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Abstract 1 

Accurate precipitation estimates are essential for reliable hydrological simulations of fluxes and 2 

states. Satellite precipitation products have been widely used for hydrological applications, 3 

especially for ungauged regions. The Global Precipitation Measurement (GPM) product is starting 4 

to provide a new generation of precipitation estimates. This work first evaluates several GPM 5 

Integrated Multi-satellite Retrievals (IMERG) against gauge-based precipitation over Mainland 6 

China for a two-year period (2016 - 2017), and then explores the feasibility of using GPM to force 7 

a lumped hydrological model over 300 catchments of varying size and climate.  8 

The analysis indicates that IMERG Final run estimates (gauge-adjusted) agree well with 9 

gauge-based precipitation at daily scale, while IMERG Early run estimates (near-real time without 10 

gauge adjustments) are consistently lower than the rain gauge records. Nevertheless, both Final run 11 

and Early run estimates are slightly better than TRMM 3B42 estimates in terms of rainfall detection 12 

skill. Moreover, all three products show better skill over humid regions than over high elevation 13 

zones.  14 

When used as hydrological model forcing, IMERG Final and Early estimates provide 15 

comparable performances to gauge-based precipitation. However, TRMM 3B42 performs 16 

relatively poor in terms of hydrological simulation. Moreover, models generally perform better in 17 

humid than in arid areas for all three products. The evaluation sheds light on how IMERG-driven 18 

hydrological predictions perform in different regions across China. The findings also indicate the 19 

potential of IMERG Early run for flood forecasting and Final run for climatological/hydrological 20 

modeling in ungauged or poorly gauged basins.  21 

 22 
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1. Introduction 25 

As a major component of the water cycle and a key input of hydrologic models, precipitation 26 

is one of the most important variables in the field of hydrometeorology. Due to the heterogeneity 27 

of precipitation and limited spatial density of gauging networks, the integration of satellite 28 

precipitation products (SPPs) with hydrologic models is a promising approach to improve the 29 

understanding of hydrological processes across continental scales (Mei et al., 2016). There is a 30 

plethora of studies, which use satellite precipitation as forcing data for different hydrological 31 

applications, especially for ungauged basins. Therefore, the accuracy of precipitation is of great 32 

importance for hydrological modeling and forecasting of extreme events in these regions. With 33 

recent advances in remote sensing technology, SPPs are becoming more accurate and increase in 34 

spatial and temporal resolution (Ciabatta et al., 2016; Maggioni et al., 2016). If such products are 35 

sufficiently accurate, they can help improve our capability to predict natural hazards, such as floods, 36 

droughts, and landslides, especially in ungauged regions (Ashouri et al., 2016; Zambrano-Bigiarini 37 

et al., 2017).  38 

During the last few decades, a number of widely used SPPs were developed, such as the 39 

CMORPH (Joyce et al., 2004), PERSIANN (Sorooshian et al., 2000), TMPA (Huffman et al., 2007), 40 

SM2RAIN-ASCAT (Brocca et al., 2013), etc. Recently, Beck et al. (2017) published a review on 41 

the evaluation of 22 precipitation datasets. They found that there are large differences in estimation 42 

accuracy, and their performances are site-specific. Maggioni et al. (2016) also found that 43 

topography, seasonality, and climatology play an important role in the SPP’s performance, 44 

especially for the probability of detection and bias.  45 

Since the launch of the Global Precipitation Measurement (GPM) mission, evaluation and 46 

benchmarking of SPPs from GPM have been in focus. One of the GPM products is based on the 47 

Integrated Multi-satellitE Retrievals for GPM (IMERG), which got much attention since it 48 

potentially delivers the ‘best’ precipitation estimates (Huffman et al., 2017). Three main 49 
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improvements are (a) the increased inclination (65°), which allows for the coverage of important 50 

additional climate zones; (2) dual frequencies, which add sensitivity to the detection of light 51 

precipitation; and (3) high-frequency channels (165.5 and 183.3 GHz) deployed on the imager, 52 

which facilitate sensing of both light and solid precipitation (Huffman et al., 2015). GPM provides 53 

precipitation measurements at a higher spatial (from 0.1° to 0.25°) and temporal (from half-hourly 54 

to 3-hourly) resolution compared with TMPA. However, as an extension of TMPA, IMERG is still 55 

in its infancy. The IMERG algorithm has been updated three times, i.e. V3, V4, and V5 (Huffman 56 

et al., 2017). Much work has been done to evaluate the consistency and discrepancies between these 57 

products. Liu (2016) assessed the systematic differences between TMPA and IMERG at a global 58 

scale. Their results indicated that large systematic differences exist and vary with surface type and 59 

precipitation rate. Prakash et al. (2016) compared the capacity of the two products to capture heavy 60 

rain across India, and their results revealed that IMERG shows notable improvements over TMPA. 61 

Meanwhile, some other research studied the performance of IMERG against gauge measurements, 62 

and a few studies investigated its hydrological applications (e.g., Wang et al., 2017; Zubieta et al., 63 

2017). The current studies show that IMERG generally performs well although different error 64 

characteristics exist over different regions. Most studies conclude that SPP performance is 65 

regionally dependent and can differ widely over diverse landscapes, climate zones, latitude, and 66 

elevation, etc. (Maggioni et al., 2016; Wang et al., 2017; Zambrano-Bigiarini et al., 2017). However, 67 

previous studies mainly focus on the product quality and not on its suitability for hydrological 68 

applications, for example, as forcing input of rainfall-runoff simulation. There is a clear need to 69 

understand whether IMERG can be transformed into runoff at catchment scale, and how this 70 

simulation performs in regions with diverse climatological regimes.  71 

Some studies evaluated the performance of IMERG using independent gauge observations in 72 

China. Guo et al. (2016) studied the performance of IMERG against daily ground measurements 73 

over China, and concluded that IMERG performs poorly in winter and over-detects slight rain 74 
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events in northwestern China. Xu et al. (2017) validated IMERG and 3B42 over the southern 75 

Tibetan Plateau, indicating underestimation of light rain events by IMERG and overestimation by 76 

3B42 . Meanwhile, Li et al. (2017) and Tang et al. (2016) assessed the streamflow simulation using 77 

IMERG as forcing input and showed promising results in one large catchment in China. Similarly, 78 

Wang et al. (2017) evaluated the hydrological utility of the IMERG product over the Beijiang River. 79 

He et al. (2017) intercompared the performance of TRMM 3B42 and IMERG and evaluated their 80 

hydrological application in the upper Mekong River basin. The results indicate that IMERG is 81 

capable of detecting extreme rain events and improves the ability to capture rainfall events with 82 

moderate intensities. Besides, IMERG tends to outperform 3B42 in hydrological simulations. 83 

However, these studies were conducted for a limited number of catchments, and can therefore not 84 

support general conclusions. Moreover, catchments were fairly large (e.g. over 80000 km2 of 85 

Ganjiang River basin, 78000 km2 of upstream of Mekong River basin, 38000 km2 of Beijing River 86 

basin, etc.), leading to combined rainfall and model uncertainty (Beck et al., 2017). In this context, 87 

it is of great value to evaluate the hydrological applications of IMERG for different regions with 88 

diverse landscapes, topography, and climatic conditions.  89 

This study aims to evaluate IMERG products and their performance in hydrological simulation 90 

across the climatically and topographically diverse mainland of China. The objectives are two-fold: 91 

(1) to understand the data accuracy and detection skills of IMERG estimates; (2) to investigate the 92 

utility of IMERG estimates for hydrological simulations. To achieve the objectives, we assess daily 93 

satellite estimates against gauge-based observations at 838 gauging stations; then we use both 94 

satellite estimates and gauge-based observations to force lumped hydrological models of 300 95 

catchments. This work provides insights useful for hydrological application of IMERG products 96 

for both algorithm developers and end-users.   97 

2. Study area and Data 98 

2.1. Study area  99 
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In this study, 300 small to medium-sized catchments were selected (Fig. 1) based on the 100 

following criteria. First, catchments with areas less than 5000 km2 were used because observed 101 

discharge is expected to be dominated by rainfall-runoff generation instead of routing processes 102 

(Beck et al., 2016). Second, mainly headwater catchments were selected, where flow alteration due 103 

to abstractions/regulation is minimal. According to the Köppen-Geiger climate classification 104 

(Kottek et al., 2006), these catchments are distributed across all five main climate types although 105 

around 77% are in temperate climate. The annual precipitation ranges from less than hundred mm 106 

in the northwest to over 2000 mm in the southeast. Precipitation is almost invariably concentrated 107 

in the summer monsoon season (Xiao et al., 2013). The mean elevations of the selected catchments 108 

are also very diverse, ranging from a few meters to over 4000 m amsl (Fig. 1). The watershed 109 

boundaries are defined using the HydroBASINS product of the HydroSHEDS database (Lehner 110 

and Grill, 2013).  111 

 112 
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Fig. 1. Catchments distribution across mainland China. Background is the Köppen-Geiger climate 113 

classification. The pie chart shows the distribution of catchments across the five main climate 114 

zones. The bar chart shows the histogram of catchment elevations. 115 

 116 

2.2. Gauge data 117 

 Meteorological data (including precipitation, temperature, pressure, relative humidity, wind 118 

speed, sunshine hours) at 838 stations were downloaded from the China Meteorological Data 119 

Service Center (http://data.cma.cn/en). This dataset is at daily scale and used in this study for two 120 

purposes: evaluation of satellite precipitation estimates and forcing of hydrological modeling.  121 

We collected daily discharge data from the Hydroinfo website managed by the Ministry of 122 

Water Resources of China (http://xxfb.hydroinfo.gov.cn/ssIndex.html). The available two-year 123 

period (2016-2017) was split into one year for calibration and another for validation of the 124 

hydrological simulations.  125 

2.3. Satellite products 126 

GPM IMERG contains precipitation estimates from passive microwave sensors on board 127 

various satellites in the GPM constellation, and fills in temporal gaps with infrared fields merged 128 

from several geostationary satellites (Huffman et al., 2017; Liu, 2016). Since the first release of 129 

IMERG Final run (V03D) in 2015, it has undergone many improvements and the latest release is 130 

version V05B, which is available from https://pmm.nasa.gov/data-access/downloads/gpm in near-131 

real time, i.e. “early” run (IMERG-E), “late” run (IMERG-L), and post-real-time, i.e. “final” run 132 

(IMERG-F). IMERG-E is produced about 4 hr after observation time for operational uses, such as 133 

potential flood or landslide forecasting. IMERG-L is produced about 12 hr after observation time 134 

for users who work in agricultural drought forecasting and monitoring. In contrast, IMERG-F is 135 

created post real time (3 months after observation month) using monthly gauge analysis from the 136 

http://xxfb.hydroinfo.gov.cn/ssIndex.html
https://pmm.nasa.gov/data-access/downloads/gpm
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Global Precipitation Climatology Centre (GPCC). The main difference between IMERG-E and 137 

IMERG-F is that IMERG-E has no climatological adjustment while IMERG-F is climatologically 138 

adjusted at the monthly scale. Moreover, IMERG-E only has forward propagation (extrapolation) 139 

and IMERG-F has both forward and backward propagation (allowing interpolation). A detailed 140 

description can be found in Huffman et al. (2015, 2017). All three products are at half-hour 141 

temporal resolution and 0.1° × 0.1° spatial resolution (ca. 80~116 km2 from the north to the south 142 

of our study region). In this study, we consider the V05B IMERG-E and IMERG-F products. Daily 143 

precipitation is created by aggregating half-hourly data into daily data. Meanwhile, for comparative 144 

purposes, TRMM-3B42 V07 is also used in this study. TRMM-3B42 V07 is also corrected with 145 

gauge data and available in 0.25° spatial resolution and 3-hourly temporal resolution covering 50°N 146 

to 50°S for the period of 1998-present.  147 

We are aware that both IMERG-F and TRMM-3B42 V07 products are climatologically 148 

adjusted using the monthly GPCC gauge analysis product, which is derived from measurements by 149 

about 6700 gauge stations over the globe (Huffman et al., 2017, 2007; Tian et al., 2007). However, 150 

only 194 stations are used in the GPCC network (Wang et al., 2018), thus, most stations used in 151 

this study are independent from GPCC. Moreover, the reason for the use of IMERG-E near-real 152 

time product is that it allows to show the improvement of IMERG-F product after bias-correction.  153 

3. Methods 154 

3.1. Meteorological evaluation  155 

Satellite estimates are compared with the gauged precipitation at each gauge station. 156 

Specifically, for each rain gauge, the grid cell of satellite products containing that gauge is selected. 157 

Satellite estimates are assessed in terms of their ability to represent the daily variability of 158 

precipitation by four statistical metrics, i.e., relative error (RE), correlation coefficient (CC), root 159 

mean squared error (RMSE), and mean absolute error (MAE). RE assesses the accuracy of satellite 160 
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estimates, i.e. over- or underestimation; CC indicates the match of the temporal variability between 161 

satellite estimates and gauge observations; RMSE shows the magnitude of the errors, and weights 162 

larger errors more than smaller ones; and MAE measures the average magnitude of the errors 163 

without considering their signs. 164 

To examine the capability of satellite products to detect rain events, several widely used 165 

categorical skill metrics are adopted, including the probability of detection (POD), false alarm ratio 166 

(FAR), critical success index (CSI), and Heidke skill score (HSS) (Table 1). These metrics are 167 

calculated from a 2 × 2 contingency matrix composed of four parameters (A, B, C, D), where A is 168 

the number of observed events correctly detected; B is the number of events detected but not 169 

observed; C is the number of events not detected but observed; and D is the sum of events that are 170 

neither detected nor observed. Given that in-situ gauge precipitation data are at daily temporal 171 

resolution, these detection metrics are calculated based on daily gauge data and corresponding 172 

satellite estimates. The rainfall threshold used is 1 mm/day following Dinku et al. (2008). HSS 173 

measures the accuracy of the estimates accounting for matches due to random chance. It is 174 

normalized by the total range of possible improvement, therefore HSS can safely be compared 175 

among different sites. If HSS is one, the estimate is perfect while zero shows no skill, and a negative 176 

number indicates that the estimate is worse than a random prediction. POD, FAR, and CSI are 177 

affected by the climatology of the study region while HSS is not affected as much (Dinku et al., 178 

2008).  179 

Table 1 Summary of the statistical metrics used to evaluate the performance of IMERG dataset. 180 

All metrics are calculated based on gauging stations and the corresponding satellite grid cells. 181 

Note that Gi indicates gauge observation and Si is satellite estimate. Index i represents a time step. 182 

�̅�(𝑆̅) is the mean value of gauge observations (satellite estimates). 183 

Metric Abbreviation Equation Perfect value 
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Relative error RE (-) 
∑𝑆𝑖 − 𝐺𝑖
∑𝐺𝑖

 0 

Correlation coefficient CC (-) 
∑(𝑆𝑖 − �̅�)(𝐺 − �̅�)

√∑(𝑆𝑖 − �̅�)2√∑(𝐺𝑖 − �̅�)2
 1 

Root mean square error RMSE (mm day-1) √
∑(𝑆𝑖 − 𝐺𝑖)

2

𝑛
 0 

Mean absolute error MAE (mm day-1) 
∑|𝑆𝑖 −𝐺𝑖|

𝑛
 0 

Probability of detection POD (-) 
𝐴

𝐴 + 𝐶
 1 

False alarm ratio FAR (-) 
𝐵

𝐴 + 𝐵
 0 

Critical success index CSI (-) 
𝐴

𝐴 + 𝐵 + 𝐶
 1 

Heidke skill score HSS (-) 
2(𝐴 ∗ 𝐷 − 𝐵 ∗ 𝐶)

((𝐴 + 𝐶) ∗ (𝐶 + 𝐷) + (𝐴 + 𝐵) ∗ (𝐵 + 𝐷))
 1 

3.2. Hydrological evaluation of areal daily satellite estimates 184 

The hydrological model used in this study is the lumped HBV conceptual model (Bergström, 185 

1995; Kollat et al., 2012). This model is computationally efficient and widely used. The forcing 186 

inputs are time series of precipitation, potential evapotranspiration, and temperature. The model 187 

consists of four routines, i.e., a degree-day snow routine, a soil moisture routine, a lumped response 188 

function, and a routing routine (Fig. 2).  189 

Table 2. Model parameter definition and range 190 

Parameter 

symbol 

Description [Units] Lower 

bound 

Upper 

bound 

Snow routine 

TS Threshold temperature [°C] -2 3 

DDF Degree-Day factor [mm/°C/day] 1 10  

CFR Refreezing factor [-] 0 0.3 

WHC Water holding capacity of snow [-] 0 0.5 

Soil routine 

LP Evapotranspiration limit [-] 0.3 1 

FC Field capacity [mm] 10 550 

β Exponential parameter [-] 1 5 

Response 

routine 

   

L Near-surface flow threshold [mm] 0 100 
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Kq Near-surface flow recession coefficient [day-1] 0.05 0.5 

Km Intermediate flow recession coefficient [day-1] 0.01 0.3 

Ks Base flow recession coefficient [day-1] 0.005 0.1 

PERC Maximal flow from upper to lower zone [mm/day] 0 5 

Routing routine 

MaxBas Flow routing coefficient [day] 0.1 5 

 191 

Snow accumulation occurs when temperature is below the threshold temperature while 192 

snowmelt starts when temperature is above the threshold. The snowpack retains melt water until a 193 

certain level (WHC) is reached, and excess water recharges the soil moisture accounting module. 194 

The soil moisture accounting module utilizes a storage capacity distribution function for the storage 195 

elements of the catchment. Actual evapotranspiration occurs at the potential rate as long as the soil 196 

moisture is between the field capacity and evapotranspiration limit, below which actual 197 

evapotranspiration varies linearly as a fraction of the potential evapotranspiration. The runoff 198 

response routine transforms excess water from the soil moisture routine to discharge. It contains 199 

two reservoirs, i.e. an upper zone that has two outlets (one linear interflow and one nonlinear near-200 

surface flow) and a lower zone, which has one linear outlet. Finally, the released runoff is filtered 201 

by a triangular weighting function (Bergström, 1995; Kollat et al., 2012).  202 
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  203 

Fig. 2. Structure of HBV model used in this study. Parameters are in red, referring to table 1 for 204 

detailed explanation. 205 

 206 

In this study, daily potential evapotranspiration is calculated using the Penman-Monteith 207 

equation (McMahon et al., 2013). Due to the uneven distribution of gauge stations, the common 208 

Thiessen polygon method is used to calculate area-averaged forcing data for each catchment. Model 209 

parameters (Table 2) are assumed constant within a catchment and are independently calibrated by 210 
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fitting the simulated streamflow against the observed one. Given that periods of calibration and 211 

validation are short, the model is probably affected by unreasonable initial conditions. To specify 212 

the initial conditions of the catchments, the two-year period is used for model warm-up. 213 

Optimization is conducted within MATLAB by calling the embedded genetic algorithm (GA) 214 

(Seibert, 2000). By performing selection, crossover, and mutation over a number of generations, 215 

the GA is able to derive the optimum set of model parameters given the input and forcing variables 216 

(Sreekanth and Datt, 2012). Population size and number of generations are set to 100 and 500, 217 

respectively, thus the number of model runs is 50000 for each calibration. The objective function 218 

is maximizing the agreement between simulated and observed discharge, which is evaluated by the 219 

Kling-Gupta Efficiency (KGE) (Gupta et al., 2009).  220 

Model calibration and validation are carried out at daily scale for four different model setups, 221 

i.e. using four different precipitation datasets (IMERG-E, IMERG-F, TRMM 3B42, and gauged 222 

dataset). It should be noted that the four setups are independent from each other. All setups use the 223 

same model forcing except precipitation and thus, differences between the model efficiency are a 224 

result of differences in the precipitation datasets and the corresponding model parameters. The 225 

present calibration strategy allows to investigate the utility of satellite datasets for hydrological 226 

modeling in ungauged or data-scarce areas, where no ground gauge records are available for model 227 

calibration. Model performance is first assessed by KGE. However, considering that KGE can be 228 

very different due to the diversity of catchments (Seibert et al., 2018), we also use a skill score (SS) 229 

to assess simulations of models forced with satellite precipitation datasets against models forced 230 

with gauge-based precipitation. The SS has a range between negative infinity and one. Positive 231 

values indicate skill better than the reference, i.e. rain gauge precipitation, while negative values 232 

imply simulation worse than the reference. This measure allows to evaluate IMERG-E, IMERG-F, 233 

and TRMM 3B42 against their gauge-based counterpart for hydrological simulations. SS is defined 234 

by 235 
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𝑆𝑆 = 1 −
∑(𝑄𝑆𝑖𝑚𝑆−𝑄𝑜)

2

∑(𝑄𝑆𝑖𝑚𝐺−𝑄𝑜)
2                                                     (1) 236 

with, QSimS the simulated discharge when using satellite estimates as forcing, QSimG the simulated 237 

discharge when using gauge-based precipitation as forcing, and Qo the observed discharge. 238 

If QSimS has a 10% lower RMSE than QSimG, then: 239 

𝑆𝑆 = 1 −
0.92 ∑(𝑄𝑆𝑖𝑚𝐺 −𝑄𝑜)

2

∑(𝑄𝑆𝑖𝑚𝐺 −𝑄𝑜)
2

= 0.19 240 

If QSimS has a 10% higher RMSE than QSimG, then: 241 

𝑆𝑆 = 1 −
1.12 ∑(𝑄𝑆𝑖𝑚𝐺 −𝑄𝑜)

2

∑(𝑄𝑆𝑖𝑚𝐺 − 𝑄𝑜)2
= −0.21 242 

 243 

4. Results and analyses 244 

4.1. Evaluation of satellite estimates against rain gauge observations  245 

4.1.1. Intercomparison of three products over the entire region  246 

Fig.3 shows the box-whisker plots of rainfall detecting skill scores. IMERG-F outperforms 247 

IMERG-E and TRMM 3B42 with respect to three metrics, i.e. POD, CSI, and HSS, indicating that 248 

IMERG-F yields a higher frequency of successful detection of rainfall events. It should be noted 249 

that IMERG-E outperforms TRMM 3B42 even though the latter is rescaled and calibrated using 250 

GPCC data.  251 
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 252 

Fig. 3. Box-whisker plots of categorical skill scores over the entire study area. On each box, the 253 

central mark indicates the median, and the bottom and top edges of the box indicate the 25% and 254 

75% quartiles, respectively. The whiskers extend to the maximum and minimum, respectively. 255 

Fig. 4 shows the density scatter plots of precipitation derived by the three satellite products at 256 

different time scales. At daily scale, IMERG-F and TRMM are almost equally good with respect 257 

to all four accuracy metrics. IMERG-E also shows good agreement with gauge-based precipitation 258 

but with around -12% underestimation.  At monthly scale, IMERG-F and TRMM show similar 259 

performance again, but IMERG-F has a slightly higher positive RE. On the contrary, IMERG-E 260 

has a 7% negative RE, and a larger spread is obvious when precipitation is below 300 mm/month 261 

(Fig. 4). All three products substantially underestimate (> 20%) extreme monthly precipitation (see 262 

plots in middle row of Fig. 4). The annual estimates of the three products very well agree with the 263 

gauge-based observations with a correlation coefficient over 0.9.  264 
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 265 

Fig. 4. Scatter plots of daily, monthly, and yearly precipitation from IMERG-F, IMERG-E, and 266 

TRMM 3B42 against corresponding gauge-based precipitation. The 1:1 line and its 90% (light 267 

grey shade) 95% (dark grey shade) confidence intervals are given.  268 

 269 

Clearly, all three products show stronger correlation with rain gauges at longer time scales. 270 

Moreover, IMERG-F consistently has a positive RE for all three time scales, while IMERG-E has 271 

a negative RE (Fig. 4). TRMM 3B42 has a negative RE at the daily scale, but shows a positive RE 272 

at the monthly and annual scale, indicating a season-specific RE. Fig. 5 shows the interannual 273 
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variations of the accuracy metrics. Among the four accuracy metrics, the RE shows the most 274 

pronounced disagreement among the three products, especially for IMERG-E. Specifically, all 275 

months but January have negative biases, which explains the consistent negative bias of IMERG-276 

E at different time scales. Furthermore, a larger disagreement appears in the cold season, i.e. 277 

November to February, in terms of RE and CC. TRMM 3B42 shows a large underestimation in the 278 

cold season.  279 

 280 

Fig. 5. Interannual variations of accuracy metrics of three products. All daily data of each month 281 

are pooled together to calculate the metrics.  282 

4.1.2. Analysis over different elevation bands and climate zones 283 

We report performance of the three satellite products over different elevation bands. Fig. 6 284 

shows box-whisker plots of 8 statistical metrics. It is clear that the performances of rainfall 285 

detection and accuracy differ markedly over different elevation bands for all products. Overall, all 286 

products perform best over low elevations. The correlation coefficient (CC) generally decreases 287 
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with increasing elevation, while the categorical metrics show different patterns. Specifically, POD, 288 

CSI, and HSS first decrease, and then increase with increasing elevation (Fig. 6), while FAR shows 289 

the opposite behavior. Both low and high elevation bands have better performance than middle 290 

elevation bands. Note that the metrics cover a wider range (i.e. larger variation) for the elevation 291 

band between 1000 and 2000 m, which indicates satellite estimate quality also varies across regions.  292 

Comparing the three products, differences appear over high elevation bands ( > 3000 m) and 293 

mainly between IMERG-F/-E and TRMM 3B42. TRMM 3B42 has worse detection skills for the 294 

highest two elevation bands than its counterparts. Moreover, IMERG-F and TRMM 3B42 tend to 295 

overestimate while IMERG-E underestimates precipitation over higher elevation bands (see bias in 296 

Fig. 6).  297 

 298 
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Fig. 6. Box plots of eight metrics for eight elevation bands at grid scale. On each box, the central 299 

mark indicates the median, and the bottom and top edges of the box indicate the 25% and 75% 300 

quartiles, respectively. The whiskers extend to the maximum and minimum, respectively. A third 301 

order polynomial fitting curve is added for each metric. 302 

Fig. 7 shows the performance metrics for different climate zones. It is obvious that all three 303 

products perform worst over the arid zone (smallest CC, POD, CSI, and HSS values). All products 304 

consistently underestimate over the tropical zone and conversely, overestimate over the arid zone. 305 

Nevertheless, the tropical zone shows the best performance in terms of CC and HSS. Note that, 306 

TRMM 3B42 has the lowest detection skill and the high frequency of false alarm rate over the arid 307 

zone although the mean bias is close to neutral.  308 

 309 

Fig. 7. Box-whisker plots of eight metrics for five Köppen-Geiger climate zones.  310 

4.1.3. Spatial variability 311 
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For the sake of brevity and clarity, the spatial evaluation will focus on two representative 312 

metrics, i.e. HSS and RE. Fig. 8 illustrates the rainfall detection skill of the three products in terms 313 

of HSS. Overall, IMERG-F performs much better in the south than in the northwest. According to 314 

the Köppen-Geiger climate classification, poorly performing grids (i.e. black dots in Fig. 8a) are 315 

mainly located in arid areas, such as Tarim Basin, Qaidam Basin, Tian Shan mountainous areas, 316 

and also in temperate areas, i.e., Sichuan Basin. These regions are generally within/close to the 317 

elevation band between 1000 and 2000 m (Fig. 8b), over which IMERG-F shows poor detection 318 

skill as revealed in the previous section. Comparatively, the HSS of IMERG-E degrades at 74% of 319 

the stations, and larger degradations (-0.2 ~ -0.05) mainly occur over cold and arid zones (see black 320 

dots in Fig. 8c). IMERG-E also shows improvements over some stations; however, this quantity is 321 

very small (< 0.05). However, TRMM 3B42 shows a large decrease in HSS compared to IMERG-322 

F. Clearly, this degradations occur over arid, cold, and polar zones (see black dots in Fig. 8e), where 323 

elevation is generally higher (Fig. 8f), which agrees with the previous results. TRMM 3B42 has a 324 

lower HSS over higher elevation bands (Fig.6). Interestingly, TRMM 3B42 shows large 325 

improvements (i.e. crosses and triangles) over the north China plain area (Fig. 8f). 326 
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 327 

Fig. 8. Detection skill of three products in terms of HSS over different climate zones (left panel) 328 

and elevation bands (right panel). Upper row displays HSS of IMERG-F. Middle and lower rows 329 

demonstrate the relative change of HSS of IMERG-E and TRMM referring to IMERG-F. Positive 330 

value indicates better skill than IMERG-F, and negative for worse skill.  331 
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Fig. 9 displays the spatial distribution of over-/underestimation of the three products. 332 

Noticeably, the spatial patterns and amplitudes are different among the three products. With regard 333 

to IMERG-F, positive biases dominate. Overestimation is pronounced over the Tian Shan 334 

mountains, the Qilian mountains, and the Himalayas (Figs. 9a and 9b). IMERG-E has a similar 335 

pattern of overestimation, but also shows substantial underestimation over the Tibetan Plateau and 336 

the southwestern mountainous areas (Figs. 9c and 9d), which offsets the positive bias and leads to 337 

a negative bias over the whole study area. TRMM 3B42 exhibits a very similar pattern compared 338 

to IMERG-F but also with some improvements over the north China plain area. However, the 339 

underestimation over the Tarim Basin and Junggar Basin is larger (Figs. 9e and 9f).  340 
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 341 

Fig. 9. Spatial distribution of relative error (RE) showing the accuracy of satellite estimates 342 

(IMERG-F, IMERG-E and TRMM 3B42 from top to bottom) over different climate zones (left 343 

panel) and elevation bands (right panel).  344 

4.2. Hydrological evaluation  345 

4.2.1. Statistical analysis 346 
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Table 3 summarizes the performance metrics of model simulations using the four precipitation 347 

inputs. Overall, the models perform relatively well (KGE > 0.5) using IMERG-F, IMERG-E, and 348 

gauge-based precipitation during calibration period. In terms of SS, IMERG-F is equally good as 349 

the gauge-based precipitation while IMERG-E is also comparable. However, TRMM 3B42 is 350 

worse with a negative SS value (-0.22), which is consistent with a lower KGE value (0.42). During 351 

the validation period, all performance statistics are not satisfactory (KGE < 0.3). Comparatively, 352 

IMERG-F and IMERG-E are better than gauge-based precipitation as indicated by positive SS 353 

values and larger KGE values (Table 3), while TRMM 3B42 performs worse than gauge-based 354 

precipitation.  355 

Regarding climate conditions, all four datasets provide good performance in the temperate 356 

climate zone and poor performance in the arid zone. Compared with gauge-based precipitation, 357 

IMERG-F performs better in all zones except the cold zone. This is more pronounced during the 358 

validation period (see positive SS in Table 3). IMERG-E also shows a promising performance 359 

except in the polar zone. In contrast, TRMM 3B42 consistently performs worse than the gauge-360 

based precipitation except in the tropical zone in terms of KGE and SS. Interestingly, the RE 361 

distribution does not agree with the other metrics. The better values for RE (around 0) point into a 362 

different direction than for CC, KGE and SS (towards 1). For example, although RE is relatively 363 

small for TRMM 3B42, CC, KGE, and SS are relatively low.  364 

Table 3. Performance metrics of model simulation using four precipitation inputs (median value 365 

is used for each metrics). Statistics are also reported by five climate zones.   366 

Climate zone 
Number of 

catchments 
Dataset 

Calibration 
 

Validation 

RE (%) CC KGE SS RE (%) CC KGE SS 

Tropical (A) 2 

IMERG-E -1.8 0.77 0.87 0.56  -51.9 0.14 -0.20 0.24 

IMERG-F 45.5 0.64 0.50 0.23  47.2 0.30 0.14 0.28 

3B42 11.0 0.68 0.77 0.40  3.9 0.28 0.35 0.50 

Gauge 35.9 0.55 0.54 0  58.6 0.26 0.07 0 

Arid (B) 10 IMERG-E -0.8 0.55 0.48 0.27  -13.6 0.11 0.07 0.83 
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IMERG-F -2.8 0.43 0.35 0.18  -46.8 0.12 -0.02 0.78 

TRMM 3B42 -8.2 0.47 0.16 -0.13  70.9 0.03 -0.71 -14.0 

Gauge 10.5 0.45 0.49 0  >300 0.11 -318 0 

Temperate (C) 231 

IMERG-E -0.5 0.45 0.60 -0.06  -16.4 0.31 0.21 0.07 

IMERG-F 3.1 0.46 0.62 0.03  2.5 0.39 0.31 0.12 

TRMM 3B42 -1.2 0.31 0.50 -0.17  6.4 0.21 0.04 -0.06 

Gauge 1.4 0.44 0.62 0  8.5 0.27 0.16 0 

Cold (D) 55 

IMERG-E 5.9 0.41 0.57 0.0  -19.3 0.12 -0.18 0.28 

IMERG-F 7.3 0.42 0.54 -0.10  -7.5 0.18 -0.24 0.15 

TRMM 3B42 6.5 0.12 0.13 -0.49  168 0.05 -3.70 -0.59 

Gauge 3.1 0.48 0.64 0  67.6 0.15 -0.69 0 

Polar (E) 2 

IMERG-E -26.2 0.70 0.64 -0.49  -23.5 0.63 0.42 -0.51 

IMERG-F -13.3 0.73 0.76 0.23  -11.5 0.74 0.49 0.08 

TRMM 3B42 -41.8 0.27 0.19 -2.13  199 0.11 -28.2 -930 

Gauge -18.6 0.60 0.66 0  -31.0 0.44 0.43 0 

All 300 

IMERG-E 0.1 0.45 0.59 -0.05  -16.9 0.26 0.16 0.10 

IMERG-F 3.3 0.45 0.60 -0.01  1.2 0.34 0.23 0.13 

TRMM 3B42 -0.35 0.26 0.42 -0.22  9.5 0.14 -0.14 -0.09 

Gauge 1.8 0.45 0.61 0  14.9 0.23 0.08 0 

 367 

Fig. 10 displays the model efficiency in terms of SS as a function of catchment size. Regarding 368 

IMERG-F, no noticeable difference between the different size categories is revealed, which 369 

indicates that catchment area does not dominate the catchment hydrological response at moderate 370 

scales. However, catchments with areas between 4000 and 5000 km2 perform slightly better 371 

(narrower range of SS, see first column in Fig. 10) probably because the average satellite 372 

precipitation in large catchment is more representative. Moreover, some catchments provide 373 

positive SS values, which indicates that IMERG-F outperforms gauge-based precipitation in terms 374 

of its impact on the hydrological simulations. This can be explained by the low density of gauge 375 

networks. IMERG-E shows a similar pattern as IMERG-F except for some extreme values. 376 

Comparatively, the distribution of SS is very wide for TRMM 3B42. Similarly, there is no clear 377 

differences among these five size categories.  378 
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 379 

Fig. 10. Histogram of model performance metrics (SS) using IMERG-F, IMERG-E, and TRMM 380 

as input during calibration period. Each row from top to bottom shows results of catchments with 381 

area of [< 1000], [1000, 2000], [2000, 3000], [3000, 4000], [4000, 5000] and [0, 5000] km2, 382 

respectively. 383 

Similarly, we investigate the hydrological performance as a function of catchment elevation. 384 

As shown in Fig. 11, no clear pattern can be discerned. Comparatively, the highest elevation 385 

group exhibits a slightly poorer performance revealed by a smaller SS value. However, the 386 
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difference becomes larger for TRMM 3B42, and the third group ([874, 1350] m) shows a better 387 

performance.  388 

 389 

Fig. 11. Histogram of model performance metrics (SS) using IMERG-F, IMERG-E, and TRMM 390 

as input during calibration period. Each row from top to bottom shows results of catchments with 391 

average elevation of [< 375], [375, 874], [874, 1350], [1350, 4261], and [0, 4261] m, 392 

respectively. 393 

4.2.2. Spatial variability  394 

As shown in Fig. 12, the benchmark model (i.e. forced with gauge-based precipitation) 395 

performs reasonably well (KGE > 0.6) in most catchments. Nevertheless, 22% of all catchments 396 
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have a low KGE value (< 0.4); those catchments are mainly distributed in Weihe river basin (middle 397 

part of the Yellow River) and the Sichuan basin. This can be explained by the orographic effects 398 

and/or relatively coarse distribution of rainfall gauges, which do not well represent catchment 399 

precipitation. On the contrary, during validation period, the performance is not satisfactory (< 0.4) 400 

except for 25% of the catchments, which are mainly located in the south of the Yangtze River (Fig. 401 

12b). This is most probably attributed to intra-annual variation of streamflow. 402 

Compared with the benchmark model, the model forced with IMERG-F performs better over 403 

those catchments with smaller KGE value provided by benchmark model (see blue-coded one in 404 

Fig. 12c and yellow-/orange coded ones in Fig. 12a). For catchments located in the central part, 405 

models forced with IMERG-F perform not as well as the benchmark. It should be noted that, models 406 

perform satisfactorily over these catchments in terms of the KGE value as shown in Table 3. Here 407 

we highlight the difference between model forced with satellite precipitation and those forced with 408 

gauge-based precipitation. During the calibration period, model performance improves over those 409 

with negative KGE values (red-coded in Fig. 12b) provided by benchmark model.  410 

Regarding IMERG-E, the hydrological performance is comparable to IMERG-F. But the 411 

spatial distribution of model performance using TRMM 3B42 is very different especially in 412 

calibration period (Fig. 12g). Performance improves markedly in the central part (around 110°E), 413 

where IMERG-E and IMERG-F do not outperform gauge-based precipitation.  414 
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 415 

Fig. 12. Spatial distribution of model performance metrics. Left and right panels show results of 416 

calibration and validation, respectively. Top row shows KGE value of model simulation using 417 

gauge-based precipitation. Bottom three rows show SS value of model simulation.  418 

5. Discussion 419 
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In general, IMERG-E does not show remarkedly large difference from IMERG-F when 420 

compared with gauge-based precipitation. Moreover, both IMERG-E and IMERG-F show an 421 

improvement in detecting rainfall events compared to TRMM 3B42. However, it should be noted 422 

that this evaluation is conducted at pixel-to-point scale. The spatial resolution of the IMERG 423 

products and TRMM 3B42 are 0.1° and 0.25°, respectively. That means, we are comparing the 424 

mean precipitation of a large area (> 100 km2) with the one at a point, which is especially 425 

problematic in heterogeneous terrain with variation in topography, climate conditions, etc. In this 426 

context, it makes sense that IMERG is better than TRMM 3B42 due to its higher spatial resolution. 427 

This could probably the reason why extreme monthly precipitation is underestimated as shown in 428 

Figure 4. Moreover, satellite precipitation products typically perform poorly in mountainous areas 429 

as reported by previous studies (Dinku et al., 2008; Maggioni et al., 2016; Xu et al., 2017). Our 430 

results confirm that satellite products perform poorly over high elevation zones and complex 431 

topographic regions, such as the Tarim basin, Tian Shan mountainous areas, Qinling mountainous 432 

areas, Sichuan basin, etc. This issue is, however, more pronounced for TRMM 3B42.   433 

We assessed IMERG as a forcing for a rainfall-runoff model. As presented in Table 3, the KGE 434 

between model simulations and gauged streamflow is generally satisfactory, with median values of 435 

0.60 during the calibration period. However, low KGE values (median value of 0.23) were observed 436 

during the validation period. This can be attributed to the short calibration period, which may not 437 

be representative for long-term catchment conditions. Calibration parameters tend to compensate 438 

for other factors, such as model structure, forcing data, etc. and therefore, they may change for 439 

different calibration periods, especially for short periods (Merz et al., 2011). These calibrated 440 

parameters may produce large errors in simulations for other climate conditions. For example, Fig. 441 

13 shows the simulations during the calibration and validation periods. As we can see, the reliability 442 

of the ensemble simulation (Latin Hypercube Sampling method) is low in the validation period; a 443 

large fraction of the observations fall outside the confidence interval of the simulation. It is also 444 



30 
 

evident that the GA successfully found the optimum parameter set. Therefore, the poor performance 445 

in the validation period may be due to differences in hydrological conditions between the 446 

calibration and validation periods.  447 

 448 

Fig. 13. Model simulations during the calibration and validation periods, demonstrating the 449 

variations of hydrological conditions during this two-year period. 450 

No pronounced difference in performance was found in terms of catchment area and elevation, 451 

although precipitation accuracy varies among different elevation zones. This indicates that the 452 
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uncertainty of precipitation did not necessarily translate into bad runoff simulations. Overall, the 453 

model performs best in temperate climate zones. 454 

Moreover, model simulations forced with IMERG-F and IMERG-E estimates show similar 455 

performance as those forced with gauge-based precipitation. IMERG-E slightly underestimates 456 

precipitation, but the hydrological simulation is acceptable. On the contrary, although TRMM 3B42 457 

shows a comparable agreement with gauge-based precipitation, the performance in hydrological 458 

simulations is relatively poor. One possible explanation is the spatial variability, which needs 459 

further investigation with high density gauge networks. Moreover, the relation between the quality 460 

of the precipitation product and the hydrological performance is not straightforward as reported by 461 

previous studies (Camici et al., 2018; Qi et al., 2016).  462 

Overall, the transformation of IMERG estimates into runoff is satisfactory across China. Given 463 

that the density of the gauging station network is quite sparse in China, IMERG has potential as an 464 

alternative to gauge-based precipitation. The findings of this study show the hydrological 465 

performance at medium catchment scale. It can be directly used in hydrological modeling without 466 

bias correction in most of the catchments.  467 

While our results provide insights into the accuracy of IMERG estimates and the suitability of 468 

IMERG Early and Final runs for hydrological modeling, it should be noted that there are some 469 

assumptions and limitations. The hydrological performance is solely based on the lumped HBV 470 

model. Hence, the results would be different if a different rainfall-runoff model was used. The short 471 

period is another limitation of this study. However, we believe a timely assessment is most 472 

important for further product improvement and future research. 473 

 474 

6. Summary and conclusions 475 
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IMERG products inter-calibrate, merge, and interpolate a variety of satellite microwave 476 

precipitation estimates, microwave-calibrated infrared satellite estimates, and precipitation gauge 477 

analyses at high temporal (half-hour) and spatial resolution (0.1° × 0.1°). This study provides an 478 

early and timely evaluation and hydrological application of the early (IMERG-E) and final run 479 

(IMERG-F) products of IMERG during two-year period (2016 - 2017) over China.  480 

We have assessed daily IMERG precipitation estimates using rain gauge records. For the 481 

evaluation, we computed both continuous and categorical metrics to evaluate data accuracy and the 482 

ability to identify rainfall events. We put special emphasis on climate condition (Köppen-Geiger 483 

climate classification) and topographic condition (elevation). The main findings are: 484 

1) In terms of the Heidke skill score (HSS), the performance of the three evaluated products 485 

in descending order is IMERG-F, IMERG-E, TRMM 3B42. Nevertheless, IMERG-E 486 

underestimates by around 12%.  487 

2) Statistical metrics are very diverse across different climate zones. All products consistently 488 

underestimate over the tropical zone and conversely, overestimate over the arid zones. 489 

3) IMERG-E and IMERG-F show a slight dependence on topography and have poor 490 

performance over high elevation zones. TRMM 3B42 performs much worse over high 491 

elevation zones.  492 

Care should be taken when using IMERG products, and especially TRMM 3B42, in some 493 

regions such as the Tarim basin, Tian Shan mountainous areas, Qinling mountainous areas, Sichuan 494 

basin, etc. Bias correction may be required to reduce uncertainty.  495 

In order to understand how good IMERG-E and IMERG-F are for hydrological modeling, we 496 

conducted rainfall-runoff modeling over 300 catchments across China using a typical lumped 497 

model. The specific conclusions from our analysis are: 498 
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1) Overall, models forced with IMERG-E and IMERG-F perform as well as those forced with 499 

gauge-based precipitation in most cases, and much better than those forced with TRMM 500 

3B42.   501 

2) IMERG-E estimates can be directly used to inform operational rainfall-runoff modeling in 502 

most catchments with competitive performance.   503 

3) However, region-specific discrepancies remain, e.g. model performance is much better in 504 

humid regions. 505 

In summary, IMERG gives acceptable performance in precipitation estimates and 506 

transformation of precipitation into runoff across China. However, the performance varies across 507 

climate regions and topography. Care should be taken when forcing hydrological models with 508 

IMERG in the arid regions.  509 
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