustness (Friedman 2001). 176 

Since latitude, longitude, elevation, slope, and aspect information are time-invariant, including 177 

these variables in machine learning training datasets results in data redundancy and decreases the 178 

merging skill. Therefore, meteorological variables (i.e., temperature, atmospheric pressure, and wind 179 

speed and direction) and soil moisture variables, which change over time, were selected to build the 180 

training dataset in this study. Considering the importance of spatial location information, latitude and 181 

longitude were also added to the training dataset. 182 

3.2 EMOS-CSG algorithm 183 

Gneiting et al. (2005) proposed the ensemble model output statistics (EMOS) method in 2005; this 184 

method is also known as nonhomogeneous regression. Based on the EMOS method, the distribution 185 

function of rainfall can be fitted by introducing a censored, shifted gamma (CSG) function to perform a 186 

postprocessing rainfall correction (Baran and Nemoda 2016; Javanshiri et al. 2021). In this study, we 187 

introduced this method into the precipitation-merging process. The probability density function (PDF) 188 

of the original gamma distribution can be expressed as follows: 189 
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where Γ( )k  represents the value of the gamma function at k . The conversion relationships among 191 

the shape ( k ), scale ( ),mean (  ) and variance (
2 ) values of the gamma distribution can be 192 

expressed as follows: 193 
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The mean and variance in the gamma distribution and in each satellite precipitation member 195 

( 1f … Nf ) are connected as follows: 196 

                 0 1 1 N Nfa fa a   L     
2

0 1 fb b                 (3) 197 

where f  refers to the mean value of the satellite precipitation members; 0a … Na  denote the mean 198 

parameter values; and 0b  and 1b  represent the variance parameters, which can be calculated using 199 

the continuous-ranked probability score (CRPS) (Gneiting and Raftery 2007). 200 

The cumulative distribution function (
0

k, ,G   ) of the CSG can be expressed as follows: 201 
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where k,G ( )x   is the cumulative distribution function of the original gamma distribution and 203 

  indicates the offset to the left. The PDF (
0

, ,kg   ) can be estimated as follows: 204 
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where ΠA  denotes an indicator function of A , and if 1A  , { 0}Π x =1; otherwise, { 0}Π x = 1. 206 

Then, the mean   of CSG can be calculated as follows: 207 

          
2
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The quantile ( pq ) of p  in formula (4) is equal to 0 if , ( )kp G   ; otherwise, pq  can be 209 



calculated by , ( )k pG q p   . 210 

The three gamma distribution parameters were the key to solving the EMOS-CSG algorithm; k  211 

and   could be calculated using formulas (2) and (3), and   could be estimated using the CRPS. 212 

After obtaining these three parameters, we identified the mean rainfall amounts in the merging products 213 
using formula (6). Considering that EMOS-CSG was calculated in grid units, the sparse rain-gauge 214 
network was interpolated to 1-km grids using ordinary kriging; then, we obtained daily merged 215 
precipitation datasets at a 1-km spatial resolution by merging the stacked results (i.e., TMPA-3B42RT2, 216 
CMORPH2, GSMaP_NRT2, and PERSIANN2). 217 

3.3 Evaluation index 218 

To evaluate the performance of the merging results, six statistical indexes were selected, including 219 

the root mean square error (RMSE), correlation coefficient (CC), mean absolute error (MAE), false 220 

alarm ratio (FAR), frequency bias index (FBI), and frequency of hit (FH); these indexes were 221 

calculated as follows: 222 
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where iP  and iO  represent the satellite- and gauge-derived precipitation totals at the i th point, 229 

respectively; P  and O  denote the average satellite- and gauge-derived precipitation totals, 230 

respectively; n  is the number of samples; 11N  represents the number of times that both the gauge 231 

and satellite detected rainfall; 10N  denotes the number of times that only the satellite rather than the 232 

gauge detected rainfall; and 01N  is the number of times that only the gauge rather than the satellite 233 

detected rainfall. If the RMSE, MAE, and FAR values are close to 0 and the CC, FBI, and FH values 234 

are close to 1, the merging effect is better. It is informative to note that a scatter plot should be used to 235 

determine whether the dot pitch is distributed around the 45° line when the CC is adopted as a 236 

statistical index in order to discover whether the considered satellites provide systematically 237 

overestimated or underestimated data. 238 



4. Results and discussion 239 

4.1 Performance of original and downscaled satellite precipitation products 240 

Due to the influence of the analyzed terrain, retrieval algorithms, and sensors, the accuracies of 241 

different satellite products may be different. Table 2 summarizes the evaluation statistics obtained for 242 

the original and downscaled satellite precipitation products. We found that the RMSE, MAE, FAR, and 243 

FH values of the four original satellite products did not differ extensively; the PERSIANN product had 244 

the lowest CC of 0.13 compared to the other three products, and the TMPA-3B42RT product had the 245 

lowest FBI value of 0.70. Overall, the performances of the four satellite products revealed little 246 

differences within the analyzed basin, and no single product was significantly better than the other 247 

products; this finding was consistent with the research results reported by Mei et al. (2014) and Sun et 248 

al. (2018). Compared to the original products, the accuracies of the downscaled products were 249 

improved, but these improvements were not obvious; this result was related to the necessary 250 

residual-correction step in the downscaling process. The objective function of the residual-correction 251 

process was the satellite products instead of the gauges, leading to the limited accuracy improvements. 252 

Furthermore, the smaller CC (0.18-0.25) and larger RMSE (12.03-12.47 mm) values obtained indicated 253 

that substantial errors existed in the original and downscaled satellite precipitation products; thus, it 254 

was necessary to integrate gauge information to reduce these deviations. 255 

Table 2 Statistical metrics of original and downscaled satellite precipitation products 256 

4.2 Performance assessments of merging products 257 

To test the effectiveness of the utilized merging method, we evaluated the accuracy of the 258 

analyzed satellite products at three different stages during the merging process; the evaluation statistics 259 

are listed in Table 3. First, the deviation-correction process involving base learners (machine learning 260 

algorithms) for the downscaled products significantly improved the satellite-derived precipitation 261 

accuracy. For instance, when ML algorithms were used, the MAEs decreased to 3.55-5.08 mm at a 262 

decreasing rate of 50-67% compared to the downscaled products. The RMSEs decreased to 4.78-6.40 263 

mm (by 47-62%), and the CCs improved to 0.44-0.60. Compared to these substantial improvements in 264 

the RMSE, CC, and MAE, the improvement effects on the FAR, FBI, and FH indexes were not 265 

significant. All the above results demonstrated that ML algorithms could effectively reduce biases in 266 

satellite-derived precipitation products. Among the six ML algorithms, LGB performed the best overall, 267 

providing the highest CC of 0.60 and the lowest MAE of 3.55 mm, followed by CatBoost, XGB, RF, 268 

KNN, and GBM. Furthermore, the three best-performing ML algorithms were all based on the 269 

improved gradient-boosting tree algorithm, indicating that these algorithms have certain advantages for 270 

merging precipitation in the analyzed basin. 271 

After the first merging step, a secondary learner of stacking algorithm was employed to integrate 272 

the six ML results; this learner provided better scores than any of the ML algorithms discussed above. 273 

In addition, PERSIANN showed the best performance among the four satellite products, with the 274 

highest CC (FH) at 0.62 (0.90) and the smallest MAE and RMSE values at 3.31 and 4.53 mm, 275 

respectively. In terms of the correction effect, the stacking algorithm base learners greatly decreased the 276 

deviation in the results and avoided the uncertainty caused by using a single algorithm; additionally, the 277 

secondary learner integrated the advantages of the base learners and generated better correction results. 278 

Furthermore, the accuracy of the final merging product obtained by the third-stage EMOS-CSG method 279 

was further improved compared to the stacking results. The results described above demonstrated that 280 

the multisatellite precipitation merging method based on stacking and EMOS-CSG was effective and 281 

feasible. 282 



As they are the core of the precipitation-merging method, the utilized ML algorithms must 283 

effectively decrease the deviations in satellite-derived precipitation products. In this work, we also 284 

attempted to use other ML algorithms, including decision tree, support vector machine (SVM), logistic 285 

regression, extreme learning machine (ELM) and back-propagation (BP) network. Finally, the machine 286 

learning methods with the best merging effects among the methods listed above were selected as the 287 

base learners in the stacking algorithm. In terms of the algorithm structure, the stacking and 288 

EMOS-CSG processes integrated different datasets through weight-optimization processes. In the 289 

stacking process, weights were assigned to six machine learning results, while the EMOS-CSG method 290 

applied weights to the four satellite products (i.e., TMPA-3B42RT2, CMORPH2, GSMaP_NRT2 and 291 

PERSIANN2). Fig. 3 displays the weights of the six machine learning algorithms applied to each 292 

product in the secondary learner step. The LGB algorithm accounted for the largest weights (over 23%) 293 

for each product, followed by the CatBoost (20-22%), XGB (16-20%), RF (16-18%), KNN (13-15%) 294 

and GBM (3-4%) algorithms. These results were consistent with the machine learning correction 295 

performance observed during the first merging stage (Table 3). In addition, to evaluate the sensitivities 296 

of topographic and meteorological variables to the base learner, we estimated the relative weight of 297 

each variable using an RF as an example. As shown in Fig. 4, all variables contributed valuable 298 

information. The satellite-derived precipitation variable accounted for the highest weight, indicating 299 

that this variable provided useful information for the precipitation-merging process. Temperature had 300 

the second-highest weight; this may have been related to the strong response of precipitation to 301 

temperature. The wind speed and direction may cause changes in atmospheric moisture, and the soil 302 

moisture signature can last a few hours to several days after a rain event (Maggioni and Massari 2018); 303 

thus, these variables showed similar performances in the RF algorithm. Although latitude and longitude 304 

provide important spatial location information, these variables have the characteristics of not changing 305 

with time, causing them to show the lowest weights in the precipitation-merging process. 306 

Overall, the flexible merging framework described herein can not only select new ML algorithms 307 

(e.g., LSTM) as the base learners in the stacking process but can also add other precipitation datasets 308 

(e.g., reanalysis or weather radar datasets) to capture more rainfall information. 309 

Table 3 Evaluation statistics of the precipitation products used for merging 310 

Fig. 3 Weights of the six machine learning algorithms applied to each product in the secondary 311 

learner step 312 

 313 

Fig. 4 Weights of each variable in the training dataset applied to the RF algorithm 314 

4.3 Assessment of the spatial distribution of precipitation 315 

Fig. 5 presents the spatial distributions of the downscaled satellite-derived products and the final 316 

merging product on June 20, 2017. Fig. 6 displays the corresponding scatter plots. According to the 317 

ribbon at the bottom of Fig. 5, the precipitation totals of TMPA-3B42RT, CMORPH, GSMaP_NRT, 318 

PERSIANN and the gauge network were mainly 16-40 mm, 32-64 mm, 48-80 mm, 10-45 mm and 319 

100-220 mm, respectively. These values indicated that the four downscaled satellite precipitation 320 

products had obvious underestimations and large systematic errors. The same conclusion can be 321 

obtained from Fig. 6a-d, where the dot pitches of the corresponding scatter plots were below the 45° 322 

line. After merging the four satellite products, the underestimation and mutation of the precipitation 323 

were significantly improved. The CC of the final merging product increased to 0.94, and the dot pitch 324 

was evenly distributed around the 45° line (Fig. 6e). In addition, the distribution of the merged 325 

precipitation product was consistent with that of the gauge observations, especially in the southern and 326 



central parts of the analyzed basin (Fig. 5e-f). This comparison further illustrated that the merging 327 

method had a good performance when estimating the spatial characteristics of precipitation. 328 

Fig. 5 Spatial distributions of precipitation obtained from the (a) downscaled TMPA-3B42RT 329 

product, (b) downscaled CMORPH product, (c) downscaled GSMaP_NRT product, (d) 330 

downscaled PERSIANN product, (e) merged product, and (f) gauge network on June 20, 2017 331 

 332 

Fig. 6 Scatter plots of the gauge- and satellite-derived precipitation measured for (a) the 333 

downscaled TMPA-3B42RT product, (b) downscaled CMORPH product, (c) downscaled 334 

GSMaP_NRT product, (d) downscaled PERSIANN product, and (e) merged products on June 20, 335 

2017 336 

4.4 Sensitivity analysis of the gauge density 337 

The gauge density not only has an impact on the spatial pattern of the merged results but also 338 

affects the local deviation adjustment of satellite-derived precipitation products (Wang and Lin 2015; 339 

Bai et al. 2019; Nerini et al. 2015). In this study, the number of gauge stations in the training dataset 340 

was randomly reduced to 24, 20, 16, 12, 8 and 4 while the test dataset remained unchanged. Then, we 341 

repeated the merging method with these different training dataset sizes and analyzed the gauge density 342 

sensitivity. Fig. 7 plots the change trends of the six analyzed statistical indexes under different gauge 343 

densities. As the gauge station density increased, the quality of the merged precipitation product 344 

improved. Taking a closer look, the increasing performance trend of the merged product began to 345 

significantly slow down when the number of gauges reached 16 stations. For example, when the gauge 346 

stations increased from 4 to 16, the RMSE (MAE, FAR) decreased by 2.25 mm (1.72 mm, 0.05); in 347 

contrast, the RMSE (MAE, FAR) decreased by only 0.33 mm (0.20 mm, 0.005) when the number of 348 

stations increased from 16 to 28 (Fig. 7a, 7c, 7e). These significant discrepancies indicated that the 349 

quality of the merged product was not influenced after the number of gauge stations in the Beimiaoji 350 

Basin surpassed 16. 351 

Fig. 7 Merging accuracy statistics obtained under different rainfall station densities 352 

4.5 Discussion 353 

Despite the optimal performance of the merging method, some limitations in the process still 354 

require further study. First, we selected some topographic and meteorological variables as the 355 

explanatory variables in the GWR and ML algorithms according to previous studies; however, the 356 

rationality of these explanatory variables and the introduction of other new variables (i.e., cloud 357 

properties; Sharifi et al. 2019) require further analyses. For example, the introduction of the 358 

satellite-derived soil moisture variable may have generated increased uncertainty due to the systematic 359 

errors present in soil products. Second, the four satellite products considered in this study adopted 360 

space-borne sensors that use inversion algorithms to obtain precipitation information, while the 361 

reanalysis datasets (i.e., ERA5) were mainly obtained through data assimilation techniques. The use of 362 

two types of products generated based on different algorithms may result in more reliable precipitation 363 

spatial pattern estimates, so a reanalysis dataset could be added to the merging method to improve the 364 

quality of the merged product. Third, we only preliminarily studied the influence of the rainfall station 365 

density on the merging effect. Considering the small watershed area and relatively dense gauge stations 366 

in the study area, the gauge density threshold of 16 may not be suitable for other watersheds with 367 

sparse stations (i.e., those in Western China). In addition, due to the limited number of stations, only 28 368 

stations were adopted to explore the gauge density sensitivity, and this value may have impacted the 369 

accuracy of the threshold results. Further efforts are thus needed to explore the gauge density threshold 370 



in different basins with more gauge stations. 371 

5. Conclusions 372 

In this study, we adopted GWR, stacking, and EMOS-CSG methods to merge multisatellite 373 

precipitation products and gauge observations. Four coarse-resolution satellite products (i.e., 374 

TMPA-3B42RT, CMORPH, GSMaP_NRT and PERSIANN) were adopted in combination with 375 

topographic and meteorological variables to produce a daily precipitation dataset with a 1-km 376 

resolution. The merging method was applied to the Beimiaoji basin from April to October each year 377 

during the 2016–2019 period. The RMSE, CC, MAE, FAR, FBI and FH were used to evaluate the 378 

performance of the merged products. Then, we tried to assess the impact of the gauge density on the 379 

merged products. The key findings of the study are as follows: 380 

(1) The four original satellite precipitation products did not differ extensively in terms of the six 381 

statistical indexes. Although the spatial resolution of the products increased to 1 km through the 382 

use of the GWR method, the smaller CC (0.18-0.25) and larger RMSE (12.03-12.47) required 383 

gauge-derived and meteorological information to be integrated with the satellite products to reduce 384 

the deviations. 385 

(2) The merging method based on stacking and EMOS-CSG significantly improved the performance 386 

of the precipitation products. The RMSE decreased to 4.33 mm and the CC improved to 0.64 387 

compared to the average values obtained for the four original satellite precipitation products 388 

(RMSE= 12.45 mm and CC = 0.20). 389 

(3) The stacking method could integrate the advantages of the base learners and greatly decrease the 390 

biases of the downscaled products. In addition, satellite precipitation and temperature accounted 391 

for relatively large weights according to the base learners. 392 

(4) The performance of the merged product was affected by the gauge density. Increasing the gauge 393 

density could decrease the deviation in the results and improve the performance of the merged 394 

precipitation product, although the quality of the merged product was not further influenced after 395 

the number of gauge stations surpassed the threshold of 16. 396 
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Figures  591 

 592 

 593 

Fig. 1 The distribution of 38 rain gauges in the study area; the green dots denote the training gauge 594 

sites, and the red five-pointed stars show the test sites 595 
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 598 

Fig. 2 Framework elucidating the merging method used in this study 599 
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Fig. 3 Weights of the six machine learning algorithms applied to each product in the secondary learner 602 

step 603 

 604 

 605 

 606 

Latitude

Longitude

Wind direction

Wind speed

Temperature

Atmospheric pressure

Soil moisture

Satellite

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Weight

Latitude

Longitude

Wind direction

Wind speed

Temperature

Atmospheric pressure

Soil moisture

Satellite

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Weight

（d）PERSIANN

Latitude

Longitude

Wind direction

Wind speed

Temperature

Atmospheric pressure

Soil moisture

Satellite

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Weight

（c）GSMaP_NRT

Latitude

Longitude

Wind direction

Wind speed

Temperature

Atmospheric pressure

Soil moisture

Satellite

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Weight

（a）TMPA-3B42RT

（b）CMORPH

 607 

Fig. 4 Weights of each variable in the training dataset applied to the RF algorithm 608 

 609 



 610 

Fig. 5 Spatial distributions of precipitation obtained from the (a) downscaled TMPA-3B42RT product, 611 

(b) downscaled CMORPH product, (c) downscaled GSMaP_NRT product, (d) downscaled PERSIANN 612 

product, (e) merged product, and (f) gauge network on June 20, 613 

2017614 
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 616 

Fig. 6 Scatter plots of the gauge- and satellite-derived precipitation measured for (a) the downscaled 617 

TMPA-3B42RT product, (b) downscaled CMORPH product, (c) downscaled GSMaP_NRT product, (d) 618 

downscaled PERSIANN product, and (e) merged products on June 20, 2017 619 

 620 

 621 

Fig. 7 Merging accuracy statistics obtained under different rainfall station densities 622 
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 624 
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Tables: 626 

 627 

Tab. 1 Spatiotemporal resolutions of remote sensing data and sources 628 

Product 
Spatiotemporal 

resolution 
Data source 

TMPA-3B42RT 0.25°/3 h https://gpm.nasa.gov/data/directory 

CMORPH 0.25°/3 h https://rda.ucar.edu/datasets/ds502.1/index.html#!access 

GSMaP_NRT 0.1°/1 h https://sharaku.eorc.jaxa.jp/GSMaP_CLM/index.htm 

PERSIANN 0.25°/3 h https://chrsdata.eng.uci.edu/ 

NDVI 1 km/1 m https://ladsweb.modaps.eosdis.nasa.gov/search/ 

Soil moisture 9 km/3 h https://nsidc.org/data/SPL4SMGP/versions/4 

DEM 90 m http://www.gscloud.cn/ 

Wind speed and direction, atmospheric 

pressure, temperature 
0.1°/1 h 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-er

a5-land?tab=overview 

 629 

 630 

Tab. 2 Statistical metrics of original and downscaled satellite precipitation products 631 

Type Product RMSE (mm) CC MAE (mm) FAR FBI FH 

Original 

TMPA-3B42RT 12.20 0.23 10.55 0.19 0.70 0.81 

CMORPH 12.47 0.23 10.74 0.16 0.93 0.80 

GSMaP_NRT 12.59 0.21 11.00 0.17 0.95 0.79 

PERSIANN 12.55 0.13 11.01 0.19 0.88 0.80 

Downscaled 

TMPA-3B42RT 12.03 0.25 10.24 0.17 0.75 0.83 

CMORPH 12.39 0.25 10.52 0.15 0.95 0.82 

GSMaP_NRT 12.23 0.23 10.71 0.16 0.98 0.82 

PERSIANN 12.47 0.18 10.86 0.18 0.91 0.82 

 632 

 633 
Tab. 3 Evaluation statistics of the precipitation products used for merging 634 

Product  Algorithm RMSE (mm) CC MAE (mm) FAR FBI FH 

TMPA-3B42RT 

 RF 5.46 0.57 4.03 0.15 1.25 0.85 

 KNN 5.46 0.49 4.00 0.14 1.13 0.85 

 XGB 5.47 0.54 4.00 0.16 1.39 0.84 

 LGB 5.16 0.58 3.73 0.13 1.13 0.85 

 CatBoost 5.18 0.51 3.95 0.17 1.28 0.83 

 GBM 6.40 0.46 5.08 0.16 1.16 0.84 

 Stacking 4.95 0.60 3.59 0.11 1.10 0.87 

CMORPH 

 RF 5.13 0.58 3.84 0.14 1.25 0.86 

 KNN 5.49 0.50 4.01 0.13 1.12 0.87 

 XGB 5.10 0.57 3.73 0.14 1.16 0.86 

 LGB 5.00 0.59 3.64 0.12 1.12 0.87 

 CatBoost 5.02 0.56 3.77 0.14 1.20 0.86 

 GBM 6.29 0.46 4.90 0.16 1.22 0.83 

 Stacking 4.80 0.60 3.46 0.11 1.11 0.89 

GSMaP_NRT  RF 5.35 0.56 3.96 0.14 1.21 0.86 



 KNN 5.39 0.52 3.90 0.13 1.09 0.87 

 XGB 5.27 0.53 3.86 0.15 1.22 0.85 

 LGB 5.04 0.60 3.70 0.12 1.11 0.88 

 CatBoost 5.14 0.53 3.84 0.15 1.26 0.85 

 GBM 6.25 0.44 4.83 0.15 1.18 0.85 

 Stacking 4.92 0.62 3.56 0.10 1.06 0.90 

PERSIANN 

 RF 4.86 0.60 3.62 0.14 1.23 0.86 

 KNN 5.12 0.56 3.74 0.13 1.12 0.87 

 XGB 4.84 0.59 3.55 0.14 1.20 0.86 

 LGB 4.78 0.60 3.55 0.13 1.14 0.87 

 CatBoost 4.78 0.56 3.60 0.17 1.26 0.83 

 GBM 6.20 0.44 4.90 0.17 1.21 0.83 

 Stacking 4.53 0.62 3.31 0.10 1.09 0.90 

Merged product  EMOS-CSG 4.33 0.64 3.13 0.07 0.96 0.93 
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