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Abstract: As a key factor in the water cycle and climate change, the quality of precipitation data 

directly affects the hydrological processes of the river basin. Although many precipitation products 

with high spatial and temporal resolutions are now widely used, it is meaningful and necessary to 

investigate and evaluate their merits and demerits in hydrological applications. In this study, two 

satellite-based precipitation products (Tropical Rainfall Measurement Mission, TRMM; Integrated 

Multi-satellite Retrievals for GPM, IMERG) and one reanalysis precipitation product (China 

Meteorological Assimilation Driving Datasets for the Soil and Water Assessment Tool (SWAT) 

model, CMADS) are studied to compare their streamflow simulation performance in the Qujiang 

River Basin, China, using the SWAT model with gauged rainfall data as a reference. The main 

conclusions are as follows: (1) CMADS has stronger precipitation detection capabilities compared 

to gauged rainfall, while TRMM results in the most obvious overestimation in the four sub-basins. 

(2) In daily and monthly streamflow simulations, CMADS  + SWAT mode offers the best 

performance. CMADS and IMERG can provide high quality precipitation data for data-scarce areas, 

and IMERG can effectively avoid the overestimation of streamflow caused by TRMM, especially on 

a daily scale. (3) The runoff projections of the three modes under RCP (Representative Concentration 

Pathway) 4.5 was higher than that of RCP 8.5 on the whole. IMERG + SWAT overestimates the 

surface water resources of the basin compared to CMADS + SWAT, while TRMM + SWAT provides 

the most stable uncertainty. These findings contribute to the comparison of the differences among 

the three precipitation products and provides a reference for the selection of precipitation data in 

similar regions. 

Keywords: precipitation; CMADS; IMERG; TRMM; SWAT model; runoff projection 

 

1. Introduction 

The hydrological processes of a river basin are complex and usually analyzed by the 

hydrological model [1]. Meteorological data are the most important input item in the hydrological 

model, especially precipitation, which plays a key role in the hydrological process. The accuracy and 

sufficiency of these data affect the accuracy of the hydrological model’s results. Current historical 
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meteorological data sources include gauged stations, satellite data, and reanalysis products [2]. 

Among them, the accuracy of gauged station data is highest, but due to various constraints the 

distribution of such stations is uneven, which makes it impossible to accurately measure the spatial 

variations in precipitation [3]. Satellite-based precipitation products are obtained through retrieval 

algorithms based on remote sensing images combined with infrared and microwave data [4,5], and 

reanalysis products are created by combining station data and the climate model through data 

assimilation techniques [6]. Both of these methods can achieve high spatial and temporal resolution, 

which can make up for the disadvantages of uneven gauged stations and play a crucial role in water 

resource management [7,8], flood predictions [9], etc. 

Currently, the most widely used satellite-based precipitation products include TRMM (Tropical 

Rainfall Measurement Mission) 3B42 [10], CMORPH (Climate Prediction Center Morphing 

Technique) [11], and IMERG (Integrated Multi-satellite Retrievals for Global Precipitation 

Measurement Mission (GPM)) [12]. TRMM was launched as a joint NASA (Space Administration)-

JAXA (Japan Aerospace Exploration Agency) mission in 1997, and GPM was launched by them later 

in 2014, As a gauge-adjusted post real-time precipitation product, TRMM 3B42 V7 is considered one 

of the most reliable [13,14]. Nevertheless, due to the variations in climate, region, and scale, some 

differences exist in the various estimations of precipitation and in streamflow simulation products 

[15]. In some areas of China, TRMM performs well on a monthly scale but significantly overestimates 

at a daily scale [16–18]. The results of a Shanghai study showed that CMORPH outperforms TRMM 

3B42 V7 at a daily scale, while the opposite is true for the Yangtze river basin. The IMERG, the 

successor to TRMM, has been widely focused on in recent years [19]. The estimation of daily 

precipitation by IMERG in China is significantly better than that of TRMM, CMORPH, and other 

precipitation products overall, especially that of the IMERG-final [20–23], while TRMM 3B42 

outperforms IMERG in typical arid/semi-arid regions of China [24]. Although some studies have 

indicated that IMERG-final performs better than TRMM 3B42 V7 in precipitation estimations in some 

areas, there are still few comparative studies on the hydrological application of IMERG [8,25]. 

Therefore, whether IMERG can replace TRMM requires further investigation [26]. 

In reanalysis precipitation products, CMADS (China Meteorological Assimilation Driving 

Datasets for the Soil and Water Assessment Tool (SWAT) model) products are an emerging 

meteorological data source for East Asia [27]. Precipitation data are stitched together using 

CMORPH’s global precipitation products and the National Meteorological Information Center’s data 

for China. This dataset has been increasingly used by many researchers due to its high data accuracy 

and the advantages of the CMADS + SWAT mode [27–31]. Meng et al. compared the runoff 

simulation results of the SWAT model driven by CMADS, CFSR (Climate Forecast System 

Reanalysis), and traditional station data in the Heihe River Basin, among which the results of CMADS 

+ SWAT were significantly better than those of the other two [28]. In addition, CMADS offered good 

runoff simulation results in the Lijiang River Basin in South China [29], as well as the cold and arid 

regions of Northwest China [32] and can be used to analyze the hydrological balance of the basin. 

Although the CMADS and IMERG precipitation products have shown good performance in 

different studies, comparative studies are insufficient. This study will compare the precipitation 

estimation and runoff simulation results of CMADS and combine IMERG with the SWAT model in 

a specific river basin. In addition, the TRMM precipitation product was added to discuss the 

improvements in IMERG relative to TRMM. When comparing multiple precipitation products, 

gauged rainfall data is usually selected as a reference to judge performance [5,33]. However, most 

comparative studies on the hydrological applications of precipitation products only focus on 

historical data. At present, the impact of climate change is a significant global issue and exploring the 

responses of water resources to future climate change using the hydrological model is a major 

research direction [34,35]. Thus, the influence of the hydrological model driven by different 

meteorological products on future hydrological predictions cannot be ignored. Based on the 

comparison results of the three precipitation products in the time period studied, differences in the 

prediction of future runoff are also discussed. 
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We selected the Qujiang River Basin as the study area. This basin is part of the Sichuan Basin in 

China. Considering its complex internal topography and large elevation span, we selected four 

hydrological stations from upstream to downstream. Therefore, our work was carried out at four 

sub-basins. The main objectives of this study are as follows: (1) to compare three precipitation 

products, TRMM 3B42 V7, IMERG-final, and CMADS (hereafter referred to as TRMM, IMERG, and 

CMADS, respectively), with rain gauge data (hereafter referred to as Gauged) for precipitation 

estimation; (2) to evaluate the accuracy and applicability of the three precipitation products in daily 

and monthly streamflow simulations using the SWAT model; (3) to compare the runoff projection 

results of the SWAT model driven by three precipitation products using GCM (Global Climate 

Models) data. 

2. Materials and Methods 

2.1. Study Area 

The Qujiang River is the largest tributary on the left bank of the Jialing River, itself a tributary 

of the Yangtze River in China, which plays a decisive role in the development of Sichuan, Chongqing, 

and other provinces and cities. The location and general situation of the Qujiang River basin is shown 

in Figure 1. The Qujiang River basin has a total area of about 38,900 km2. This basin is mainly located 

to the northeast of the Sichuan Basin and is the granary of northeast Sichuan, with its main outlet 

located in Chongqing city. The elevation of the study area varies greatly from 2669 m in the north to 

187 m in the south. The high-altitude areas are mainly concentrated in the northern border. This basin 

is a typical subtropical humid area. According to measured data from the meteorological stations 

from 1970–2015, the average annual precipitation in the basin is approximately 1193.54 mm, and the 

average annual temperature is approximately 16.6 °C. The precipitation from May–September 

accounted for about 74.63% of that for the whole year, while the precipitation from November–

February accounted for only 5.79%. 

In this study, four hydrological stations were selected in the upper, middle, and lower reaches 

of the Qujiang River basin. Among them, the Bixi (BX) station is located upstream with the largest 

average elevation, the Qilituo (QLT) station and the Fengtan (FT) station are located at the middle 

reaches, and the Luoduxi (LDX) station is located downstream near the outlet of the basin. The four 

sub-basin areas controlled by the four stations are 2013, 6382, 16,463, and 37,780 km2 in area. The 

climate characteristics of the four sub-basins are calculated using the Thiessen Polygon Method. They 

have very similar levels of precipitation, which are, from upstream to downstream, 1202.74, 1121.20, 

1211.60, and 1199.37 mm, respectively. In terms of temperature, the BX sub-basin is slightly cooler 

than the other three sub-basins: the highest temperature of the BX sub-basin is 21.13 °C, while the 

other three sub-basins are in the range 21.43–21.51 °C; the lowest temperature of the BX sub-basin is 

13.11 °C, while the remaining three sub-basins are in the range 13.62–13.78 °C. 
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Figure 1. Map of the Qujiang River Basin with the DEM (Digital Elevation Model) showing 

meteorological and hydrological stations. 

2.2. Spatial Attribute Data 

The Digital Elevation Model (DEM) data used were derived from the Geospatial Data Cloud 

platform (http://www.gscloud.cn/), with a resolution of 30 m × 30 m. The BX sub-basin is located in 

the northernmost part of the entire basin, with an average elevation of 1214.83 m. The average altitude 

of the QLT (795.75 m), FT (896.14 m), and LDX (742.68 m) sub-basins are not significantly different 

and are significantly lower than the altitude of the BX sub-basin. The land use data came from the 1:1 

million land use data of China in 2010 downloaded from the Resource and Environmental Data Cloud 

Platform (http://www.resdc.cn) with a resolution of 1 km. The types of land use in the Qujiang River 

basin are mainly divided into five categories (Figure 2a): cultivated land (AGRC), forest land (FRST), 

grassland (PAST), water (WATR), and urban land (URBN). Among them, AGRC accounts for most 

of the land use with 55.47% and is mainly distributed in the central and southern part of the basin; 

PAST accounts for 10.70% of the land use in the total area, mainly distributed in the north. In the BX 

sub-basin, the proportion of PAST (35.16%) is significantly higher than that of the other three sub -

basins, which are dominated by AGRC. The soil data used in this study are from the China Soil Map 

Based Harmonized World Soil Database (v1.1) provided by the Cold and Arid Regions Sciences Data 

Center at Lanzhou (http://westdc.westgis.ac.cn). The soil database required by the SWAT model was 

established using SPAW (Soil-Plant-Air-Water) Hydrology software to calculate the relevant data. 

Finally, the soil in the Qujiang River basin was divided into 12 types (Figure 2b). The underlying 

surface properties of the whole Qujiang River Basin show obvious regional characteristics, with a 

large gap between high latitude and low latitude areas. This gap will affect the hydrological cycle 

process in the basin. 

http://www.gscloud.cn/
http://www.resdc.cn/
http://westdc.westgis.ac.cn/
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Figure 2. Spatial attribute distribution of the Qujiang River basin: (a) land use cover and (b) soil types. 

2.3. Meteorological Data 

The basic information on the four precipitation products (CMADS, IMERG, TRMM, and 

Gauged) selected in this study are shown in Table 1. Since the observed streamflow data collected in 

the hydrological Yearbook are only available from 2008–2015, the meteorological data from 2008–

2015 were ultimately adopted for the SWAT model. CMADS, which covers the whole of East Asia 

evenly, incorporates the technologies of Local Analysis and Prediction System (LAPS)/Space-Time 

Multiscale Analysis System (STMAS) and was constructed using bilinear interpolation, the projection 

of resampling modes, and the loop nesting of data [27,28]. The format of the CMADS dataset was 

arranged and modified according to the input driving data format of the SWAT model, so it can 

directly use the data set without any format conversion. TRMM 3B42 is one of the products with the 

highest accuracy for satellite remote sensing precipitation data; the accuracy of the V7 version has 

been significantly improved compared to that of the previous version [36]. IMERG is intended to 

intercalibrate, merge, and interpolate “all” satellite microwave precipitation estimates together with 

microwave (MW)-calibrated infrared (IR) satellite estimates, precipitation gauge analyses, and 

potentially other precipitation estimators at fine time and space scales over the entire globe [12]. The 

final step uses monthly gauge data to create research level products that are 3.5 months later than the 

observation month. The gauged meteorology data used in this study are from the China Ground 

Climate Data Daily Value Dataset V3.0 provided by the CMA (China Meteorological Administration), 

which contains 824 basic meteorology stations across China. Moreover, all the data of each element 

have been quality-controlled, including examining the extreme values, performing an internal 

consistency check, and removing questionable data [37]. Since the TRMM and IMERG data only 

provide precipitation data, for convenience of comparison the rest of the meteorological data adopt 

the data in the CMADS data set. 
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Table 1. Basic information of Gauged, CMADS (China Meteorological Assimilation Driving Datasets 

for the Soil and Water Assessment Tool (SWAT) mode), IMERG (Integrated Multi-satellite Retrievals 

for GPM) and TRMM (Tropical Rainfall Measurement Mission) used in this study. 

Dataset 
Time 

Resolution 

Spatial 

Resolution 

Time Series 

Length 

Numbers of 

Sites 
Data Source 

Gauged 1 day  2008–2015 16 http://data.cma.cn/  

CMADS 1 day 1/3° × 1/3° 2008–2015 110 http://www.cmads.org/  

IMERG 1 day 0.1° × 0.1° 2008–2015 870 https://gpm.nasa.gov/  

TRMM 1 day 0.25° × 0.25° 2008–2015 169 https://pmm.nasa.gov/  

2.4. Climate Projection Data 

The multi-model ensemble (MME), composed of five GCMs (BCC-CMS1-1, BNU-ESM, GFDL-

CM3, MIROC-ESM, and NorESM1-M), is used to project future climate. The five GCMs are derived 

from NEX-GDDP (NASA Earth Exchange Global Daily Downscaled Projections), which is a GCM 

dataset containing 21 GCMs released by NASA after downscaling, providing error correction with a 

resolution of 0.25° × 0.25° [38] and relatively good performance in daily precipitation simulations in 

South China [39]. The MME includes daily precipitation and daily maximum and minimum 

temperature for the historical period 1950–2005, and the partly future period 2006–2100 (RCP4.5 and 

RCP8.5 runs). The analysis of variance of the MME and gauged rainfall data for 1986 –2005 shows no 

significant differences in inter-annual precipitation variation (p > 0.05). Thus, we selected 2021–2040 

as the future period to project the climate in the four sub-basins. 

2.5. SWAT Model Construction 

The SWAT model is a semi-distributed hydrological model developed by the US Department of 

Agricultural Research based on a series of physical mechanisms that can perform long-term sequence 

simulations [40,41]. At present, this model is considered to be the most promising semi-distributed 

hydrological model in the field of hydrological mechanisms and evolution [42]. The data required for 

the SWAT model include weather data, spatial attribute data, and streamflow data. The whole basin 

is divided into several sub-basins with independent soil types, land-use attributes, and further 

Hydrologic Research Units (HRUs). 

The ArcSWAT 2012 version is used in the research and runs on the ArcGIS (Esri, Redlands, CA, 

USA)10.2 platform which created and developed by Environmental Systems Research Institute 

(ESRI). The Qujiang River Basin is ultimately divided into 28 sub-basins and 733 HRUs. The four 

hydrological stations are located at the outlets of the four sub-basins 1(BX), 12(QLT), 17(FT), and 

27(LDX), and the sub-basin areas controlled by them account for 5.17%, 16.39%, 42.28%, and 97.04% 

of the total basin area, respectively (Figure 1). Because four different meteorological products are 

used in this study, four SWAT project files were created that keep the HRU division unchanged and 

import the processed TRMM, IMERG, CMADS, and Gauged data. The combination of the four data 

and SWAT modes are called the TRMM + SWAT, IMERG + SWAT, CMADS + SWAT, and Gauged + 

SWAT modes, respectively. The four modes are run on daily and monthly scales, with 2008 as the 

warm-up period, 2009–2012 as the calibration period, and 2013–2015 as the validation period. 

This study uses the SUFI-2 algorithm in the SWAT-CUP software to calibrate the model. This 

algorithm mainly outputs the best value of each parameter, and any combination of parameters in 

the interval participates in the analysis of the s imulation results. This study also considers the 

uncertainties of variables such as rainfall, observation data, and parameters, and completes 

comprehensive optimization through the global search method [43]. To compare the differences in 

streamflow simulations between various precipitation products more accurately, multi-site 

sequential calibration was used in the SWAT-CUP calibration model. That is, we separately calibrated 

the streamflow of the hydrological stations from upstream to downstream and obtained four sets of 

parameter values corresponding to the four hydrological stations. According to the experience of 

previous studies combined with the actual situation, the parameters were screened by a sensitivity 

http://data.cma.cn/
http://www.cmads.org/
https://gpm.nasa.gov/
https://pmm.nasa.gov/trmm
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analysis using the SWAT model [44]. The parameters involved are described in Table 2 (only the first 

ten parameters were used in the monthly scale simulation). 

Table 2. The description and initial range of the SWAT model parameters used in this paper. 

Parameter Type Description Method Range 

CN2 
Management input 

file (.mgt) 

Initial SCS runoff curve number 

for moisture condition II 
r 1 −2 to 2 

ALPHA_BF 
Groundwater input 

file (.gw) 
Baseflow alpha factor (1/days) v 2 0 to 1 

SOL_AWC Sol input file (.sol) 
Available water capacity of the 

soil layer (mmH2O/mmsoil) 
r 0 to 1 

SOL_K Sol input file (.sol) 
Saturated hydraulic 

conductivity (mm/hour) 
r 0 to 5 

ESCO HRU input file (.hru) 
Soil evaporation compensation 

factor 
r 0.01 to 1 

GW_REVAP 
Groundwater input 

file (.gw) 

Groundwater “revap” 

coefficient 
v 0.02 to 0.2 

SFTMP Basin input file (.bsn) Snowfall temperature (°C) v −20 to 20 

SMTMP Basin input file (.bsn) 
Snow melt base temperature 

(°C) 
v −20 to 20 

CH_K2 
Main channel input 

file (.rte) 

Effective hydraulic conductivity 

in main channel alluvium 

(mm/hour) 

v 0.02 to 50 

CH_N2 
Main channel input 

file (.rte) 

Manning’s “n” value for the 

main channel 
v 0.02 to 0.3 

GW_DELAY 
Groundwater input 

file (.gw) 
Groundwater delay time (days) v 30 to 450 

GWQMN 
Groundwater input 

file (.gw) 

Threshold depth of water in the 

shallow aquifer required for 

return flow to occur (mmH2O) 

v 0 to 2 

SURLAG Basin input file (.bsn) Surface runoff lag coefficient v 0.05 to 24 
1 r-multiplies the existing value with (1 + the given value); 2 v-replaces the existing value with the given value. 

2.6. Performance Metrics for Precipitation and Streamflow 

To quantitatively evaluate and compare the precipitation detection capacity of the three 

precipitation products with the gauged rainfall data from pixel-to-point, five categorical metrics are 

calculated, including the Proportion Correct (PC), Probability of Detection (POD), Frequency Bias 

Index (FBI), False Alarm Ratio (FAR), and Calibration Critical Success Index (CCSI) [23,33]. These 

metrics can assess the detection capability of precipitation products to estimate the probability of 

precipitation events (daily rainfall > 1.0 mm/day) [30]. The PC represents the accuracy of rainfall 

detection; POD represents the probability of rainfall detection; FBI represents the degree of 

overestimation or underestimation of precipitation detection; FAR represents the ratio of events 

falsely reported by satellite-based/reanalysis precipitation products; and CCSI combines the 

comprehensive features of accurate prediction, false prediction, and missing precipitation. The 

perfect values are 1 for PC, POD, FBI, and CCSI and 0 for FAR, respectively. The formulas of these 

metrics are given as follows: 

H + Z
PC =

H + F + M + Z

 


     
 (1) 
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H
POD =

H + M
 

 
 (2) 

 

H + F
FBI =

H + M

 
 

 
 (3) 

F
FAR =

F + H
 

 
 (4) 

H +α
CCSI =

H + M + F + α

 
 

     
 (5) 

(H + M) (H + F)
α =

(H + F + M + Z)

    


     
 (6) 

where H (Hits) is the number of rainfall events recorded simultaneously by the satellite-

based/reanalysis products and gauges; F (False alarms) is the number of rainfall events recorded by 

the satellite-based/reanalysis products but not by the gauges; M (Misses) is the number of rainfall 

events recorded by the gauges but not by the satellite-based/reanalysis products; Z (Correct 

negatives) is the number of rainfall events not recorded by the satellite-based/reanalysis products 

and gauges simultaneously; and α is the correction factor for CCSI. 

In addition, two performance metrics, the Root Mean Square Error (RMSE) and Percentage Bias 

(PBIAS), are also used to evaluate the accuracy of the precipitation of the three products compared 

to the Gauged data, to analyze the overall performance of the three products at a sub-basin scale. The 

RMSE can reflect the error intensity of the precipitation products. Since the error is squared before 

being averaged, the RMSE is sensitive to extreme errors. PBIAS reflects the average tendency of the 

precipitation products to be larger or smaller than the Gauged products. The ideal values of the RMSE 

and PBIAS are both 0. 

To eliminate subjectivity in the performance evaluation of the hydrological model, the Nash–

Sutcliffe Efficiency (NSE) [45], Coefficient of Determination (R2), and PBIAS are selected to evaluate 

the simulation results of the model at daily and monthly scales. Moriasi [46] noted that for the SWAT 

model, the simulation results can be considered satisfactory when NSE > 0.5 and PBIAS ± 25%. 

Moreover, the R2 varies from 0 to 1, where the larger the value is, the smaller the error dispersion of 

the simulation results will be. The formulas of RMSE, PBIAS, NSE, and R2 are as follows: 

2

1

1
RMSE =  ( )

n

i ii
S O

n 
  

(7) 

1

1

( )
PBIAS = 100%

n

i ii

n

ii

S O

O











 (8) 

2

1

2

1

( )
NSE = 1

( )

n

i ii

n

ii

O S

O O












 (9) 

   
2

12

2 2

1 1

R =
( ) ( )

n

i ii

n n

i ii i

O O S S

O O S S



 

   
 

 



 
 (10) 
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where Oi is the gauged rainfall or streamflow; Si is the precipitation product data or simulated 

streamflow; O  is the average of the gauged rainfall or streamflow; S  is the average of the 

precipitation product data or simulated streamflow; and n is the total number of data. 

3. Results 

3.1. Comparison of the Precipitation Estimation 

First, we compared the precipitation estimates of the three products in the study area. The 

specific performance metrics of the three products relative to the Gauged products in the four sub -

basins are shown in Table 3, which are the RMSE and PBIAS of the daily scale data between the three 

products and the Gauged data. From upstream to downstream, the RMSE of the three products 

decreases gradually, which indicates that the larger the sub-basin, the smaller the error. The 

precipitation of CMADS has the smallest RMSE among the four sub-basins, with 5.96–8.59 mm/day. 

The RMSE difference between TRMM and IMERG is relatively small; the closer their location is to 

upstream, the smaller the difference between them, which is basically the same for the BX sub-basin. 

Based on the PBIAS index, the precipitation of TRMM is obviously overestimated, especially in the 

LDX sub-basin at 17.18%, while IMERG and CMADS have different degrees of overestimation and 

underestimation at the four sites, with PBIAS in the range of −3.47%–1.99% and −5.41%–4.38%, 

respectively. Combined with RMSE, it can be seen that CMADS is better than IMERG in capturing 

the extreme precipitation of the four sub-basins, but its deviations in average precipitation are greater 

than those of the latter. 

Table 3. The Root Mean Square Error (RMSE) and Percentage Bias (PBIAS) of the three products 

relative to the Gauged data in the four sub-basins. 

 RMSE (mm/day) PBIAS 

 BX QLT FT LDX BX QLT FT LDX 

TRMM 10.03 8.89 8.37 6.49 8.99% 16.83% 10.43% 17.18% 

IMERG 10.04 9.58 9.35 7.80 −2.70% 1.99% −3.47% 0.41% 

CMADS 8.59 7.83 7.37 5.96 4.33% 4.38% −2.83% −5.41% 

The above results show the average performance of different precipitation products in the sub-

basins, while Figure 3 shows the evaluation results of the detection ability for precipitation events 

(daily rainfall > 1.0 mm/day). On the whole, the results of CMADS and TRMM are close, and IMERG 

reveals a certain gap when compared to them. For the PC, FBI, and CCSI values, the average values 

of CMADS in the three precipitation products are the closest to 1 (the perfect value), with 0.84, 1.07, 

and 0.59, respectively; the TRMM values follow with 0.82, 1.17, and 0.56, respectively; IMERG 

presents the worst results, with 0.75, 1.21, and 0.46, respectively. For POD, the average values of 

CMADS and TRMM are the same (0.7), but the variation range of CMADS (0.63  ~ 0.77) is smaller than 

that of TRMM (0.54 ~ 0.81), which is more stable; IMERG has the lowest value, with only 0.59. For the 

FAR values, the mean value of CMADS closest to 0 (the perfect value) is 0.35, TRMM follows with 

0.40, while IMERG is 0.51. As can be seen from the above results, CMADS performs best and can 

capture precipitation events larger than 1 mm/day most accurately, while IMERG performs worse 

than TRMM. 
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Figure 3. Box plots for the categorical metrics values (Proportion Correct (PC), Probability of 

Detection (POD), Frequency Bias Index (FBI), False Alarm Ratio (FAR), and Calibration Critical 

Success Index (CCSI)) of the precipitation detection capacity. The hollow circle represents the mean 

value, the middle line in the box represents, the median value, and each box ranges from the lower 

(25th) to the upper quartile (75th). 

3.2. Daily Streamflow Simulation Results 

The Performance metrics of the four modes in the daily scale streamflow simulation are shown 

in Figure 4. Overall, R2 and NSE are mostly above 0.5, while some of the results of PBIAS have 

excessive deviations. The performance of the four modes varies at different stations. First, we 

compare the results of the calibration period. In the LDX sub-basin, the NSE of CMADS + SWAT (0.65) 

is slightly higher than that of Gauged + SWAT (0.61), the R2 of the former (0.66) is slightly lower than 

that of the latter (0.69), while in PBIAS, CMADS + SWAT (11.5%) is significantly better than Gauged 

+ SWAT (52.3%). IMERG + SWAT’s performance is moderate; its R2 and NSE are 0.59 and 0.57, 

respectively, and its PBIAS is satisfactory with 24.8%. The worst performer is TRMM + SWAT, whose 

R2 and NSE values are 0.53 and 0.50, respectively, and whose PBIAS is slightly worse than Gauged + 

SWAT, with 57.2%. The performance of the four modes in the QLT sub-basin is consistent with that 

in the FT sub-basin—that is, the R2 and NSE of Gauged + SWAT are slightly higher than than those 

of CMADS + SWAT, the values of TRMM + SWAT are slightly higher than those of IMERG + SWAT, 

and the PBIAS values of CMADS + SWAT and IMERG + SWAT are significantly better than those of 

TRMM + SWAT and Gauged + SWAT. The results at the BX sub-basin are obviously different than 

those from the other three stations. For the R2 and NSE, CMADS + SWAT is the highest, followed by 

IMERG + SWAT, while Gauged + SWAT is third, decreasing from about 0.7 in QLT to about 0.5, and 

TRMM + SWAT is the worst. Except for Gauged + SWAT, the deviations of the other three modes are 

also reduced, and the PBIAS is within ± 10%. Although the results of Gauged + SWAT at the three 

stations were satisfactory during the calibration period, the performance metrics in the validation 

period were obviously reduced. The other three modes showed stable performance in the validation 

period, similar to the results in the calibration period. 



Water 2020, 12, 2626 11 of 20 

 

 

Figure 4. The Performance metrics (Coefficient of Determination (R2), Nash-Sutcliffe Efficiency (NSE), 

and PBIAS) of the four modes of daily streamflow simulations. 

Figure 5 shows the hydrograph and streamflow frequency curves of the daily scale streamflow 

in the calibration and validation periods. To facilitate the hierarchical discussion, we divided the low, 

middle, and high streamflow portions according to the observed data and the data in Figure 5 for 

each sub-basin. For the LDX sub-basin, the low flow part is set to less than 100 m3/s, the middle flow 

part to 100–2000 m3/s, and the high flow part to more than 2000 m3/s; for the FT and QLT sub-basins, 

these are, respectively, less than 20 m3/s and 20–1000 m3/s and more than 1000 m3/s; for the BX sub 

watershed, they are, respectively, less than 10 m3/s and 10–200 m3/s and more than 200 m3/s. In the 

LDX sub-basin, it can be seen from Figure 5a,b that the simulated results of the four modes are lower 

than the observed streamflow within the low flow part, where Gauged + SWAT has the highest fitting 

degree of the observed value. In the middle flow part, all four modes overestimate the streamflow. 

TRMM + SWAT is the most overestimated, while CMADS + SWAT is the closest to the observed 

value, and the difference between IMERG + SWAT and Gauged + SWAT is very small. In the high 

flow part, Gauged + SWAT has the strongest ability to capture the maximum streamflow, followed 

by CMADS + SWAT. Although these models still have some errors, they are significantly superior to 

other modes. The performance of the four modes in QLT is also consistent with that in FT sub-basin. 

In the low flow part, the fitting degree between CMADS + SWAT and the observed data is the highest, 

IMERG + SWAT obviously underestimates, and Gauged + SWAT overestimates more than TRMM + 

SWAT. In the middle flow part, CMADS + SWAT is the closest to the observed values, as in the LDX 

sub-basin, followed by IMERG + SWAT. In the high flow part, the simulation is also similar to the 

LDX sub-basin. The simulation in the BX sub-basin is different from than in the other three sub-

basins. The simulation results of Gauged + SWAT are the best only in the low flow part, while the 

middle flow part provides the most obvious overestimation. The other three modes are 

underestimated in the low flow part. In the high flow part, CMADS + SWAT is closest to the observed 

value, followed by IMERG + SWAT. 
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Figure 5. The hydrograph and streamflow frequency curve of the daily streamflow in the calibration 

and validation periods. (a,b) Luoduxi (LDX); (c,d) Fengtan (FT); (e,f) Qilituo (QLT); (g,h) Bixi (BX). 

3.3. Monthly Streamflow Simulation Results 

In addition to the daily streamflow, this work also compared the streamflow simulation results 

of the four modes at a monthly scale. Figure 6 shows the performance metrics of the four modes in 

the four sub-basins. As with the daily scale, we first focused on a part of the calibration period. In the 

LDX sub-basin, the R2 and NSE of CMADS + SWAT are the highest (0.96 and 0.94, respectively) (only 

0.01 higher than those of Gauged + SWAT). The results of IMERG + SWAT are slightly lower (0.93 

and 0.92, respectively), while the results of TRMM + SWAT are the worst (0.83 and 0.75, respectively). 

The deviation of the TRMM + SWAT results is also the largest, with a PBIAS of 31.10%, while the 

PBIAS values of the other three modes are only approximately 8%. The results of the four modes in 

the FT and QLT sub-basins are consistent—the best one is CMADS + SWAT. the R2 and NSE of 

IMERG + SWAT and Gauged + SWAT are basically the same and are, on average, 0.03 and 0.04 lower 
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than those of CMADS + SWAT. The PBIAS values of the three modes are also between −5.3% and 

8.4%. The performance of TRMM + SWAT is still the worst, with a lower R2 and NSE and larger 

deviation. In the BX sub-basin, the results of Gauged + SWAT are significantly worse than those of 

the other three sub-basins, which is the same as the results for the daily scale. However, unlike the 

daily scale, TRMM + SWAT outperforms Gauged + SWAT and is very close to IMERG + SWAT. The 

R2 and NSE of TRMM + SWAT and IMERG + SWAT are about 0.90 and 0.88, respectively, and the 

PBIAS values are about ±5%. The results of CMADS + SWAT are still the best. The R2 and NSE are 

0.95 and 0.94, respectively, and the PBIAS is only 0.4%. In the validation period, except for the NSE 

of TRMM + SWAT in the LDX and QLT sub-basins being 0.65 and 0.68, the R2 and NSE values of the 

four modes in the four sub-basins are all above 0.73. Among them, CMADS + SWAT is the best in the 

LDX, FT, and QLT sub-basins. The performance of IMERG + SWAT is relatively stable, which is 

consistent with the results in the calibration period. 

 

Figure 6. The Performance metrics (R2, NSE, and PBIAS) of the four modes of monthly streamflow 

simulations. 

Figure 7 shows the hydrograph and scatter plots of the monthly streamflow simulation results 

for the whole simulation period. Since the performance metrics of the four modes are at a very high 

level, the performance on the hydrographs shows that the four groups of simulated streamflow have 

a very high degree of fitting with the observed streamflow. The division of the low, middle, and high 

flow areas of the four sub-basins is consistent with that of the daily scale. From Figure 7a–f, it can be 

seen that the overall performance of the four modes in the LDX, FT, and QLT sub-basins is similar. 

In the middle flow part, all four modes overestimate the streamflow, especially TRMM + SWAT. In 

the low and high flow parts, overestimation and underestimation coexist in the simulations of the 

four modes. On the whole, the results of CMADS + SWAT and Gauged + SWAT are closest to the 1:1 

line, followed by IMERG + SWAT. However, there are differences among the four modes in different 

sub-basins. According to the trend line of the scatter plot, the results of CMADS + SWAT and Gauged 

+ SWAT in the LDX sub-basin are the closest to the 1:1 line, while in the FT and QLT sub-basins, the 

slope and R2 values of the trend line of CMADS + SWAT are significantly higher than those in the 

other three modes, followed by IMERG + SWAT. In the BX sub-basin, the four modes are generally 

underestimated in the low and high flow parts. In the middle flow part, the results are different from 

those in the other three sub-basins, and the frequency of overestimation and underestimation are not 

very different. The slope and R2 of the trend line of the CMADS + SWAT scatter plot are the best, with 

more comprehensive performance. 
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Figure 7. The hydrograph and scatterplot (dashed line represents linear fit) of the monthly streamflow 

in the calibration and validation period. (a,b) LDX; (c,d) FT; (e,f) QLT; (g,h) BX. 

3.4 Future Runoff Projections 

Among the climate factors, the variables that most significantly reflect climate change are 

precipitation and temperature. Therefore, this study mainly used MME data to project the 

temperature and maximum and minimum temperatures of the four sub-basins for 2021–2040. Their 

annual mean values under the scenarios of RCP4.5 and RCP8.5 are shown in Table 4. Under RCP4 .5, 

the precipitation of the four stations will be higher than that of RCP8.5, with an average of about 30 
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mm, while the maximum and minimum temperatures will be opposite, with an average of about 

0.27 °C and 0.23 °C (lower than that of RCP8.5), respectively. For the precipitation of the four sub-

basins, it can be found that the precipitation of the LDX, FT, and QLT sub-basins will be basically the 

same, while the precipitation of the BX sub-basin will be slightly lower by about 20 mm. In terms of 

temperature, there will be no significant differences among the BX, QLT, and FT sub-basins, while 

the temperature in the LDX sub-basin will be lower. That is, each sub-basin has different climate 

characteristics. 

Table 4. The annual mean precipitation and maximum and minimum temperatures of the four sub-

basins in 2021–2040 under the scenarios of Representative Concentration Pathway (RCP)4.5 and 

RCP8.5. 

 RCP4.5 RCP8.5 

 LDX FT QLT BX LDX FT QLT BX 

Prec (mm) 1079.41 1077.84 1070.73 1052.39 1045.43 1047.14 1040.32 1023.10 

Tmax (°C) 21.18 21.93 21.74 21.74 21.46 22.19 22.00 22.00 

Tmin (°C) 13.82 15.02 14.91 14.74 14.06 15.25 15.13 14.96 

Due to the diversity in the structures and parameters of different hydrological models, as well 

as the selection of GCM data and RCP scenarios, there is high uncertainty in runoff predictions under 

climate change [47]. In the calibration process of the hydrological model, in addition to the optimal 

parameters set with the highest NSE value, there are also some parameter sets whose results are 

almost the same, which represents the “equifinality” phenomenon. This phenomenon is one of the 

most important sources of uncertainty in hydrological processes under climate change [48]. 

Therefore, when comparing the future runoff projection results of CMADS  + SWAT, IMERG + SWAT, 

and TRMM + SWAT, we had to account for this phenomenon. Thus, we selected ten parameter sets 

with the highest NSE for each model. At the same time, other climate factors, land uses, and human 

activities remained unchanged in 2021–2040, and the precipitation and temperature of MME under 

RCP4.5 and RCP8.5 are uniformly used in the three modes. 

As can be seen from Figure 8, under the scenario of RCP84.5, the average runoff projection of 

the three models in the four sub-basins will be within 540.75–659.18 mm, which will be higher than 

the overall projection of 519.31–604.54 mm under RCP8.5. This is consistent with the precipitation 

differences between the two scenarios. Under the same scenario, the differences in runoff and the 

uncertainty between the three modes will be basically the same. In the LDX sub-basin, CMADS + 

SWAT has the highest average runoff projection results and uncertainty, and the uncertainty of 

CMADS + SWAT will be about twice that of IMERG + SWAT. The average runoff projection results 

of IMERG + SWAT will be the highest in both the FT and QLT sub-basins, followed by CMADS + 

SWAT, with the lowest in TRMM + SWAT. However, the uncertainty of CMADS + SWAT in the FT 

sub-basin is the largest, while that of IMERG + SWAT in the QLT sub-basin is the largest. Although 

the precipitation in the BX sub-basin will be the lowest, the runoff projection results of the three 

modes will be significantly higher than those of the first three sites. Among the three modes, the 

average runoff results of IMERG + SWAT will be still the highest, but the results of CMADS + SWAT 

will be lower than those of TRMM + SWAT. IMERG + SWAT has the largest uncertainty in both 

scenarios; the smallest uncertainty under RCP4.5 is TRMM + SWAT, while the smallest under RCP8.5 

is CMADS + SWAT. 
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Figure 8. The uncertainty of the annual average runoff projection results of the three modes (CMADS  

+ SWAT, IMERG + SWAT, and TRMM + SWAT) in 2021–2040 under RCP4.5 and RCP8.5. The hollow 

circle represents the mean value, the middle line in the box represent the median value, and each box 

ranges from the lower (25th) to upper quartile (75th). 

4. Discussion 

In terms of precipitation estimates, although the spatial distribution of CMADS is different from 

that of the Gauged data, its detection capability for precipitation events larger than 1  mm/day is the 

strongest, and its error in the four sub-basins is relatively small, which makes it is the best among the 

three precipitation products. The precipitation estimation of IMERG is closer than that of TRMM with 

Gauged data, but its ability to detect precipitation events is slightly worse than that of the latter. 

While TRMM’s drawback is that it grossly overestimates precipitation, in the streamflow simulation, 

although the results meet the requirements, there is an obvious overestimation, especia lly at a daily 

scale. Compared to TRMM + SWAT, IMERG + SWAT can effectively reduce the overall 

overestimation of the simulation results, and the results of IMERG + SWAT are also closer to those of 

Gauged + SWAT, except for the high flow part of the daily scale streamflow. CMADS + SWAT is 

superior to the other three modes in both daily and monthly streamflow simulation and not only has 

higher R2 and NSE values and smaller deviation but also provides a more similar hydrological 

process line to the observed streamflow. Overall, CMADS ranks first in precipitation estimations and 

streamflow simulations in the study area, followed by IMERG, while TRMM is the worst. As a 

substitute for TRMM, IMERG has been compared to TRMM in many studies [20–23], but comparisons 

with CMADS are still very rare. Moreover, the comparative analysis of this study was conducted in 

four sub-basins, which accounted for the spatial heterogeneity within the basin and improved the 

accuracy of the results. Because the FT and QLT sub-basins are close in their locations and underlying 

surface properties, the performance of the same model in the two sub-basins was relatively 

consistent. In the BX sub-basin, since there are no gauged stations and the meteorological elements 

were calculated by the surrounding stations, the streamflow simulation results of Gauged + SWAT 

were not as good as those of CMADS + SWAT and IMERG + SWAT, especially at a monthly scale, 

which indicates that CMADS and IMERG with a high spatial and temporal resolution can 

compensate for the lack of gauged rainfall stations in the high-altitude region. While CMADS only 

covers East Asia, IMERG can provide precipitation data for the entire globe. 

As the runoff projections for the future period used the same MME, the results reflect the 

differences between the SWAT model according to different precipitation products. The performance 

divergences of the three modes are different from those in the historical period. The IMERG + SWAT 

will obtain the highest annual average runoff projection results among the three mode, i.e., it will 

overestimate the surface water resources of the basin more than CMADS  + SWAT. The runoff result 

of TRMM + SWAT was the smallest, which indicates that the dominant factor in the overestimation 

of the runoff simulation in the historical period is precipitation. Under the premise that the 

precipitation of the BX sub-basin in the future will be slightly lower than that of the other three sub-
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basins, the runoff of the BX sub-basin will be obviously higher than the others because the BX sub-

basin is almost entirely located in a mountainous area, and the three modes all simulate the 

characteristic that the underlying surface conditions are more suitable for runoff generation. In 

addition, in terms of the uncertainty caused by the “equifinality” phenomenon, CMADS + SWAT will 

be the largest in LDX and FT and the smallest in QLT and BX among the three modes, while IMERG 

+ SWAT will be the opposite. There are very few studies on prediction comparisons between different 

data-driven hydrological modes, so the discussion in this section could provide a reference for the 

selection of hydro-meteorological modes in runoff prediction. 

5. Conclusions 

The main purpose of this study was to compare the differences in precipitation and streamflow 

simulations between CMADS, TRMM, IMERG, and Gauged data at the sub-basin scale in the Qujiang 

river basin. Among the three precipitation products, CMADS has the strongest detection capability 

for gauged rainfall; the precipitation deviations of CMADS and IMERG in the four sub-basins are the 

smallest (within ±5%), while those of TRMM are overestimated to a large extent. In the daily and 

monthly streamflow simulations, CMADS + SWAT has the best performance, and the NSEs in the 

four sub-basins reached 0.65–0.72 and 0.86–0.97, respectively, with small deviations. Although 

IMERG + SWAT is not as good as CMADS + SWAT, the NSE in the daily-scale and monthly-scale 

simulations also reached above 0.52 and 0.85, respectively. TRMM + SWAT produced obvious 

overestimations in the four sub-basins, which is consistent with its performance with precipitation. 

Although the four sub-basins have different underlying surface properties, CMADS + SWAT and 

IMERG + SWAT can basically meet the needs of streamflow simulations in the basin, except for 

extreme streamflow simulation results at a daily scale. This indicates that  CMADS can provide 

important basic data with high accuracy for hydrological research, especially in areas where data are 

scarce, and IMERG can provide acceptable precipitation data in areas similar to this study but not 

covered by CMADS. At the same time, this research can help determine whether IMERG can 

completely substitute TRMM. 

In addition, when using MME data to drive the three calibrated modes (CMADS + SWAT, 

IMERG + SWAT, and TRMM + SWAT) to project future runoff, the results of all three modes in 

RCP4.5 will be higher than those of RCP8.5 in the four sub-basins, which is consistent with the 

precipitation results. Further, the uncertainty caused by the “equifinality” phenomenon of the three 

modes is largely the same under the two future scenarios. However, the differences between the three 

modes are different from those in the historical period. IMERG + SWAT has the highest annual 

average runoff projection results in four sub-basins, except in the LDX sub-basin, and the uncertainty 

of TRMM + SWAT will be more stable. Moreover, CMADS + SWAT will be larger in the middle and 

lower reaches and vice-versa for IMERG + SWAT. This part of the work can provide some guidance for 

future studies on the influence of hydro-meteorological modes and parameter optimization on runoff 

projection. Because the study area is a typical subtropical humid climate region, and the performance 

of different meteorological products will change under different climatic regions, comparative study 

of CMADS, IMERG, and TRMM in the future will need to be carried out in other climate regions, 

such as semi-arid areas. At the same time, research in non-mountainous areas will help understand 

the difference between the three meteorological products. 
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