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Abstract: The use of satellite–based precipitation products (SPPs) have become increasingly prevalent as 16 

key inputs to provide regional rainfall for improving hydrological simulations in data–spare regions. This 17 

study introduces a new approach – Comprehensive Assessment Framework of Rainfall (CAFR) to evaluate 18 

six satellite–based precipitation products (SPPs) for eleven basins with different sizes across Vietnam (2007 19 

– 2015). These SPPs include the Global Precipitation Mission (GPM) Integrated Multi-satellitE Retrievals 20 

for Global Precipitation Measurement Final run Version 6 (GPM IMERGF V6), Multi–Source Weighted–21 

Ensemble Precipitation (MSWEP) V2.2, Soil Moisture to Rain (SM2RAIN) – Advanced SCATterometer 22 

(ASCAT) V1.5, Asian Precipitation–Highly–Resolved Observational Data Integration Towards Evaluation 23 

(APHRODITE) V1901, Climate Hazards group Infrared Precipitation with Stations (CHIRPS) V2.0, and 24 

Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks 25 

(PERSIANN) – Climate Data Record (CDR) V1.0. With the proposed CAFR: (1) IMERGF is suggested to 26 

have the best performance overall, especially when simulating flood peaks; (2) SM2RAIN–ASCAT 27 

demonstrates the best skills in metrics related to the dry season; (3) For streamflow simulations, SPPs’ 28 

performance is sensitive to basin size, with larger basins showing better performance skills. In this study, 29 

we demonstrate the capability of our proposed framework to better understand SPP applications in 30 

hydrological modeling. 31 

 32 
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1. Introduction  35 

Precipitation is the most important variable in quantifying the distribution of water budget inputs (Du et al., 36 

2022; Nguyen et al., 2022a, 2023) and the water cycle rates across the globe (Beck et al., 2020; Chang et 37 

al., 2023; Ji et al., 2020; Sunilkumar et al., 2019; Tang et al., 2019; Thanh et al., 2022). It has been shown 38 

that accurate precipitation quantifications can substantially improve streamflow simulations, facilitating 39 

water management at both regional and global scales (Anjum et al., 2022; Mondal et al., 2018; Ren et al., 40 

2018; Yuan et al., 2018; Libertino et al., 2016; Hashemi et al., 2017; Le et al., 2018; Dandridge et al., 2019; 41 

Fayne et al., 2017). However, measuring precipitation accurately is challenging due to various factors, such 42 

as its high variability in time and space, wind, and snow (Michaelides et al., 2009; Tapiador et al., 2012).  43 

Rain gauges (RGs) are commonly recognized as the most reliable source for accurate rainfall data at a 44 

point scale (Derin & Yilmaz, 2014), but they are mostly centralized over the developed regions, limiting 45 

the availability of water inputs for hydrological simulations across a wide spatial coverage (Gerlak et al., 46 

2011; Günter et al., 2013; McIntyre et al., 2005; Mondal et al., 2018; Plengsaeng et al., 2014). To overcome 47 

this challenge, researchers have used Satellite–based Precipitation Products (SPPs) that can provide the 48 

accumulated precipitation estimations over the ungauged and data–poor regions (Ji et al., 2020; Li et al., 49 

2018; Ren et al., 2018). SPPs with a wider spatial extent, could provide rainfall data which is more accurate 50 

for use in hydrological models than data gathered directly from the ground.  51 

The Asian Precipitation–Highly–Resolved Observational Data Integration Towards Evaluation 52 

(APHRODITE) product has been commonly used as a reference dataset in several regions, including 53 

Central Asia, Southeast Asia, and the Mekong River Basin (MRB) (Chen et al., 2017; Iqbal et al., 2022; 54 

Lauri et al., 2014). However, studies have shown that the APHRODITE tends to underestimate the annual 55 

rainfall by 13% – 25% and overestimate the number of extreme rainfall events (Ji et al., 2020; Lai et al., 56 

2020; Tong et al., 2014). The lower accuracy of APHRODITE compared to other SPPs (i.e., Tropical 57 

Rainfall Measuring Mission (TPMM), Global Precipitation Climatology Centre (GPCC)) in terms of 58 

streamflow simulation and flood peak prediction has been mentioned in regional studies in Vietnam 59 

(Nguyen–Xuan et al., 2016; Nhi et al., 2019). The Multi–Source Weighted–Ensemble Precipitation 60 

(MSWEP) product has been widely used in recent years (Beck et al., 2020; Mondal et al., 2018), but it tends 61 

to overestimate or underestimate rainfall in semi–arid regions (Alijanian et al., 2017; Xu et al., 2019). Soil 62 

Moisture to Rain – Advanced SCATterometer (SM2RAIN–ASCAT), a new rainfall estimate using soil 63 

moisture (SM) data and bottom–up approach (Brocca et al., 2019; Rahman et al., 2019), struggles to 64 

estimate rainfall in regions with complex terrain or dense vegetation, particularly during extreme events 65 

(Brocca et al., 2014, 2019). SM2RAIN–ASCAT has also been found to underestimate peak rainfall and the 66 

presence of spurious rainfall events due to high–frequency changes in SM (Brocca et al., 2014, 2019; 67 



Paredes–Trejo et al., 2018, 2019). It shows a high correlation, low Relative Bias (RB), and a good ability 68 

to detect moderate rainfall events but has problems in humid regions during the spring (Brocca et al., 2019).  69 

Given those, SPPs have been extensively applied for drought monitoring and streamflow simulations  70 

(Le et al., 2020; Tran et al., 2023a). However, understanding the accuracy of those commonly used SPPs 71 

remains difficult due to the absence of a standardized evaluation scheme. The available assessment results 72 

often rely on a small subset of evaluation metrics by comparing against the overlapped ground–based 73 

precipitation measurements, and the preference for a certain metric could induce a biased judgment on the 74 

performance of SPPs. Additionally, the quality of SPPs is often analyzed from two aspects: the deviations 75 

relative to rain gauge measurements and their performance in simulating streamflow. For example, Le et 76 

al. (2020) assessed and compared eight gauge–corrected and gauge–uncorrected SPPs over six river basins 77 

in Vietnam in a combined use of comparison with rain gauges and evaluation of the SPP–driven 78 

simulations. Though comprehensive, the different validation results might generate diverged conclusions 79 

and thus distract decision–makers in determining the overall best SPPs candidate. Although an SPP is 80 

expected to exhibit comparable performances in precipitation estimation and streamflow simulations, which 81 

has been partially supported by the frequently great performance of rain gauge–driven simulations, it is not 82 

uncommon for the contrasted performances of an SPP in precipitation estimations and streamflow 83 

simulations over many areas. Thus, a rigorous evaluation framework that can coordinate multiple key 84 

metrics simultaneously and incorporates the bi–dimensional (i.e., precipitation estimation and streamflow 85 

simulation) performance is pressingly demanded.  86 

This study introduces a Comprehensive Assessment Framework of Rainfall (CAFR) that 87 

accommodates all the above objectives. Our established framework combined different statistical metrics 88 

and the Multi–Criteria Decision Method (MCDM) to evaluate better and rank SPPs. Eleven basins have 89 

been chosen along with six different SPPs, including Integrated Multi-satellitE Retrievals for Global 90 

Precipitation Measurement (GPM IMERG) (Hou et al., 2014), MSWEP (Beck et al., 2019b), Climate 91 

Hazards group Infrared Precipitation with Stations (CHIRPS) (Funk et al., 2015), Precipitation Estimation 92 

from Remotely Sensed Information using Artificial Neural Networks – Climate Data Record (PERSIANN–93 

CDR) (Ashouri et al., 2015), APHRODITE (Yatagai et al., 2012), and SM2RAIN–ASCAT (Brocca et al., 94 

2019). This work shows a promising approach to assess SPPs, reveals the not–yet–evaluated products: 95 

MSWEP, SM2RAIN–ASCAT, as well as re–assess the APHRODITE product for Vietnam over different 96 

regions’ characteristics (i.e., watershed’s size, climate, terrain complexity, etc.). This research is important 97 

as it strengthens the accuracy and reliability of using SPPs in different regional conditions. By revealing 98 

the advantages and disadvantages of chosen products throughout assessments and the hydrological model 99 



Soil and Water Assessment Tool (SWAT), this study contributes to developing and improving SPPs, 100 

fostering more accuracy of water resource estimation. 101 

2. Watersheds 102 

Eleven hydrological reference basins, as the finding from Do et al. (2022), have been chosen with basin 103 

areas between 383 km2 and 6430 km2 (Fig. 1) and average elevations ranging from 3 m to 2000 m (above 104 

mean sea level). These basins provide good spatial coverage and can serve as a foundation for any large–105 

sample water resource study in Vietnam. They are the results of a systematic effort to identify a network of 106 

stations unaffected by ground anthropogenic activities. Each chosen basin area located in each sub–climatic 107 

region of Vietnam to known as North West (S1), North East (S2), North Delta (S3), North Central (S4), 108 

South Central (S5), Central Highland (S6), and South East (S7). These climatic regions have been defined 109 

based on their durations of rainy seasons, the three months with the heaviest rainfall, temperature, and 110 

differences in solar radiation (Nguyen & Nguyen, 2004).  111 



 112 

Fig. 1. Distribution of eleven basins across Vietnam with different climate characteristics and their 113 

meteorological stations. Legend in subpanels is Digital Elevation Model (DEM), with its units in meters. 114 

3. Data and methods 115 

The CAFR consists of three parts: (1) comparison of SPPs’ characteristics, (2) hydrological simulations for 116 

streamflow simulation, driven by rain gauge and SPP, and (3) MCDM for ranking SPPs. 117 

3.1. CAFR framework for evaluating SPPs 118 



 119 

Fig. 2. The flowchart represents the sequential order of assessment stages of CAFR. The numerical values 120 

in the central nodes of the flowchart represent the order in which these stages were performed.  121 

In (1), CAFR primarily analyzes the annual and seasonal performance of SPPs for rainfall estimation. 122 

It is important to understand seasonal rainfall patterns across different climatic regions and basin size levels. 123 

Besides, we also evaluate the streamflow simulation driven by rain gauges and SPPs. This evaluation is 124 

performed in similar terms of assessment (i.e., daily, monthly scales, and flood peak) for different basin 125 

sizes. This assessment aims to underline the correlation and consistency between results derived from inter-126 

comparison and hydrological applications. These evaluations become important as they illustrate: the 127 

specific characteristics of SPPs in different basins’ characteristics, and the strengths and weaknesses of 128 

SPPs in hydrological simulations.  129 

An in–depth assessment of SPPs’ performance is further described in (2), in which we employed 130 

statistical metrics (including temporal dynamic and decision metrics) and rainy–day detection. This is 131 

essential for assessing the performance of SPPs, and it offers significant support to drought detection studies 132 

(Fig. 2). Lastly, we calculate the correlation between the elevation range and rain gauge density using the 133 

formula Prelative = (NSESPP – NSERG)/NSERG x 100. This calculation helps illustrate the relative performance 134 

difference between SPPs and traditional rain gauges, thereby providing a comprehensive understanding of 135 

SPPs’ effectiveness in different hydrological contexts. 136 



 137 

Fig. 3. MCDM method used in CAFR. 138 

The MCDM used the Preference Ranking Organization Method for Enrichment Evaluations 139 

(PROMETHEE) family method (Behzadian et al., 2010) that was performed to obtain an accurate ranking 140 

of SPPs using results from (1) and (2) (Fig. 2). In our study, we utilized both the partial ranking of 141 

alternatives (PROMETHEE I) and complete ranking of alternatives (PROMETHEE II), as introduced by 142 

Brans et al. (1986). This dual–ranking approach allows us to score a finite number of alternatives while 143 

considering a variety of criteria. The PROMETHEE method sets itself apart from other MCDM methods 144 

through its unique internal process during decision-making, offering three key benefits: a user-friendly 145 

outranking approach, adaptability to real-life planning problems, and providing a complete ranking (Brans 146 

et al., 1986). The process we follow involves five main steps (Fig. 3):  147 

• Conduct pairwise comparisons to identify disparities,  148 

• Apply an appropriate preference function to each criterion, 149 



• Calculate a global preference index,  150 

• Determine both positive and negative outranking flows for each alternative and conduct a partial 151 

ranking,  152 

• Calculate the net outranking flow for each alternative, resulting in the final ranking of SPPs. 153 

3.2. In–situ data 154 

Hydro–meteorological data were obtained from the Vietnam Meteorological and Hydrological 155 

Administration (VMHA) (http://kttvqg.gov.vn/). Prior to their use in this study, the data were collected and 156 

pre–processed by the hydrological services and regional meteorological authorities, ensuring their quality 157 

and reliability. The monthly observed runoff and rainfall for each basin are presented below, corresponding 158 

to the following regions: S1 (North West, XL, and BY basins of Ma River); S2 (North East, CH basin of 159 

Luc Nam River); S3 (North Delta, NK basin of Hieu River); S4 (North Central, HD and SD basins of Ngan 160 

Sau River and Ngan Pho Rivers, respectively); S5 (South Central, AH basin of Tra Khuc River); S6 (Central 161 

Highland, GS, KT basin and SL basins of Krong Ana, Dakbla, and Luy Rivers, respectively); and S7 (South 162 

East, CD basin of Sai Gon River).  163 

 164 

Fig. 4. The comparison between the observed monthly average runoff and monthly rainfall at basins’ 165 

outlets: a) AH, b) BY, c) CD, d) CH, e) GS, f) HD, g) KT, h) NK, i) SD, g) SL, and k) XL basins. 166 

The daily rainfall data was obtained from the 39 rain gauge stations for the chosen eleven basins, while 167 

the daily runoff data at basins’ outlets were obtained for the same simulation period (2007 – 2015). The 168 



average percentage of missing values over all rain gauges was less than 1.0%. For small–size basins such 169 

as AH (383km2), SD (599km2), CD (617km2), and BY (638km2), the number of rainfall stations used would 170 

vary from one to three, while other basins (with area higher than 700km2) would have from three to six 171 

rainfall stations. The locations of eleven basins of Vietnam are shown in Figure 1, in which the peak 172 

monthly runoff varies from August (BY and XL basins – zone S1 and CH basin – zone S2) to September 173 

(KT basin – zone S6 and NK basin – zone S3), October (CD basin – zone S7, HD, and SD basins – zone 174 

S4, and SL basin – zone S6), and November (AH basin – zone S5, and GS basin – zone S6). The largest 175 

runoff among basins was found in November at AH basin (Fig. 4). Additionally, the minimum and 176 

maximum temperatures of the air were obtained at meteorological stations, and the length of these datasets 177 

has been maintained the same compared to precipitation datasets measured from rain gauges.  178 

3.3. Description of SPPs 179 

3.3.1. IMERG 180 

IMERG product is a type 3 level dataset that employs the GPM estimation algorithm and endeavors to 181 

integrate, interpolate, and intercalibrate several estimates of microwave precipitation obtained from satellite 182 

sources (Hou et al., 2014; Yuan et al., 2018). In this study, the 0.1o gridded IMERGF (V6.0) was used, and 183 

it can be obtained from (https://pmm.nasa.gov/data–access/downloads/gpm). 184 

3.3.2. MSWEP 185 

MSWEP product is a recent global rainfall dataset that captures rainfall on a 3–hourly temporal scale. 186 

It was developed by Beck et al. (2019b) and draws on the strengths of reanalysis–based, gauge–based, and 187 

satellite–based datasets to generate precise estimates of precipitation worldwide. The 0.1° gridded MSWEP 188 

(V2.2) dataset was used and can be obtained from (http://www.gloh2o.org/mswep/). 189 

3.3.3. SM2RAIN–ASCAT 190 

SM2RAIN–ASCAT product is a recently developed global–scale rainfall dataset based on satellite SM 191 

measurements obtained from the European Meteorological Satellite’s Advanced SCATterometer. 192 

SM2RAIN algorithm is used as the bottom–up approach to compute precipitation changes using SM data, 193 

as described in previous studies by Brocca et al. (2014, 2019) and Wagner et al. (2013). The 0.125° gridded 194 

SM2RAIN–ASCAT (V1.5) dataset was used and can be obtained from 195 

(https://zenodo.org/record/6136294). 196 

3.3.4. APHRODITE 197 



APHRODITE is a 0.25o long–term continental–scale, rain gauge network interpolated precipitation 198 

product (Yatagai et al., 2012). To construct APHRODITE, three rain–gauge datasets have been used: 199 

APHRODITE own collection rain gauge network; Global Telecommunication System data; and other 200 

projects’ datasets (Ji et al., 2020; Yatagai et al., 2012). The 0.25o gridded APHRODITE (V1901) dataset 201 

was used and can be obtained from (https://www.chikyu.ac.jp/precip/). 202 

3.3.5. CHIRPS 203 

CHIRPS is a product of the Climate Hazards Group at the University of California–Santa Barbara, 204 

designed to detect droughts to aid the United States Agency for International Development Famine Early 205 

Warning System Network, as explained by Shen et al. (2020). The 0.05o gridded CHIRPS (V2.0) was used 206 

and can be obtained from (https://www.chc.ucsb.edu/data/chirps). 207 

3.3.6. PERSIANN–CDR 208 

The PERSIANN–CDR is a satellite precipitation product that is mostly based on the brightness 209 

temperature of infrared images made by geostationary satellites in combination with the Climate Data 210 

Record (CDR) (Ashouri et al., 2015; Hsu et al., 1997; Tan & Santo, 2018). The 0.25o grided PERSIANN–211 

CDR (V1.0) was used and can be obtained from (https://chrsdata.eng.uci.edu/). 212 

Table 1 Descriptions of used SPPs for this study. 213 

SPP 
Temporal 

coverage 
Resolution 

Spatial 

coverage 

Temporal 

resolution 
Latency References 

IMERGF–V6 2000 – 2021 0.1o 65°N – 65°S 1/2h Several months Hou et al., 

2014 

MSWEP V2.2 1979 – present 0.1o 60°N – 60°S 3h Several days Beck et al., 

2019b 

SM2RAIN–

ASCAT V1.5 

2007 – 2021 0.125o 60°N – 60°S 

(land) 

Daily N/A Wagner et 

al., 2013 

APHRODITE 

V1901 

1951 – 2015 0.25o 60°N – 60°S Daily 24 hours Yatagai et 

al., 2012 

CHIRPS V2.0 1981 – present 0.05o 50°N – 50°S Daily 24 hours Funk et al., 

2015 

PERSIANN–

CDR V1.0 

1983 – present 0.25o 60°N – 60°S Daily Several months Ashouri et 

al., 2015 

Table 2 Statistical metrics for evaluating SWAT and SPPs performance. 214 



 Metric Equation 
Optimal 

value 
Criterion 

 

Inter–

comparison 

with rain 

gauges 

Metrics 

Probability of 

Detection 

(POD) 

𝐷𝐷11
𝐷𝐷11 + 𝐷𝐷01

 
1  

False Alarm 

Ratio (FAR) 

𝐷𝐷10
𝐷𝐷11 + 𝐷𝐷10

 
0  

Critical 

Success 

Index (CSI) 

𝐷𝐷11
𝐷𝐷11 + 𝐷𝐷01 + 𝐷𝐷10

 
1  

Correlation 

Coefficient 

(CC) 

∑ (𝑅𝑅𝐺𝐺𝑖𝑖 − 𝑅𝑅𝑅𝑅����)(𝑆𝑆𝑃𝑃𝑃𝑃𝑖𝑖 − 𝑆𝑆𝑆𝑆𝑆𝑆������𝑁𝑁
𝑖𝑖=1 )

�∑ (𝑅𝑅𝐺𝐺𝑖𝑖 − 𝑅𝑅𝑅𝑅����)2 ∑ (𝑆𝑆𝑃𝑃𝑃𝑃𝑖𝑖 − 𝑆𝑆𝑆𝑆𝑆𝑆������)2𝑁𝑁
𝑖𝑖=1

𝑁𝑁
𝑖𝑖=1

 
1  

Relative 

Bias (RB) 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑆𝑆𝑆𝑆𝑆𝑆)
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅𝑅𝑅)

− 1 
0  

Root Mean 

Square Error 

(RMSE) 
�

1
𝑛𝑛
�(𝑆𝑆𝑃𝑃𝑃𝑃𝑖𝑖 − 𝑅𝑅𝐺𝐺𝑖𝑖)2
𝑁𝑁

𝑖𝑖=1

 

0  

 

 

Streamflow 

Performance 

Metrics 

Nash–

Sutcliffe 

Efficiency 

(NSE) 

1 −
∑ (𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖)2𝑁𝑁
𝑖𝑖=1

∑ (𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖 − 𝑜𝑜𝑜𝑜𝑜𝑜𝚤𝚤������)2𝑁𝑁
𝑖𝑖=1

 
1 VG: 1 ≥  NSE ≥  0.8, G: 

0.80  ≥  NSE ≥  0.70, S: 

0.70  ≥  NSE ≥  0.50, NS: 

NSE < 0.5 

Percentage 

Bias 

(PBIAS) 

�
∑ (𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖)𝑁𝑁
𝑖𝑖=1
∑ 𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑁𝑁
𝑖𝑖=1

� × 100 
0 VG: PBIAS ≥ ±5, G: 5 ≤ 

PBIAS ≤ ±10, S: ±10 ≤ 

PBIAS ≤ ±15, NS: PBIAS 

> ±15 

Note: 𝐷𝐷11 is the precipitation measured by the rain gauge and the satellite simultaneously. 𝐷𝐷10 represents 215 

the precipitation detected by the satellite but not by the rain gauge. 𝐷𝐷01 is the opposite of 𝐷𝐷10. simi denotes 216 

the simulated streamflow while obsi  indicates the observed streamflow (m3/s). The average simulated 217 



streamflow is represented by sım����� while the average observed streamflow is denoted by obs����� (m3/s). Very 218 

Good denotes VG, Good denotes G, Satisfactory denotes S, and Not Satisfactory denotes NS. 219 

3.4. SWAT model  220 

SWAT is a watershed–scale model that is semi–distributed and was developed and supported by the United 221 

States Department of Agriculture (USDA) and the Agriculture Research Service (ARS), as detailed by 222 

Arnold et al. (2012). This model has been used in many studies to address different hydrological–related 223 

problems, including land–use land cover, chemical pollution from pesticides and agricultural chemicals on 224 

streamflow and sediment loads, ecosystem management, and climate change (Mohammed et al., 2018a, 225 

2018b, 2018c; Ashrafi et al., 2022a, 2022b; Behboudian et al., 2021; Le et al., 2020; Nguyen et al., 2022; 226 

Tran et al., 2023a, 2023b; Tapas et al., 2022a, 2022b). The SWAT model predicts runoff using DEM, land–227 

use, and soil information, which are stored in Hydrologic Response Units (HRUs) (Arnold et al., 2012). 228 

Runoff is calculated separately for each HRU, and the total runoff for sub–basins and the entire basin is 229 

determined by adding the HRU runoffs (Arnold et al., 2012). The input requirements for the SWAT model 230 

are summarized in Table 3. 231 

Table 3 Description of SWAT required inputs in this study. 232 

Dataset Description Source 

DEM The 90–m DEM estimates the slope and 

delineates the basin boundary, validated using 

the Vietnam National Basin database 

reference with an average error of less than 

3%. 

HydroSHEDS Core layers (V1.0) 

(https://www.hydrosheds.org/products/h

ydrosheds) 

Land–use 

land cover 

A 30–m land–use land cover map was 

downloaded from SERVIR–Mekong website 

for 2010. 

SERVIR–Mekong 

(https://www.landcovermapping.org/en/

home/) 

Soils data A 30–m soil map with a scale of 1:1,000,000 

resampled from polygons to raster format. 

National Institute for Soils and 

Fertilizers. (2002) 



Weather 

data 

The daily precipitation, temperature, and 

rainy–day threshold (0.6 mm/day) were 

obtained from VMHA between 2007 and 

2015. 

Six SPP datasets and rain gauges were utilized 

for streamflow simulation using the SWAT 

model, and seven simulation scenarios were 

conducted for each basin (2007 – 2015). 

• Ground data: VMHA  

• SPPs: IMERGF–V6; MSWEP 

V2.2; SM2RAIN–ASCAT 

V1.5; APHRODITE V1901; 

CHIRPS V2.0; PERSIANN–

CDR V1.0; (please see Table 1 

for detailed description) 

 

The basin delineation and HRUs creation was carried out using QSWAT (V1.5.2) in the QGIS 233 

(V3.16.19) platform (Dile et al., 2016), and the watershed was delineated using Terrain Analysis Using 234 

Digital Elevation Models (TauDEM) (V5.0) (Oals, 2011). In the SWAT model setup, a contributing area 235 

threshold of 25 km2 and a filter threshold of 10% were used for slope, land use, and soil to ensure the 236 

presence of a minimum of 3 (CA, AH) to 51 (XL) sub–basins in this study. 237 

Due to differences in dataset availability for SPP products (Table 1), we chose the overlapping period 238 

(2007 – 2015) for all SPPs to perform our analysis and hydrological simulation. The model was performed 239 

on a daily timescale, with two years warm–up period (2007 – 2008) and a simulation period (2009 – 2015). 240 

The calibration period was set from 2009 to 2012, while the validation was performed between 2013 and 241 

2015.  242 

The study used SWAT–CUP and the Sequential Uncertainty Fitting method V2 (SUFI–2) method for 243 

model calibration and validation, as the findings of Abbaspour et al. (2007, 2015). The calibration and 244 

validation involved 4,000 runs for each scenario to obtain the optimal fitted values. NSE was used as the 245 

objective function in the SWAT–CUP program. This study selected 23 parameters, with their names, 246 

methods, descriptions, ranges, and fitted values could be found in Supplementary Data S1. 247 

3.5. Statistical performance metrics  248 

Table 2 denotes the formulas and optimal scores for the statistical performance metrics. To compare SPPs 249 

with the rain gauges, the Probability of Detection (POD); False Alarm Ratio (FAR), and Critical Success 250 

Index (CSI) were used. For the temporal dynamic evaluation, Correlation Coefficient (CC), Relative Bias 251 

(RB), and Root Mean Square Error (RMSE) were used. For streamflow performance, Nash-Sutcliffe 252 

Efficiency (NSE) and Percentage Bias (PBIAS) (Moriasi et al., 2007, 2015) were used. The POD gives the 253 

proportion of real rainfall events that the SPP products can identify. FAR measures the fraction of false 254 

precipitation events from SPP products compared to total rainfall events. Based on POD and FAR, CSI is 255 



the most balanced detection metric. CC measures the similarity between SPP products and ground 256 

observations. RB and RMSE quantify the bias and accuracy of satellite estimates. NSE measures the relative 257 

magnitude between the simulated and observed streamflow. The PBIAS quantifies the average inclination 258 

of the simulated streamflow to overestimate or underestimate the observed streamflow consistently. 259 

4. Results and discussion 260 

4.1. Inter–comparison of SPPs’ characteristics and rain gauges 261 

For the inter–comparison of SPPs, we assessed the characteristics of six SPPs using observations from rain 262 

gauges across eleven basins (Fig. 1). We matched precipitation values extracted from SPP’s grids to the 263 

rain gauge locations. If more than one rain gauge was located in a grid, we averaged values from those 264 

gauges before the comparison.  265 

4.1.1. Annual and seasonal rainfall distributions 266 

Figure 5 represents the mean annual precipitation over Vietnam from (a) APHRODITE, (b) CHIRPS, (c) 267 

IMERGF, (d) MSWEP, (e) PERSIANN–CDR, and (f) SM2RAIN–ASCAT, respectively. The mean rainfall 268 

estimates have been calculated between 2007 and 2015 for all chosen SPPs. The wet and dry seasons for 269 

each climate region have been classified by Nguyen & Nguyen. (2004) (Fig. 5) (see Supplementary Data 270 

S2).  271 



 
Fig. 5. Mean annual precipitation for Vietnam from a) APHRODITE, b) CHIRPS, c) IMERGF, d) MSWEP, 272 

e) PERSIANN–CDR, and f) SM2RAIN–ASCAT.  273 

APHRODITE, CHIRPS, and SM2RAIN–ASCAT showed high differences in the S4, S5, and S6 274 

regions. CHIRPS and PERSIANN–CDR captured more rainfall in S5 and S6 (Fig. 5), while APHRODITE 275 

showed less rainfall measured along the coast.  276 



 277 

Fig. 6. Annual rainfall for a) AH, b) BY, c) CD, d) CH, e) GS, f) HD, g) KT, h) NK, i) SD, j) SL, and k) 278 

XL. The mean value of rainfall estimates for each SPP is represented by a value in bold with corresponding 279 

colors.  280 



 281 

Fig. 7. Wet season rainfall for a) AH, b) BY, c) CD, d) CH, e) GS, f) HD, g) KT, h) NK, i) SD, j) SL, and 282 

k) XL. The mean value of rainfall estimates for each SPP is represented by a value in bold with 283 

corresponding colors.  284 



 285 

Fig. 8. Dry season rainfall for a) AH, b) BY, c) CD, d) CH, e) GS, f) HD, g) KT, h) NK, i) SD, j) SL, and 286 

k) XL. The mean value of rainfall estimates for each SPP is represented by a value in bold with 287 

corresponding colors.  288 

We combined the assessment of SPPs’ performances in different basin sizes (Table 4). We categorized 289 

different basin size levels with large (> 4000 km2), medium (≤ 4,000 km2 and > 1000 km2), and small (≤ 290 

1000 km2) to compare SPPs and rain gauges.  291 

Table 4. The difference (in percentage) of rainfall estimates between SPPs and rain gauges for different 292 

basins’ area levels. Bold values indicated the best score.  293 

Period Basin size IMERGF MSWEP 
SM2RAIN–

ASCAT 
APHRODITE CHIRPS 

PERSIANN–

CDR 

Annual 
 

Large 3.99 9.53 5.93 6.60 4.69 25.98 

Medium 7.25 6.23 18.44 14.95 20.27 22.44 

Small 13.58 14.51 16.65 23.07 13.67 19.91 

Dry Large 10.21 9.37 5.80 2.36 21.68 14.30 

Medium 49.11 63.22 18.98 35.15 38.48 74.49 

Small 33.71 25.62 17.42 31.44 36.29 55.54 



Wet Large 6.64 10.28 7.89 8.09 0.95 31.16 

Medium 6.66 13.40 24.94 21.25 17.19 13.05 

Small 6.52 10.72 16.45 18.84 17.74 11.29 

Most SPPs showed better rainfall estimation when the watershed size increased except PERSIANN–294 

CDR, especially during the wet season (Table 4). IMERGF showed a high capability for annual rainfall 295 

estimates with the lowest difference of 0.63% (S6 region), 2.78% (S3), and highest (5.21%) in S2 (Fig. 6). 296 

MSWEP showed similarities compared to IMERGF in which the lowest difference (1.16%) was found in 297 

S1 region, and the highest (6.06%) is in S3 region. IMERGF showed a high similarity for the rainfall 298 

estimates over different basin sizes, highest in large basins and lower when the basin size decreases (Table 299 

4).  300 

MSWEP overestimated rainfall in coastal basins (S5) (28.63% difference) and in semi–arid region (S6) 301 

(14.65% difference), compared to rain gauges (Fig. 6). These estimations could be explained by the 302 

algorithm used for bias reduction as well as the non–uniformity in the spatial distribution of rain gauge 303 

data. CHIRPS and PERSIANN–CDR overestimated the annual rainfall in S7 by 22.69% and 40.09%, 304 

respectively, compared to rain gauges. Besides, CHIRPS overestimated the S6 region rainfall with the 305 

lowest difference of 16.00% to the highest of 46.03% (Fig. 6).  306 

SM2RAIN–ASCAT underestimated the total precipitation over eleven basins during the wet season, 307 

which could be explained due to the high water content resulting in the saturation of the soil, as mentioned 308 

by Brocca et al. (2014) and Paredes–Trejo et al. (2019). In addition, SM2RAIN–ASCAT showed less 309 

capability to capture rainfall in basins with high variation of rainfall patterns (i.e., KT with 25.92% 310 

difference – S6; HD with 32.22% – S4) (Figs. 6 – 8). During the dry season, SM2RAIN–ASCAT performed 311 

the best over small, medium, and large–size basins (Table 4).   312 

APHRODITE underestimated the seasonal and annual rainfall, especially in the coastal basin (S6) (Fig. 313 

7). It showed good rainfall estimates in large basins with the lowest difference of 5.80% and became worse 314 

in medium and small basins, compared to rain gauges (Table 4). Additionally, APHRODITE showed a 315 

worse rainfall estimate during the dry season for S4 and became significantly less accurate in the semi–arid 316 

region, with the highest difference of 95.54% compared to rain gauges. This finding is consistent with the 317 

findings of Ahmed et al. (2019), in which APHRODITE showed the highest error for rainfall estimates over 318 

Pakistan. APRHODITE significantly underestimated/overestimated rainfall when the watersheds’ areas 319 

decreased. 320 

4.1.2. SPPs comparison using rainfall detection metrics and rainy–days detection 321 



 

 



 

  322 

Fig. 9. The SPPs comparison using POD, FAR, CSI, and rainy–days detection (%) for annual, dry, and wet 323 

seasons. Red dashed line shows the best value. 324 

Table 5. The median performance measures of the SPPs are derived from daily precipitation measurements 325 

obtained from rain gauges spanning the period 2007–2015. The most outstanding score is indicated by bold 326 

values. A higher value corresponds to better performance, except for the metrics RMSE and FAR. 327 

Metric  IMERGF MSWEP 
SM2RAIN

–ASCAT 
APHRODITE CHIRPS 

PERSIANN–

CDR 



POD 

Dry 0.597 0.771 0.873 0.739 0.414 0.499 

Wet 0.901 0.921 0.989 0.917 0.767 0.886 

All 0.746 0.872 0.954 0.849 0.663 0.741 

FAR 

Dry 0.393 0.358 0.592 0.492 0.484 0.507 

Wet 0.250 0.274 0.381 0.349 0.303 0.322 

All 0.306 0.357 0.487 0.415 0.368 0.380 

CSI 

Dry 0.321 0.524 0.369 0.456 0.272 0.263 

Wet 0.689 0.685 0.617 0.621 0.588 0.632 

All 0.562 0.604 0.488 0.541 0.485 0.511 

CC 

Dry 0.680 0.413 0.425 0.415 0.301 0.347 

Wet 0.718 0.530 0.515 0.473 0.369 0.386 

All 0.703 0.547 0.540 0.520 0.436 0.449 

RB 

Dry − 0.103 0.048 0.014 − 0.027 – 0.137 0.106 

Wet − 0.017 – 0.076 − 0.204 − 0.140 0.042 0.085 

All − 0.006 – 0.047 − 0.168 − 0.177 – 0.029 0.156 

RMSE 

Dry 7.578 7.555 5.369 5.728 6.435 8.513 

Wet 10.493 13.146 11.880 13.098 14.752 14.462 

All 8.302 11.319 9.377 10.143 11.485 11.947 

Figure 9 and Table 5 show the performance of SPPs using rainfall detection metrics. In general, 328 

IMERGF (median POD of 0.746–rank 4, median FAR of 0.306–rank 1, and median CSI of 0.562–rank 2) 329 

showed the highest overall performance than other SPPs for the annual and seasonal rainfall comparisons, 330 

consistent with findings of Kumar et al. (2022) and Le et al. (2020). This reflects the fidelity of the IMERG 331 

retrieval algorithms to detect rainfall events with high POD and low FAR scores (Huffman et al., 2015, 332 

2018). The second best SPP is MSWEP (median POD of 0.872–rank 2, median FAR of 0.357–rank 2, 333 

median CSI of 0.604–rank 1), followed by APHRODITE (median POD of 0.849–rank 3, median FAR of 334 



0.415–rank 5, median CSI of 0.541–rank 3), and PERSIANN–CDR (median POD of 0.741–rank 5, median 335 

FAR of 0.380–rank 4, median CSI of 0.511–rank 4).  336 

For rainy days detection, CHIRPS showed the highest similarity compared to the rain gauges, followed 337 

by IMERGF (Fig. 9). We could see that 40.62% of the observation across chosen basins had rainfall events, 338 

this figure from CHIRPS accounted for 40.01% while other products such as IMERGF, PERSIANN–CDR, 339 

and MSWEP comprised 43.08%, 47.32%, and 56.12% of the entire period, respectively. APHRODITE 340 

overestimated (60.91%) the number of rainy days, while it is 77.57% for SM2RAIN–ASCAT. MSWEP 341 

showed a similar overestimation result compared to APHRODITE with 56.12%, indicating a need to 342 

perform re–calibration and –evaluation for this product’s algorithm, although its high–frequency temporal 343 

rainfall sampling (every 3 hours) (Beck et al., 2017) (Fig. 9, and Table 1). During the dry season, 344 

SM2RAIN–ASCAT, APHRODITE, and MSWEP overestimated the rainy days, whereas other SPPs 345 

showed the underestimation in the same comparison, reflecting the difficulty of SPPs to detect the short–346 

term rainfall events, especially for coastal regions, in which most of the rainfall events caused by heavy 347 

rainfall from tropical cyclones.  348 

In general, SM2RAIN–ASCAT and APHRODITE highly overestimated the rainy days that could be 349 

expected due to their high values of POD (Table 5) in terms of seasonal rainfall. CHIRPS showed a high 350 

correlation for rainy days between dry and wet seasons compared to rain gauges (Fig. 9). IMERGF 351 

overestimated (7.61%) and underestimated (5.79%) the number of rainy days in the wet season and dry 352 

season, respectively (Fig. 9).  353 

4.1.3. SPPs comparison using temporal dynamic metrics  354 

 



 

 
Fig. 10. The SPPs comparison using RB, RMSE, and CC derived from SPPs and rain gauge for annual, 355 

dry, and wet seasons. Red dashed line shows the best value. 356 

Figure 10 and Table 5 show the performance of SPPs using temporal dynamic metrics. In general, 357 

IMERGF (median CC of 0.703–rank 1) showed the best overall CC score, followed by MSWEP (median 358 

CC of 0.547–rank 2), SM2RAIN–ASCAT (median CC of 0.540–rank 3), and APHRODITE (median CC 359 

of 0.520–rank 4). Other SPP products showed moderate median scores with PERSIANN–CDR (median 360 

CC of 0.449–rank 5) and CHIRPS (median CC of 0.436–rank 6) (Table 5).  361 

IMERGF showed the lowest RB score (median RB of – 0.006–rank 1) (Table 5). This product was 362 

followed by CHIRPS (median RB of – 0.029–rank 2), MSWEP (median RB of – 0.047–rank 3), and other 363 



SPPs (PERSIANN–CDR, SM2RAIN–ASCAT, and APHRODITE) with a lower RB scores (Table 5). 364 

These results are consistent with the findings of Le et al. (2020) and Beck et al. (2019a). IMERGF was 365 

ranked as the best SPP to detect drought events, followed by CHIRPS with the second–highest RB score 366 

(median RB of – 0.029). SM2RAIN–ASCAT obtained a very good RB score in the dry season (median RB 367 

of 0.014) (Table 5), indicating its skill in detecting drought conditions during the dry season. In terms of 368 

RMSE, IMERGF (median RMSE of 8.302 mm.d–1) showed the lowest RMSE score for annual rainfall 369 

estimate, followed by SM2RAIN–ASCAT (median RMSE of 9.377 mm.d–1), and APHRODITE (median 370 

RMSE of 10.143 mm.d–1).  371 

There was no significant difference between the wet and dry seasons for seasonal detection. The 372 

average median values for CC and RB during the dry season were 0.439 and 0.186, respectively, while 373 

during the wet season, they were 0.463 and 0.130, respectively. Moreover, the SPPs’ average RMSE was 374 

7.910 mm.d–1 during the dry season and lower than the wet season (14.890 mm.d–1), indicating a lower 375 

rainfall variability during the dry season.  376 

4.2. Hydrological assessment performed by SPPs and rain gauges 377 

4.2.1. Streamflow simulations at daily and monthly scales 378 

 379 



Fig. 11. The performance of SPPs for simulated streamflow, measured by NSE and PBIAS for (a, b) daily 380 

and (c, d) monthly streamflow using SWAT model, driven by rain gauges and different SPPs. Box plots 381 

show the median and interquartile range with outliers lying below or above the 10th and 90th percentiles, 382 

respectively. The color points represent the performance of each basin. The performance explanation: “VG” 383 

is Very Good, “G” is Good, “S” is Satisfactory, and “NS” is Not Satisfactory. The evaluation period: Cal. 384 

Calibration (2009 – 2012), Val. Validation (2013 – 2015). 385 

 386 

Fig. 12. Heat maps with the NSE and PBIAS scores for (a, b) daily and (c, d) monthly streamflow, 387 

respectively, using SWAT simulations, driven by rain gauges and different SPPs, at eleven basins. 388 

For daily simulation, rain gauges (median NSE of – 0.70) showed the best overall performance, 389 

followed by IMERGF (median NSE of 0.55), categorized as Satisfactory level (Fig. 12a) (Moriasi et al., 390 

2007). IMERGF showed better performances than the rain gauge in some basins (BY and CH), while other 391 

SPPs (CHIRPS, PERSIANN–CDR, APHRODITE, and MSWEP) showed poor performances (median NSE 392 

scores of 0.39, 0.37, 0.35, and 0.31, respectively) (Fig. 12a).  393 

SPPs exhibited poor performances for cyclone–prone basin (AH) and semi–arid region (SL) while rain 394 

gauges only showed a good performance in cyclone–prone basin (Fig. 12). The performance of SM2RAIN–395 

ASCAT was found to be comparable to rain gauges, in which it was found better than rain gauges in semi–396 

arid region and was ranked as second best SPP (NSE score of 0.31) in cyclone–prone basin (AH), followed 397 

by MSWEP (NSE score of 0.30) (Fig. 12a). 398 

For the PBIAS score, IMERGF (median PBIAS of 0.21%) showed the best overall performance, 399 

followed by MSWEP (median PBIAS of 1.08%), rain gauges (median PBIAS of 3.18%), and PERSIANN–400 

CDR (4.07%) (Fig. 12b), categorized as Good level while APHRODITE (median PBIAS of 17.48%) 401 

showed a Not Satisfactory level (Table 2) (Moriasi et al., 2007). 402 



The monthly streamflow simulation has shown better skills for hydrological simulations driven by 403 

SPPs. For the monthly NSE score, rain–gauge–driven simulations (median NSE of 0.84) remained the best 404 

overall performance, followed by IMERGF (median NSE of 0.70) (Fig. 12c). However, IMERGF showed 405 

similar or slightly better model performances compared to the rain gauge in the S1 (XL and BY), S2 (CH) 406 

and S6 (KT), indicating it as a potential alternative to rain gauges in monthly streamflow simulation.  407 

MSWEP (median NSE of 0.56) showed good results in S1 (XL and BY), S2 (CH), and S7 (CD) and 408 

outperformed IMEGRF in S4 (HD and SD) (Fig. 12c). APHRODITE (median NSE of 0.54) showed similar 409 

results compared to CHIRPS (median NSE of 0.53), in which they performed good in S1 and S2 regions 410 

but showed less performance in small (≤ 1000 km2) basin in S4 region (SD) (Fig. 12). SM2RAIN–ASCAT 411 

showed good performances in S1, S2, and S3 with monthly NSE scores of at least 0.61 (Fig. 12) but was 412 

indicated as easily affected in basins that have high variations in rainfall patterns (i.e., KT–S6, and HD, 413 

SD–S4) (Figs. 7 and 8).  414 

In general, only rain gauge–, IMERGF– and MSWEP– driven models exhibited Good and Satisfactory 415 

levels in monthly simulation in terms of NSE, while other SPPs showed poorer results (APHRODITE, 416 

CHIRPS, SM2RAIN–ASCAT, and PERSIANN–CDR). However, SPPs showed low performance at AH 417 

basin and our suggestion is to re–evaluate for SPP datasets in regions that are heavily affected by the tropical 418 

cyclone and monsoon systems. 419 

For the monthly PBIAS score, IMERGF (median PBIAS of 0.26%) showed the best overall 420 

performance, followed by MSWEP (median PBIAS of 1.18%), rain gauges (median PBIAS of 3.27%), and  421 

PERSIANN–CDR (4.09%) (Fig. 12d). CHIRPS (median PBIAS of 11.99%) and SM2RAIN–ASCAT 422 

(median PBIAS of 13.78%) showed Satisfactory levels while APHRODITE (median PBIAS of 19.76%) 423 

showed a Not Satisfactory level for PBIAS.  424 

4.2.2. Streamflow simulation driven by SPPs at different basin sizes 425 

 



 
Fig. 13. The streamflow comparison in XL basin at (1) daily and (2) monthly scale between observed and 426 

simulated streamflow, driven by a) Rain gauges, b) IMERGF, c) MSWEP, d) SM2RAIN–ASCAT, e) 427 

APHRODITE, f) CHIRPS, and g) PERSIANN–CDR between 2007 and 2015. The Cal. Calibration (2009 428 

– 2012), the Val. Validation (2013 – 2015). 429 

The gauge–based simulations showed the best overall performance over eleven basins in terms of NSE 430 

and PBIAS scores at the largest basin – XL basin (6430 km2) (Fig. 13). Other SPPs represented good scores 431 

which are lower in calibration and higher in the validation period (Fig. 13). IMERGF exhibited comparable 432 

results to the rain gauges in the daily simulation but outperformed the rain gauges in the monthly simulation.  433 

We also considered the performance of SPPs over different basin sizes: large (> 4000 km2), medium (≤ 434 

4,000 km2 and > 1000 km2), and small (≤ 1000 km2) and the observation (2009 – 2015) (Table 6).  435 



Table 6. The median monthly NSE scores of SWAT models driven by rain gauges and SPPs are categorized 436 

by basin sizes. Change (in percentage) in NSE is calculated when the basin area decreases. 437 

Basin size 
Rain 

gauges 
IMERGF MSWEP 

SM2RAIN–

ASCAT 
APHRODITE CHIRPS 

PERSIANN–

CDR 

Large 0.89 0.775 0.7 0.655 0.775 0.74 0.675 

Medium 0.84 0.755 0.595 0.585 0.565 0.455 0.51 

Small 0.83 0.43 0.48 0.43 0.2 0.36 0.44 

Change in NSE (%) 

Large–Medium  – 5.61 – 2.58 – 15 – 10.68 – 27.09 – 38.51 – 24.44 
Large–Small  – 6.74 – 44.51 – 31.40 – 34.35 – 74.19 – 51.35 – 34.81 
Medium–

Small 
– 1.19 – 43.04 – 19.32 – 26.49 – 64.60 – 20.87 – 13.72 

We found that (1) SPPs’ streamflow performances decreased when the basins’ area decreased. SPPs 438 

showed the best monthly streamflow performances in large basins but significantly decreased when the 439 

basin area decreased (Table 6); (2) CHIRPS showed the highest change of NSE when the basin area 440 

changed; (3) APHRODITE showed the highest decrease when basin area decreased from large to small; (4) 441 

SPPs showed at least 30% change in the model performance in terms of NSE; (5) IMERGF showed the 442 

best performance for streamflow simulation in large and medium size basins (Table 6 and Fig. 12).  443 

4.2.4. SPPs performance in flood peak simulation at different basin sizes 444 

 445 



Fig. 14. The comparison of average flood peaks (2009 – 2015) at different basin sizes between observation 446 

and a) Rain gauges, b) IMERGF, c) MSWEP, d) SM2RAIN–ASCAT, e) APHRODITE, f) CHIRPS, and 447 

g) PERSIANN–CDR. The symbol’s size represents the size of the catchment. The 1:1 represents the best 448 

match between simulated and observed flood peaks.   449 

We used our CAFR framework to evaluate the performance of SPPs in simulating flood peaks in 450 

different basin sizes. Figure 14 represents the comparison between the SPP–driven average simulated flood 451 

peaks at large (> 4000 km2), medium (≤ 4,000 km2 and > 1000 km2), and small (≤ 1000 km2) basins and 452 

the observation (2009 – 2015). In general, rain gauges showed the best performance in simulating flood 453 

peaks over different basin sizes (Fig. 14a), followed by IMERGF (Fig. 14b) and MSWEP (Fig. 14c). Other 454 

SPPs showed underestimations of flood peaks, especially in medium and large size basins (Fig. 14). These 455 

results provided a better understanding of using these SPPs for flood forecasting in which flood forecasting 456 

models in conjunction with climate scenarios can be used to evaluate how these potential changes may 457 

impact the frequency, intensity, and geographic distribution of floods. This can be critical in informing 458 

decision–making for infrastructure, urban planning, and disaster response.  459 

4.3. The correlation of SWAT simulations–performed by SPPs to rain gauges  460 



 
Fig. 15. Analysis of the bivariate relationship between SWAT simulations performed by SPPs and rain 461 

gauges, rain gauge density, and basin elevation range. The 3D plot represents the SPPs’ performance trends 462 

relative to the rain gauge (P%). The size of the black dot represents the basin’s dimensions. 463 

IMEGRF performed best as all chosen basins showed the lowest deviation from rain gauges (Fig. 15). 464 

In contrast, PERSIANN–CDR and APHRODITE significantly differed in basin performance. Larger basins 465 

tended to have less rain gauges, and when SPP was used to simulate streamflow in large basins, the results 466 

were similar to those from rain gauges. Figure 15 indicated that low rain–gauge density exhibited high 467 

Prelative values, consistent with the findings of Günter et al. (2013) and Le et al. (2020). It means hydrological 468 

simulations tend to perform better in watersheds with large storage capacities, and the because of the small 469 



relative variance in these watersheds’ streamflow, simulation results are superior to those of smaller 470 

watersheds.  471 

4.4.  CAFR ranking using the MCDM method 472 

The MCDM programming method with the PROMETHEE I (partial ranking) and II (complete ranking) 473 

was used at the final stage of the CAFR framework to rank SPPs (see section 3.1).  474 

Table 6. Summary of SPPs’ ranking using the MCDM method. 475 

Product  𝜙𝜙+(𝑥𝑥)  𝜙𝜙−(𝑥𝑥)  𝜙𝜙(𝑥𝑥) = 𝜙𝜙+(𝑥𝑥) − 𝜙𝜙−(𝑥𝑥) Ranking 

IMEGRF 3.862 1.137 2.725 1 

MSWEP 2.862 2.068 0.794 2 

SM2RAIN–ASCAT  2.62 2.379 0.241 3 

APHRODITE  2.551 2.379 0.172 4 

CHIRPS 1.586 3.379 – 1.793 5 

PERSIANN–CDR  1.413 3.551 – 2.138 6 

SPPs were ranked based on 𝜙𝜙(𝑥𝑥) values; the lowest value represents the worst–performing product, 476 

while the higher value represents a higher ranking. The calculated 𝜙𝜙(𝑥𝑥) values were analyzed from over–477 

performed steps for each basin, not the average or median scores, to maintain the overall accuracy of this 478 

approach. All the metrics are equivalently treated in deriving the final rank index. We determined positive 479 

and negative outranking flows for each alternative, conducted a partial ranking, and calculated the net 480 

outranking flow for each alternative, resulting in the final ranking of SPPs. In general, IMERGF was the 481 

best, followed by MSWEP, SM2RAIN–ASCAT, APHRODITE, CHIRPS, and PERSIANN–CDR (Table 482 

6).  483 

4.5. Limitations and future study 484 

We acknowledged that one of the limitations was the use of different spatial resolutions of SPPs. 485 

Additionally, we would consider extending the streamflow simulation, which was limited in this study due 486 

to the scarcity of observed streamflow and in situ precipitation data from meteorological stations. Our future 487 

works would aim to increase the performance of SPPs by applying bias correction techniques. 488 

On the other hand, our future work will also involve verifying the accuracy of other hydrological 489 

variables, particularly soil moisture, using the latest data obtained from the 400 m and 1 km downscaled 490 



Soil Moisture Active Passive (SMAP) (Fang et al., 2020, 2021a, 2021b, 2022). This variable has been 491 

shown to have an impact on hydrological simulation in various regions, including Vietnam (Le et al., 2020), 492 

Lower Mekong River Basin (Dandridge et al., 2020), and droughts in Australia (Fang et al., 2021a). The 493 

validation of hydrological models such as SWAT with soil moisture measurements will assist in refining 494 

the model’s predictions of streamflow. 495 

5. Conclusions 496 

This study introduces the CAFR framework, which aims to evaluate the capabilities of using SPPs in 497 

hydrological models for streamflow simulation. The CAFR was tested in eleven basins with varying sizes 498 

throughout Vietnam’s sub–climate regions. The main findings are summarized:  499 

(1) IMERGF demonstrates the highest overall performance among all SPPs in simulating streamflow. It 500 

shows consistent rainfall estimates across different basin sizes, with the best performance observed in 501 

large basins. Flood peak simulations driven by IMERGF and MSWEP perform comparably to 502 

simulations driven by rain gauges. 503 

(2) SM2RAIN–ASCAT exhibits the lowest rainfall bias (RB) score compared to rain gauges during the 504 

dry season, suggesting a good SPP for drought detection and analysis. It also shows the highest skill 505 

(NSE) in simulating streamflow in a semi–arid basin. 506 

(3) The performance of SPP–driven streamflow simulations varies with basin size. SPPs perform best in 507 

terms of monthly streamflow in large basins, but the performance decreases significantly as the basin 508 

area decreases. The model performance, as measured by NSE, can vary by at least 30% across different 509 

SPPs.  510 

(4) The CAFR provides a comprehensive ranking of SPPs by comparing their rainfall estimates with rain 511 

gauges and evaluating their performance in hydrological streamflow simulations. The performance of 512 

SPPs varies across regions, but CAFR resolves this variability and offers an optimal ranking. 513 

This study’s results show a more effective approach to understanding the application of SPPs in 514 

hydrological modeling. These results are useful for estimating water resources and supporting water 515 

management in Vietnam and Southeast Asia, and this framework could be applied to similar regions in 516 

other future works. 517 

 518 
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