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Abstract

:

The acquisition of the precise spatial distribution of precipitation is of great importance and necessity in many fields, such as hydrology, meteorology and ecological environments. However, in the arid and semiarid regions of Northwest China, especially over mountainous areas such as the Heihe River basin (HRB), the scarcity and uneven distribution of rainfall stations have created certain challenges in gathering information that accurately describes the spatial distribution of precipitation for use in applications. In this study, the accuracy of precipitation estimates from eight high-resolution gridded precipitation products (CMORPHv1-CRT, CRU TSv.4.05, ERA5, GSMaP_NRT, IMERG V06B-Final, MSWEPv2.0, PERSIANN-CDR and TRMM 3B42v7) are comprehensively evaluated by referring to the precipitation observations from 23 stations over the HRB using six indices (root mean square error, standard deviation, Pearson correlation coefficient, relative deviation, mean error and Kling–Gupta efficiency) from different spatial and temporal scales. The results show that at an annual scale, MSWEP has the highest accuracy over the entire basin, while PERSIANN, CRU and ERA5 show the most accurate results in the upper, middle and lower reaches of the HRB, respectively. At a seasonal scale, the performance of IMERG, CRU and ERA5 is superior to that of the other products in all seasons in the upper, middle and lower reaches, respectively. Over the entire HRB, PERSIANN displays the smallest deviation in all seasons except for spring. TRMM shows the highest accuracy in spring and autumn, while MSWEP and CRU show the highest accuracy in summer and winter, respectively. At a monthly scale, TRMM is superior to the other products, with a relatively stronger correlation almost every month, while GSMaP is inferior to the other products. Moreover, MSWEP and PERSIANN perform relatively best, with favorable statistical results around almost every station, while GSMaP shows the worse performance. In addition, ERA5 tends to overestimate higher values, while GSMaP tends to overestimate lower values over the entire basin. Moreover, the overestimation of ERA5 tends to appear in the upper reach area, while that of GSMaP tends to appear in the lower reach area. Only CRU and PERSIANN yield underestimations of precipitation, with the strongest tendency appearing in the upper reach area. The results of this study display some findings on the uncertainties of several frequently used precipitation datasets in the high mountains and poorly gauged regions in the HRB and will be helpful to researchers in various fields who need high-resolution gridded precipitation datasets over the HRB, as well as to data producers who want to improve their products.
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1. Introduction


The acquisition of a precise spatial distribution of precipitation plays a vital role in a wide range of fields, such as agriculture, ecosystems and water resource management [1,2,3,4]. As an important atmospheric input parameter in terrestrial ecosystem models and hydrological models, the accuracy of precipitation is of great importance for model simulation results [5]. However, it is very challenging to obtain high-quality precipitation estimates at fine spatial–temporal resolutions [6], especially in poorly gauged and highly mountainous areas. Rain gauges are traditional and reliable tools used to measure point-scale precipitation, with high accuracy at specific locations [7], which typically serve as the benchmark for the evaluation of various precipitation products. Precipitation is accompanied by complex physical processes with large temporal and spatial variability, making it difficult to conduct large-scale regional monitoring [8]. Although China has established a multilevel distribution and denser meteorological and hydrological observation network, there are still many problems in areas that are remote or have complex terrain, such as the sparse distribution of observation sites, non-continuous measurements, and high-cost maintenance [9,10].



With the rapid development of satellite remote sensing technology and data retrieval algorithms as well as computer science, the applications of satellite- and reanalysis-based precipitation estimates have gained much attention for obtaining the spatial distribution of precipitation, particularly in sparsely gauged regions and highly mountainous areas [11,12,13]. These products are increasingly available to the public, which significantly improves our understanding of precipitation characteristics [14,15,16] and promotes a variety of hydrometeorological applications [17,18,19,20], especially over poorly gauged regions, such as the HRB in China. Until now, several satellite, reanalysis-based and merged precipitation products have been developed and have become operational, including the Asian Precipitation—Highly Resolved Observational Data Integration Towards Evaluation (APHRODITE), the Climate Prediction Center Morphing technique product (CMORPH) [21,22], the Climate Research Unit dataset (CRU), the latest climate reanalysis product (ERA5) of the European Centre for Medium-Range Weather Forecasts (ECMWF), integrated Multi-satellite Retrievals for Global Precipitation Measurement Mission (GPM) (IMERG) and Global Satellite Mapping of Precipitation (GSMaP) of NASA’s GPM, Multi-Source Weighted-Ensemble Precipitation (MSWEP), Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks Climate Data Record (PERSIANN-CDR) [23] and the Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA) [24], among others. Products with high accuracy can improve the capability to predict natural hazards, such as floods, droughts and landslides, especially in ungauged regions [25,26]. Nevertheless, these products are inherently subjected to large uncertainties and biases arising from the retrieval algorithms, indirect measurements and parameters of numerical models [27,28,29].



There have been several studies on the evaluation of the accuracy of these data products around the world [30,31,32]. Dinku et al. [33] examined the accuracy of seven products over Colombia, finding a low accuracy in PERSIANN and TRMM 3B42RT and relatively high accuracy in CMORPHv0. In addition, they also indicated that the products were good at detecting the occurrence of rainfall but poor at estimating the amount of daily precipitation. Salio et al. [34] evaluated six different products over South America (TRMM 3B42v6, TRMM 3B42v7, TRMM 3B42RT, CMORPHv0, HYDRO and the CoSch) and found that the accuracy of satellite rainfall estimates that included microwave measurements was higher than those with only infrared (IR) information. Wang et al. [35] found that ERA5 showed higher precipitation in the Arctic than ERA-Interim. Sharifi et al. [36] concluded that the monthly precipitation products of IMERG and ERA both had a problem with overestimation in Austria, and when the daily precipitation was greater than 10 mm, they both had a lower detection degree. Tarek et al. [37] deduced that the hydrological model constructed using ERA5 could better reflect the observation results in most parts of North America, and the deviation was lower compared with the previous generation of products. However, there has been little research on a comprehensive accuracy evaluation and comparison for up to eight or more kinds of high-resolution gridded precipitation products at the same time, especially in sparsely gauged and ungauged highly mountainous regions around the world, such as the HRB in China.



Precipitation with strong heterogeneity has been well documented in the HRB since the complex topography [38,39] and precipitation over this region play a significant and critical role in influencing the formation and change of water resources and their impact on the sustainable development of oasis socioeconomic development, agricultural production and environmental changes [40,41]. However, the scarcity and uneven distribution of meteorological stations in the HRB together with the complex mountainous terrain create certain difficulties in the study of these processes [42]. Based on the precipitation-observed data from 17 available national meteorological stations and six automatic weather stations in the HRB from January 2016 to December 2019, this study comprehensively evaluates and compares the accuracy of the CMORPHv1.0-CRT, CRU TS v.4.05, ERA5, GSMaP_NRT, IMERG V06B-Final, MSWEPv2.0, PERSIANN-CDR and TRMM 3B42v7 products from different scales of year, season and month and at the same time from both the stations and the entire HRB, as well as its upper, middle and lower reaches. These products are often used in climate analysis and the assessment of climate models and have been adopted for various applications in the HRB [43,44,45,46,47,48,49]. However, the quality of these eight products has not been well validated in the HRB. Our results provide the characteristics and differences among these products and thus offer data users some context for choosing a suitable dataset for a particular application, as well as helping to inspire innovations and improvements in the datasets of these products in the future.




2. Study Area and Data


2.1. Study Area


The Heihe River originates in the Qilian Mountains, flows through an irrigated agricultural area and finally joins two lakes in the desert in the north, forming the second-largest inland river basin, the HRB, in China. The HRB is located in the arid inland area of Northwest China (Figure 1). It is a large inland water system in Northwest China that flows through Qinghai, Gansu and Inner Mongolia. The geographic location is between 37°50′ and ∼42°40′N, 98°00′ and ∼101°30′E, and the drainage area is 142,900 km2. The climate is mainly affected by the circulation of the westerly zone in the middle and high latitudes and the influence of the polar cold air mass. The dry climate and uneven distribution of precipitation during the year have caused large differences in precipitation between the northern and southern areas in the basin. There are significant regional differences in landform characteristics within the basin, with the Qilian Mountains in the south, Corridor Plain in the middle and low mountains and the Alxa Plateau in the north bordering the Badain Jaran Desert [40]. The Qilian Mountains are the formation area of surface water resources in the upper, middle and lower reaches of the basin, and the amount of precipitation directly affects the conditions of glaciers, snow and runoff in the upper reaches of the Heihe River [50,51].




2.2. Datasets


2.2.1. High-Resolution Gridded Precipitation Products


Eight high-resolution gridded precipitation products were evaluated in this study (Table 1). They are the Climate Prediction Center Morphing technique product Version 1 (CMORPHv1.0-CRT, hereafter CMORPH) and Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks Climate Data Record (PERSIANN-CDR, hereafter PERSIANN) at a daily scale, as well as the current version of the Climate Research Unit TS dataset (CRU TS v.4.05, hereafter CRU), the Fifth generation of ECMWF atmospheric reanalysis of the global climate (ERA5) of the ECMWF as the latest climate reanalysis product, integrated Multi-satellite Retrievals for GPM Final Precipitation Version 06B (IMERG V06B-Final, hereafter IMERG) and the Near Real Time Global Satellite Mapping of Precipitation Version 6 (GSMaP_NRT v6, hereafter GSMaP) of NASA’s GPM, Multi-Source Weighted-Ensemble Precipitation Version 2 (MSWEP V2.0, hereafter MSWEP) and the Tropical Rainfall Measuring Mission 3B42v7 (TRMM 3B42v7, hereafter TRMM) of TMPA at a monthly scale. These eight products are classified into five main categories: (1) gauge-based products (CRU), (2) satellite-based products (GSMaP), (3) reanalysis products (ERA5), (4) gauge-corrected and satellite-based products (PERSIANN, TRMM, CMORPH and IMERG) and (5) merged products (MSWEP). Gauge-based products, satellite-based products and reanalysis products are only based on gauged precipitation, satellite data and reanalysis, respectively, while merged products combine gauge, satellite and reanalysis datasets. Gauge-corrected and satellite-based products are firstly based on satellite data and then corrected by gauged data. Among the five categories, one product was selected to represent each category except, four most commonly used products were chosen to represent gauge-corrected and satellite-based products. In this study, the data for four years from 2016 to 2019 from these eight products were used. The specific information regarding these products is summarized in Table 1.



The CMORPH product is a satellite precipitation product with a spatial resolution of 0.25° × 0.25° provided by the National Oceanic and Atmospheric Administration (NOAA). Since 1998, CMORPH V1.0 has provided two near-real-time and bias-corrected products named CMORPH-RAW and CMORPH-CRT. The product used in this study was CMORPH-CRT, which uses motion vectors derived from 3-hourly IR satellite imagery to propagate the relatively high-quality precipitation estimates derived from passive microwave (PMW) data [21]. It is bias corrected through matching a probability density function (PDF) of daily CMORPH-RAW against the CPC daily gauge analysis and the Global Precipitation Climatology Project (GPCP) over land and ocean from 1998 to the present.



The CRU TS dataset is one of the most widely used observed climate datasets and is produced by the UK’s National Center for Atmospheric Science (NCAS) at the University of East Anglia’s CRU. It provides monthly data on a 0.5° × 0.5° grid covering land surfaces (except Antarctica) from 1901 to 2020 with ten variables, all based on near-surface measurements. Version 4 of this dataset used an improved interpolation process, which delivers full traceability back to station measurements. In addition, cross-validation was performed at the station level, and the results can be examined to guide the accuracy of the interpolation.



The ERA5 dataset is a reanalysis product that provides monthly data with a spatial resolution of 0.1° × 0.1° covering the global areas (90°N–90°S) from 1979 to the present. It is the latest product of global reanalysis from the European Center for Medium-Term Weather Forecast with much higher spatiotemporal resolutions compared with ERA-Interim. This product combines vast amounts of historical observations into global estimates using advanced modeling and data assimilation systems. Currently, it has replaced the ERA-Interim reanalysis, which stopped being produced on 31 August 2019.



The GSMaP product was produced using the Japan Aerospace Exploration Agency (JAXA) Global Rainfall Watch System based on the combined MW-IR algorithm using extensive satellite data from both PMW and IR sensors. It has a quasi-global coverage (60°N–60°S) with high spatial and temporal resolutions (0.1° × 0.1°). The GSMaP_NRT dataset used here is a near-real-time version of the GSMaP algorithm.



The IMERG product was generated through the intercalibration, interpolation and integration of “all” microwave satellite-based precipitation estimates, precipitation gauge analyses, microwave-calibrated IR satellite estimates and other precipitation estimators [52]. It currently covers the quasi-global areas ranging from 60°N–60°S with a 0.1° × 0.1° spatial resolution. Version 6 of this product used in this study includes many major improvements over previous versions.



The MSWEP is a global merged dataset that provides data with a 0.1° × 0.1° spatial resolution available from 1979 to the present. This product is unique in that it merges gauge, satellite and reanalysis data to obtain the highest quality precipitation estimates at every location. It incorporates daily gauge observations and accounts for gauge-reporting times to reduce temporal mismatches between satellite reanalysis estimates and gauge observations. Version 2 of this dataset features new data sources, improved weight maps, less peaky precipitation estimates, a longer record, near real-time estimates and compatibility with multisource weather (MSWX).



The PERSIANN product was produced using network function classification or approximation procedures based on geostationary IR brightness temperature images and daytime visible imagery [53,54]. Since conversion from IR to precipitation rate requires a complex algorithm, it relies heavily on IR data. It covers an area from 60°N to 60°S globally with a 0.25° × 0.25° spatial resolution from 1982 to the present and was developed by the Center for Hydrometeorology and Remote Sensing (CHRS) at the University of California, Irvine (UCI).



The TRMM is a joint mission between NASA and JAXA developed to provide a detailed dataset of rainfall distribution over tropical and subtropical regions [55]. This mission is intended to provide estimates of quasi-global rainfall at a relatively high spatial resolution (0.25° × 0.25°) in both real time and post real time, which is calibrated with monthly rain gauge data from the Global Precipitation Climatology Center (GPCC) [24]. The dataset combines IR data from geosynchronous Earth orbit (GEO) and PMW data from LEO satellites. The TRMM product used here is TMPA’s data product (3B43 monthly precipitation data of Version 7), which adjusts its bias based on monthly rain gauge observations. It covers an area from 50°N to 50°S with a 0.25° × 0.25°spatial resolution from 1982 to 1 January 2020.



In preliminary data exploration, the monthly precipitation data in December 2018 from the MSWEP were found to be abnormal with extremely high values. By referring to the observations from national meteorological stations and gathering local weather information, we defined the data as outliers of precipitation in December 2018 from the MSWEP. Consequently, these data were excluded when we directly compared the values and calculated indices to evaluate accuracy. However, it remains to be explored in the future why these abnormal data appear in the MSWEP, which is also an important factor that would affect the evaluation of accuracy.




2.2.2. Gauged Precipitation


To evaluate the accuracy of the eight precipitation products mentioned above, these datasets were compared with precipitation observations at gauges from national meteorological stations and automatic weather stations, which provide relatively accurate local information. Therefore, daily precipitation observations from 17 available national meteorological stations and 10 min precipitation observations from 6 available automatic weather stations over the HRB from January 2016 to December 2019 were downloaded from the China Meteorological Data Service Center (http://data.cma.cn/en, accessed on 25 February 2021) and the Third Pole Environment Data Center (http://data.tpdc.ac.cn/en/, accessed on 23 March 2021). Several automatic weather stations were not selected since they lack records of data in a year or more from 2016 to 2019. To cover as many rain gauges as possible, five stations outside the HRB but fairly close to its boundary were included. All the stations chosen had no missing data during the study period. A summary of the information regarding these stations is listed in Table A1. All records from these two station groups were strictly quality controlled before being made public and they have been used in extensive studies.






3. Methodology


3.1. Data Preprocessing


In regard to the time scale, all three-consecutive-monthly data for each season were accumulated as seasonal data: December to February (winter), March to May (spring), June to August (summer) and September to November (autumn). The data of all 12 months were accumulated as the annual precipitation. Among all products downloaded, part of the data was at a daily scale, and the accumulated data of each day in a month were the corresponding monthly data. In regard to the spatial scale, all data had to be unified under the same projection and geographic coordinate system (GCS_WGS_1984) through spatial adjustment and georeferencing, and the unit (mm) of all products was unified through raster calculation.




3.2. Evaluation Method


In this study, the value of each precipitation product at its spatially corresponding station was extracted to provide a direct comparison with the contemporaneous ground observations. The results using the center of each nearest cell without applying interpolation and the results calculated from the adjacent cells with valid values using bilinear interpolation are almost the same. To evaluate the accuracy of these precipitation products, this study adopted five statistical indices, including the root mean square error (RMSE), the standard deviation (SD), the Pearson correlation coefficient (R), the relative deviation (BIAS) and the mean error (ME). The RMSE is used to evaluate the overall level of error with its value inversely related to the accuracy; SD can reflect the standard error of the precipitation products and the degree of dispersion of the dataset; R is used to measure the closeness of the linear correlation between the observed value and the estimated value; and BIAS is used to evaluate the average trend of the precipitation estimates with respect to the error of the precipitation gauges. ME is the average error between the estimation value and the observation value. They can be calculated as:


  RMSE =    1 n      ∑  i = 1  n    (   x i  −  y i   )     2     
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  BIAS =    1 n    ∑  i = 1  n    (   x i  −  y i   )        ∑  i = 1  n    y i      × 100 %  
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  ME =  1 n    ∑  i = 1  n    (   x i  −  y i   )     



(5)




where n is the total number of data records; i is the i-th data point in the entire dataset; xi is the value of satellite, merged or reanalysis-based precipitation product; and yi is the value of gauged precipitation at the stations.



The Kling–Gupta efficiency (KGE′) statistic proposed by Gupta et al. [56] and modified by Kling et al. [57] was also used in this study, which balances the contributions of the correlation, bias and variability terms. The KGE’ can be calculated as:


   KGE ′  = 1 −      (  r − 1  )   2  +    (  β − 1  )   2  +    (  γ − 1  )   2     



(6)






  β =    μ  t a r      μ  r e f      
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  γ =   C  V  t a r     C  V  r e f     =      σ  t a r    /   μ  t a r          σ  r e f    /   μ  r e f        



(8)




where r is the R between the reference (ref) dataset and target (tar) datasets, ref refers to the observed precipitation at stations, tar refers to the estimated precipitation from the different precipitation products, β is the bias ratio, γ is the variability ratio, μ is the mean value, CV is the coefficient of variation and σ is the SD. The KGE’ ranges in (−∞, 1]. The larger the value is, the better the dataset performs.



The technical route of this study is shown in Figure 2.





4. Results


4.1. Accuracy Evaluation at an Annual Scale


The spatial distributions of annual mean precipitation over the HRB during 2016–2019 are displayed in Figure 3. The mean annual precipitation according to the observations at stations shows obvious regional differences. It indicates an increasing trend from less than 50 mm in the lower reaches of the basin to more than 450 mm in the upper reaches of the basin. This indicates that the mountain area with higher elevation in the southern part of the HRB gains more precipitation than the plains and desert area with lower elevation in the northern part of the HRB. The annual mean precipitation of the eight products shares certain characteristics consistent with those of the observations at stations: precipitation increases from the lower to the upper reaches of the HRB, with the least precipitation appearing in the northern region and the most precipitation appearing in the southern region. However, there are still differences in how each product performs. Among them, CRU and PERSIANN both tend to underestimate the annual precipitation in the upper reaches of the HRB, with CRU more obviously doing so (less than 300 mm), while ERA5 and MSWEP both tend to overestimate the annual precipitation in the same area, with ERA5 more obviously doing so (almost all over 450 mm in the upstream region). Nevertheless, CRU and PERSIANN overestimate precipitation in the downstream region (no less than 50 mm). In addition, GSMaP also appears to overestimate the annual precipitation in the lower reaches of the HRB, which is even greater than CRU and PERSIANN (no less than 100 mm).



For further exploration of the performance of these eight products at an annual scale, values of the nearest grid cells of annual precipitation for each product at its spatially corresponding station were extracted. Then, three indices, including the BIAS, ME and KGE’, of the annual precipitation from each product over the entire HRB and its upper, middle and lower reaches were calculated (Figure 4).



In the entire HRB, regarding the deviation, it is shown that among all products, only CRU and PERSIANN tend to underestimate precipitation, but PERSIANN has better statistical results than CRU. Among the other products that tend to overestimate precipitation at an annual scale, CMORPH performs the best (BIAS = 0.265%, ME = 54.05 mm), and ERA5 appears to be the worst product which tends to considerably overestimate the amount of precipitation in the entire HRB (BIAS = 0.71%, ME = 143.93 mm). However, comprehensively considering the correlation, bias ratio and variability ratio of each product at an annual scale in the HRB, MSWEP outperforms the other products (KGE’ = 0.69) with the best performance in terms of deviation, and CRU displays the most undesirable performance.



Furthermore, in the sub-regions of the HRB, the accuracy of these products exhibits pronounced spatial heterogeneity. In the upper reach area, CRU and PERSIANN still underestimate precipitation, with PERSIANN (BIAS = −1.02%, ME = −113.42 mm) still showing higher consistency with the observations than CRU (BIAS = −1.71%, mm = −190.05 mm). ERA5 (BIAS = 2.98%, ME = 331.75 mm) still performs the worst, while CMORPH (BIAS = 0.12%, ME = 13.65 MM) still provides the most favorable result among the products that tend to overestimate precipitation. However, CMORPH displays more satisfactory precision than PERSIANN, thus being the best product among all products in the upper reach area. In the middle reach area, all products tend to overestimate precipitation, among which, however, CRU (BIAS = 0.13%, ME = 9.43 mm) outperforms the others, while GSMaP (BIAS = 1.83%, ME = 135.26 mm) has the largest bias. In the lower reach area, no product tends to underestimate precipitation, and ERA5 tends to overestimate the least (BIAS = 0.19%, ME = 3.61 mm), while GSMaP (BIAS = 5.14%, ME = 97.27 mm) still shows the most striking overestimation. These results are consistent with those indicated in Figure 3. For the KGE’ in the sub-regions, the overall value is much lower than that in the entire HRB, especially ERA5 (KGE’ = −0.41) and CRU (KGE’ = −0.36) in the upper reach area and GSMaP (KGE’ = −0.75) in the lower reach area. In addition, ERA5 (KGE’ = 0.69) and MSWEP (KGE’ = 0.67) are slightly superior to the other six products in the lower reaches of the HRB.



To gain better insights into the accuracy of these eight products at an annual scale, RMSE, R and SD were calculated and presented in Taylor diagrams (Figure 5). Taylor diagrams can concisely and appropriately summarize the degree of correspondence between the estimates from the precipitation products and observations at stations by considering the three statistical indices mentioned above: the spatial correlation (CC), RMSE and the standard deviations (STDs) in a quarter circle, with the points closer to the “OBS” point on the X-axis showing better accuracy. According to Figure 5, the overall accuracy of these products in the entire HRB is higher than that in the sub-regions; in the sub-regions, the overall performance in the lower reach area is better than that in the other two regions, while the overall performance in the upper reach area is the least favorable. However, it remains to be tested whether this worse performance in the upper reaches is caused by the lower accuracy of the products or the larger amount of precipitation in this area.



In the entire HRB, all products display a strong correlation with the observations (R ≥ 0.6), among which, ERA5 and MSWEP show the strongest correlation (R close to 0.9). In addition, MSWEP has the best statistical results overall, and TRMM also shows a relatively good performance; in contrast, CRU and ERA5 are the least accurate. In the upper reach area, all products perform relatively poorly, and PERSIANN is slightly superior to the others. In the middle reach area, MSWEP, GSMaP and ERA5 show more satisfactory precision, while CMORPH appears to be the least accurate. However, in the lower reach area, CMORPH appears to be a more reliable source for precipitation than in the upper and middle reaches, and ERA5 performs the best, while CRU again has the relatively worst performance.




4.2. Accuracy Evaluation at a Seasonal Scale


4.2.1. Performance in the HRB


To further evaluate the accuracy of these products over the entire HRB at a seasonal scale, indices including the BIAS, ME and KGE’ of the seasonal precipitation for each product over the entire HRB were calculated and are presented in Figure 6. The results show that in spring, only CRU tends to slightly underestimate precipitation (BIAS = −0.11%, ME = −3.95 mm), while the other seven products all tend to display overestimations, especially ERA5 and GSMaP. However, CMORPH provides the most favorable results with BIAS and ME values closest to 0, and PERSIANN also has a relatively good consistency with the observations. The results in summer have obvious differences from those in spring. For example, PERSIANN, which tends to overestimate in spring, shows a slight underestimation but still has the least bias from the observations (BIAS = −0.09%, ME = −11.84 mm). In addition, CMORPH, which outperforms all other products in spring, shows a suboptimal accuracy in summer and performs worse than MSWEP and IMERG. Nevertheless, ERA5 still shows the greatest degree of overestimation, while GSMaP performs much better in summer. The overall tendency to underestimate or overestimate precipitation over the HRB by these products in summer is less obvious than that in spring (BIAS closer to 0) and is also the weakest among all seasons. However, the overall value of ME is higher than that in spring since the amount of precipitation in summer is far greater than that in spring. Consequently, this cannot indicate worse overall performance of these products in summer than in spring and better overall performance in winter than in summer for the same reason. The results in autumn share certain common characteristics with those in summer, except for IMERG (BIAS = 0.20%, ME = 6.68 mm), which exhibits the most satisfactory precision among the products showing overestimations instead of MSWEP and IMERG. The overall statistical result in winter is the most undesirable among all seasons, and the performance of each product is similar to that in spring, except for MSWEP and CMORPH, which do not provide rather good results in winter, especially MSWEP (BIAS = 2.60%, ME = 11.74 mm). Among all products at the seasonal scale, TRMM and IMERG show a relatively stable performance, with no best or worst results but relatively good statistical results in all seasons. The overall performance of PERSIANN is not stable since it tends to underestimate in summer and autumn and overestimate in spring and winter. Nevertheless, except in spring, when CMORPH performs slightly better than PERSIANN, PERSIANN outperforms all other products in any other season. As the values of KGE’ indicate, the overall accuracy of the products balancing R, bias ratio and variability ratio over the HRB is better in summer and autumn than in spring and winter. Almost all products show deteriorated performance in winter, with the highest value of KGE’ only up to 0.19 mm (CRU). TRMM is superior to all other products in spring and autumn, while GSMaP displays the lowest consistency with the observations in spring and winter. In addition, MSWEP appears to be the most reliable source of precipitation in summer, and CRU shows the best performance in winter and the worst in summer, which may be due to the characteristics of the overall underestimation of this product.



As shown in Figure 7, indices including RMSE, R and SD of seasonal precipitation from each product are reflected in Taylor diagrams. This indicates that the overall accuracy of the eight products is highest in summer and lowest in winter. The occurrence of ice and snow cover may possibly be the reason for this poor performance of the products in winter. In spring, five out of eight products show a strong correlation with the observations (R ≥ 0.6). CMORPH exhibits the weakest correlation even though it performs the best in the degree of overestimation, which is consistent with what the lower value of KGE’ indicates. However, it is still not the least ideal product in spring. Instead, GSMaP has the lowest accuracy due to its highest degree of overestimation and dispersion, as well as a weak correlation. Among all of the products, PERSIANN provides the most ideal results, which are consistent with what is indicated from its BIAS and ME, while IMERG and MSWEP perform evenly well. The characteristics of each product’s performance in summer vary greatly from those in spring, with GSMaP displaying a rather high accuracy and CRU showing the least ideal results. Except for CRU, all other products exhibit a strong correlation with the observations and a relatively good overall performance, among which, TRMM provides the highest accuracy. In autumn, all products show a strong correlation with the observations except for GSMaP, which is similar to spring but very different from summer. Even though ERA5 outperforms the other products in terms of correlation, it still shows limited consistency with the observations due to its highest SD and RMSE. TRMM and IMERG provide the highest accuracy. The statistical results of all products in winter are much worse than those in other seasons, and CRU provides the most favorable results, which correspond to the indication from the KGE’.




4.2.2. Performance in the Sub-Regions


Further evaluations of the upper, middle and lower reaches during each season are shown in the radar plots in Figure 8. The six indices of seasonal precipitation estimates from each product between observations at stations for different seasons and regions were calculated and normalized to [0, 1]. The indices used in this study are divided into three types: positive indices, negative indices and other indices. R and KGE’ are positive indices since the higher the value is, the better the performance, while RMSE and SD are negative indices, with lower values indicating better performance. Indices such as BIAS and ME are different since the closer their value is to 0, the higher the accuracy. Hence, there is no monotonic relationship between the original value and accuracy, but there is between the absolute value and accuracy. Different types of indices are normalized using different calculation methods. Finally, all indices are normalized to [0, 1], and the closer the value is to 1, the better the performance. Moreover, six normalized indices in each season and region of each product are shown together in one plot, thus making it more convenient to compare and evaluate the performance.



As shown in the radar plots (Figure 8), great differences in the performance of each product in different sub-regions and seasons appear. Among the six indices, R and SD reasonably show the weakest consistency with other indices. In the upper reach area, IMERG has the most satisfactory overall precision, and only in summer does it perform well between the products, followed by TRMM. CMORPH shows relatively good performance in summer and winter but a less ideal result in spring and autumn. In contrast, PERSIANN performs well in spring and autumn but slightly worse in summer and winter, thus making these two products complementary in usage. The precision of CRU is not so constant, as it shows truly deteriorated performance between the products in summer but actually has favorable results in the other three seasons. It is worth noting that the correlations with the observations of ERA5 and MSWEP are stronger than those of any other product, but these two products still do not perform as ideal overall. ERA5 definitely provides the worst statistical results, indicating the lowest accuracy. In the middle reach area, however, CRU displays the highest accuracy, and its performance is also stable during all seasons. In addition, PERSIANN exhibits favorable results as well. ERA5 displays a much more ideal precision than that in the upper reach area. MSWEP has relatively satisfactory precision except in summer and winter. Nevertheless, GSMaP and CMORPH display the lowest accuracy among all products in almost every season. Finally, in the lower reach area, GSMaP still shows the most undesirable performance, while ERA5 is superior to all others. Similar to what is indicated from the plots in the upper reach area, PERSIANN has higher accuracy in spring and winter and a less good performance in summer and autumn. MSWEP has better results overall except in winter, while IMERG outperforms all other products in winter. In addition, TRMM and CRU appear to be reliable sources for precipitation except in summer, with TRMM showing higher accuracy than CRU.





4.3. Accuracy Evaluation at a Monthly Scale


The time series diagrams of the monthly mean precipitation estimates for each product and observations at stations over the HRB (Figure 9a) and the upper (Figure 9b), middle (Figure 9c) and lower (Figure 9d) reaches from January 2016 to December 2019 are shown in Figure 9. The curves of the time series for these eight products all share certain common characteristics with those of the observations at stations, which indicates overall relatively satisfactory precision of these high-resolution gridded precipitation products. This indicates that precipitation over the HRB and its sub-regions is regular, with the year as the recurrence interval. For example, the amount of precipitation reaches a peak in approximately June, July or August every year, which is summertime of every year and remains small from October to March of the next year. From the perspective of the region, the upper reach area gains the largest amount of monthly mean precipitation, while the middle reach area gains the smallest, corresponding to what has been shown in Figure 3. In the entire HRB, it is obvious that ERA5 and GSMaP considerably overestimate precipitation. However, they still perform differently from one another, as ERA5 tends to overestimate higher values, while GSMaP tends to overestimate lower values. This can be supplemented by the difference in their performance in the upper reach area, where the amount of precipitation is larger, and the lower reach area, where the amount of precipitation is smaller. Nevertheless, almost every product except for PERSIANN and CRU tends to overestimate precipitation over the HRB more or less. Between the two products tending to underestimate precipitation, PERSIANN performs better than CRU.



To better examine the accuracy of these eight products at a monthly scale over the entire HRB, the six indices of every product in every month were calculated and combined in bar plots (Figure 10) to make it more convenient to evaluate and compare accuracy. As shown in Figure 10, from April to October in every year, when the amount of precipitation is larger, all products display higher RMSE, SD and absolute ME values than those in other months of a year when the amount of precipitation seems to be smaller. Nevertheless, this cannot indicate undesirable results of all these products since their higher values are due to the higher amount of precipitation as the cardinal number. In contrast, as the bar plots of BIAS and KGE’ in Figure 10 suggest, they all yield a rather weaker tendency to overestimate or underestimate precipitation and higher accuracy. However, with the same amount of precipitation as the cardinal number when products are compared with each other in one month, the lower the RMSE is, the better the performance. For example, products such as PERSIANN, MSWEP and IMERG with lower RMSE and SD, especially from June to August, have higher accuracy, while products such as ERA5 show less satisfactory precision. Moreover, the high RMSE and ME as well as the low KGE’ of GSMaP in December and January indicate the rather deteriorated performance of this product. In addition, as the bar plot of R indicates, the products display a stronger correlation with the observations from June to September when the amount of precipitation is larger as well, while they display a weaker correlation in other months, especially from December to February of the next year. Among all products, TRMM is superior to the others, as it always displays a relatively stronger correlation even in months with smaller amounts of precipitation. In contrast, GSMaP always displays a relatively weaker correlation only in August. TRMM and IMERG display relatively stable performances in terms of correlation with the observations. Hence, in months with small amounts of precipitation, such as December and January, TRMM and IMERG can still display relatively favorable statistical results. It is obvious in the bar plots of BIAS and ME that CRU and PERSIANN underestimate precipitation with CRU, while ERA5 and GSMaP overestimate precipitation with ERA5, tending to overestimate the higher value, and GSMaP tends to overestimate the lower value, which can also be observed in Figure 9.



For further evaluation of monthly precipitation on a spatial scale following that on a time scale, the indices of each product at each station over the HRB from January 2016 to December 2019 were calculated. The spatial distributions of the RMSE and KGE’ of monthly precipitation estimates from each product for stations are shown in Figure 11 and Figure 12.



An increasing trend from less than 5 mm in the lower reach area to more than 30 mm in the upper reach area is shown in the spatial distribution of the RMSE, and each product has a similar pattern. Since the upper reach area gains a larger amount of precipitation, the RMSE at these stations is higher as the cardinal number is higher. This is consistent with what was analyzed in Figure 10. However, there are still differences between these products. For example, GSMaP shows the least ideal performance since the mean value of the points over the entire HRB is the highest among all. As shown in the GSMaP map, all stations, even the two stations in the northeastern HRB, with relatively less precipitation, display a high RMSE. ERA5 and CRU also have less satisfactory precision, as the means are high due to their outstanding problems of noticeable overestimation and underestimation, respectively. However, MSWEP, PERSIANN and TRMM provide favorable results with lower means and reasonable spatial distributions.



For the KGE’, unlike the performance in the RMSE, the spatial distribution pattern of each product is very distinctive from one another, but it can still be seen that in the northeastern and southeastern HRB, almost all products display low accuracy. More specifically, almost every product shows much limited consistency with the observations around the Heihe Remote Sensing station and the desert station. Among all products, GSMaP still performs the worst with a mean KGE’ lower than 0, while PERSIANN outperforms all others with the highest mean KGE’ and the lowest SD of KGE’. In addition, MSWEP also displays satisfactory precision in most areas over the HRB, with the same mean KGE’ as PERSIANN.



Since the KGE’ balances the contributions of the correlation, bias and variability terms, the remaining four indices were not presented on maps to show the spatial distribution pattern, which would actually make no sense, but were displayed in box plots (Figure 13) to show the statistical characteristics on the spatial scale. As demonstrated in Figure 13, CRU shows the minimum fluctuation and median, indicating that SDs at different stations are more similar and do not differ greatly from one another than that of other products. In addition, the value of precipitation estimates from CRU at the same location changes with time in the smallest range among all products. ERA5 shows the greatest degree of dispersion in SD at stations. For R, IMERG displays the highest average level, indicating the strongest correlation with observations on average over the area of the entire HRB. In addition, CRU shows the weakest spatial heterogeneity of R at stations over the entire HRB, but the median is much lower than that of IMERG and TRMM. Therefore, IMERG performs the best, and TRMM also performs well. In contrast, GSMaP displays the worst performance with both the lowest average level and greatest degree of dispersion at the same time. According to the box plots of BIAS and ME, among all products, only CMORPH, CRU and PERSIANN display underestimation and tend to underestimate occasionally at some of the stations, but CMORPH performs the best. PERSIANN performs better than CRU since CRU shows a greater degree of dispersion than PERSIANN. Among the other products that overestimate precipitation, MSWEP shows the best performance, and TRMM also performs well. GSMaP displays the highest average level again, indicating its strongest tendency to overestimate, while ERA5 displays the strongest spatial heterogeneity of ME at stations over the entire HRB.





5. Discussion


Due to the different data production mechanisms and complex topography over the HRB, great discrepancies appear in the performance of the eight precipitation products at different spatial and temporal scales. As expected, the generally poorest performances are observed in the satellite-based product (GSMaP) compared with other gauge-based products, reanalysis products, gauge-corrected and satellite-based products and merged products, especially at the monthly scale since it is without any gauge adjustment, and GSMaP shows limited accuracy and negative spatial correlations with the observational data. The right bias-correction procedures of this product can actually bring significant improvement. However, at a seasonal and annual scale, this deficiency of GSMaP is less obvious. The performances of the gauge-based product (CRU) at a monthly scale are not as favorable as expected, and it often tends to underestimate the precipitation. CRU was constructed solely from station data based on a mathematical interpolation, and the performance of CRU in this study may be probably due to the very limited number of stations used in the development or the interpolation algorithm to be improved. Nevertheless, it is still noteworthy to mention that CRU shows a high accuracy both at a seasonal and annual scale in the middle reaches where the stations are of higher density and in winter when the amount of precipitation is smaller. Besides, as expected, generated from numerical models that combine satellite and gauge observations, the performance of the reanalysis product (ERA5) is not so good compared to the merged product (MSWEP) which combined gauge, satellite and reanalysis datasets at the same time, as ERA5 always tends to overestimate the precipitation, especially the higher values. However, in the lower reaches of the HRB where the amount of precipitation is larger compared to other sub-regions, ERA5 can display the best performance both in estimating seasonal and annual precipitation. MSWEP merges gauge, satellite and reanalysis data to obtain the highest quality precipitation estimates at every location, and it incorporates daily gauge observations and accounts for gauge-reporting times to reduce temporal mismatches between satellite reanalysis estimates and gauge observations. Therefore, MSWEP outperforms all other products over the entire HRB at the annual scale and in summer at the seasonal scale.



The four gauge-corrected and satellite-based products (CMORPH, IMERG, PERSIANN and TRMM) have a similar pattern to other products and all display a relatively remarkable performance. Among them, there is no optimal product among all spatial and temporal scales. The use of motion vectors derived from 3-hourly IR satellite imagery to propagate the relatively high-quality precipitation estimates derived from PMW data do improve the accuracy of CMORPH greatly, and thereby, it exhibits the overall smallest deviation in estimating the seasonal precipitation in the entire HRB. In addition, IMERG performs the best in all seasons in the entire HRB owing to the comprehensive inter-calibration, interpolation and integration of “all” microwave satellite-based precipitation estimates, precipitation gauge analyses, microwave-calibrated IR satellite estimates and other precipitation estimators. PERSIANN tends to underestimate the annual precipitation and displays overall relatively good performance at a seasonal scale, which is less ideal than the other three products. Possibly, the algorithm of the conversion from IR data to precipitation rate is in need to be improved. TRMM relatively outperforms all the products in the evaluation at a monthly scale, which may be due to the calibration with monthly rain gauge data from the GPCC as well as the combination of IR data and PMW data.



The RMSE is one of the most frequently used metrics of the absolute differences between estimated and observed values. In this study, it gives more weight to high rainfall events, and the results are not comparable between areas with different precipitation regimes. However, the evaluation of this study is not solely based on this one index but based on the six indexes comprehensively. As shown in Section 4.1, the Taylor diagram in Figure 5 displays relatively worse performance of all products in the upper reaches of the HRB than other sub-regions. Besides, as the results reported in Section 4.3 show, other indexes suggest that the overall accuracy in the upper reaches is lower than that in other sub-regions, which indicates that the higher RMSE correctly evaluates the performance in the upper reaches. This is opposite to the situation at a monthly scale, in which a higher RMSE was observed in the months with a larger amount of precipitation and a higher overall accuracy of each product. When using RMSE for analysis, it should be noted that it is not possible to simply evaluate the data accuracy performance based on its value.



Sample size may affect the results of the evaluation, and the larger the number of the stations, the more reliable the conclusions. Previous studies have demonstrated the evaluation of precipitation products strongly depend on gauge density [58], and the evaluation results based on relatively lower gauge density tend to underestimate the quality of the products. However, the difference of the performance between each product is relatively obvious in the upper, middle and lower reaches of the HRB, as was verified from the results of this study. In order to make the evaluation more comprehensive and reliable, in view of the complex geographical features of the HRB, this study compared different products in the upper, middle and lower regions, respectively. The stations in the upper reaches and the middle reaches are relatively evenly distributed and representative, while the stations in the lower reaches with larger area are somewhat unevenly distributed, which may lead to several uncertainties in comparison results that should be taken with caution. Nevertheless, since the terrain of the lower reaches is relatively flat and the spatial distribution of precipitation is relatively stable, the stations in this area can also be representative. Moreover, those stations are the most accurate and reliable data source to be referred for the assessment at present. Based on the current availability of long time series observations from the stations in the HRB, this study provided a relatively optimal evaluation in the study area, which can be used as a reference for related applications. However, this still indicates that a higher gauge density network is more desirable to obtain a robust evaluation result. A more comprehensive comparison of the different precipitation products will be conducted based on more available observational datasets in the future study.



Since the verifications were carried out based on observations from the stations, for the products using gauge data in the development, the data are biased towards the station observations. However, since some of the stations are not available internationally, the number of the national meteorological stations used in this study was larger than the number of stations used in the development of these products. That is, the gauge data used for accuracy evaluation were not all involved in the development of these products, and the automatic weather stations used in this study were not involved at all. These overlapping data only represent a small portion of the gauge data, and even if there is a potential impact on the evaluation results, the impact on the overall results is acceptable [59].



In this study, the accuracy of eight precipitation datasets was evaluated and compared at monthly, seasonal and annual scales, since some of the products do not provide daily or hourly precipitation data. In future studies, the accuracy of different high-resolution gridded precipitation products will be evaluated comprehensively at daily and hourly scales as an important supplement to make the applications of the conclusions broader and of greater practical significance.




6. Conclusions


In recent years, the acquisition of a precise spatial distribution of precipitation has played an increasingly vital role in a wide range of fields. This study evaluated the accuracy of eight high-resolution gridded precipitation products based on precipitation observations at 23 stations over the HRB from January 2016 to December 2019. The main findings are:




	
The eight products have different results when evaluated at different spatial and temporal scales but show similar spatial distribution patterns and overall satisfactory precision, indicating the feasibility of using these precipitation products over the HRB in future studies.



	
At an annual scale, among all products, only CRU and PERSIANN tend to underestimate precipitation, with the strongest tendency appearing in the upper reaches. MSWEP outperforms all other products over the entire HRB, while PERSIANN, CRU and ERA5 show the highest accuracy in the upper, middle and lower reaches, respectively.



	
At a seasonal scale:




	(i)

	
In the upper reaches, IMERG provides favorable results in all seasons, while PERSIANN shows relatively good performance in autumn and winter. CRU displays relatively high accuracy except in summer, while TRMM has relatively ideal results except in spring.




	(ii)

	
In the middle reaches, CRU performs well in all seasons; IMERG and TRMM have relatively high accuracy except in summer.




	(iii)

	
In the lower reaches, ERA5 performs well in all seasons; MSWEP shows relatively high accuracy except in winter, and PERSIANN displays satisfactory precision except in summer and autumn.




	(iv)

	
In the entire HRB, CMORPH has the overall smallest deviation from the observations in spring but actually performs poorly in the middle reaches, while PERSIANN has the smallest deviation in all seasons except for spring. TRMM has the highest accuracy in spring and autumn, while the accuracies of MSWEP and CRU are the highest in summer and winter, respectively.









	
At a monthly scale:




	(i)

	
From the perspective of time, in the entire HRB, TRMM is superior to the other products with a relatively stronger correlation almost every month, while GSMaP is inferior to the other products with a relatively weaker correlation, except in August.




	(ii)

	
From the perspective of space, MSWEP and PERSIANN perform relatively best with favorable statistical results around almost every station over the HRB, while GSMaP shows the least ideal performance.




	(iii)

	
ERA5 and GSMaP both always yield overestimations of precipitation, but ERA5 tends to overestimate higher values, while GSMaP tends to overestimate lower values. Moreover, the overestimation of ERA5 tends to appear in the upper reach area, while the overestimation of GSMaP tends to appear in the lower reaches.














In summary, none of these products obviously outperforms the others at every different scale, but there will always be a best alternative resource for precipitation information in each case of different spatial and temporal scales over the HRB. The results of this study will assist researchers in making wiser choices when selecting the right precipitation data for their study or applications and offer data-provider guidance to improve their products. In addition, this study also indicates the uncertainties in currently available precipitation products, especially in mountainous areas that are sparsely gauged or even ungauged, such as the HRB in China. Hence, there is still much room for improvement in the quality of different precipitation products in such regions.
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Table A1. Summary of the information regarding the stations over the HRB used in this study. In the description of type, N represents the national meteorological station and A represents the automatic weather station.






Table A1. Summary of the information regarding the stations over the HRB used in this study. In the description of type, N represents the national meteorological station and A represents the automatic weather station.





	Name
	Longitude (°E)
	Latitude (°N)
	Type
	Reaches
	Elevation (m)





	Dashalong
	98.94
	38.84
	A
	Upper
	3786



	Heihe Remote Sensing
	100.48
	38.83
	A
	Middle
	1520



	Huazhaizi Desert
	100.32
	38.77
	A
	Middle
	1710



	Desert
	100.99
	42.11
	A
	Lower
	924



	Jingyangling
	101.12
	37.84
	A
	Upper
	3747



	Yakou
	100.24
	38.01
	A
	Upper
	4070



	Ejina
	100.45
	38.98
	N
	Lower
	937



	Mazongshan
	101.07
	41.95
	N
	Lower
	1776



	Yumenzhen
	97.03
	41.80
	N
	Lower
	1515



	Dingxin
	97.03
	40.27
	N
	Lower
	1161



	Jinta
	99.52
	40.30
	N
	Lower
	1254



	Jiuquan
	98.88
	40.00
	N
	Middle
	1464



	Gaotai
	98.48
	39.77
	N
	Middle
	1352



	Linze
	99.83
	39.37
	N
	Middle
	1437



	Ayouqi
	100.17
	39.15
	N
	Middle
	1509



	Tuole
	101.68
	39.22
	N
	Upper
	3362



	Sunan
	98.42
	38.82
	N
	Upper
	2302



	Yeniugou
	99.62
	38.83
	N
	Upper
	3437



	Zhangye
	99.60
	38.43
	N
	Middle
	1464



	Minle
	100.28
	39.08
	N
	Middle
	2202



	Qilian
	100.82
	38.47
	N
	Upper
	2779



	Shandan
	100.25
	38.18
	N
	Middle
	1765



	Yongchang
	101.08
	38.80
	N
	Middle
	2055
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Table A2. Summary of the abbreviations in this study.






Table A2. Summary of the abbreviations in this study.





	Abbreviation
	Full Name





	APHRODITE
	Asian Precipitation-Highly Resolved Observational Data Integration Towards Evaluation



	CHRS
	Center for Hydrometeorology and Remote Sensing



	CMORPH
	Climate Prediction Center Morphing technique product



	CRU
	Climate Research Unit



	ECMWF
	European Centre for Medium-Range Weather Forecasts



	ERA5
	The Fifth generation of ECMWF atmospheric reanalysis of the global climate



	GPCC
	Global Precipitation Climatology Center



	GPCP
	Global Precipitation Climatology Project



	GPM
	Global Precipitation Measurement Mission



	GSMaP
	Global Satellite Mapping of Precipitation



	HRB
	Heihe River Basin



	IMERG
	Integrated Multi-satellite Retrievals for GPM



	IR
	Infrared



	JAXA
	Japan Aerospace Exploration Agency



	MSWEP
	Multi-Source Weighted-Ensemble Precipitation



	NCAS
	National Center for Atmospheric Science



	NOAA
	National Oceanic and Atmospheric Administration



	PERSIANN
	Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks Climate Data Record



	PDF
	Probability density function



	PMW
	Passive microwave



	TMPA
	Multi-satellite Precipitation Analysis



	TRMM
	Tropical Rainfall Measuring Mission
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Figure 1. Topography and station distribution map over the HRB. 
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Figure 2. Processing workflow for the precipitation observations at stations and estimates from high-resolution gridded precipitation products of this study. 
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Figure 3. Spatial distribution of annual mean precipitation observations at stations and estimates from each product over the HRB during 2016–2019. 
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Figure 4. Dot plots of three indices of annual precipitation from each product over the HRB and its upper, middle and lower reaches during 2016–2019. 
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Figure 5. Taylor diagrams of annual precipitation estimates from each product in comparison with observations at stations over the (a) entire HRB and (b) upper, (c) middle and (d) lower reaches of the basin during 2016–2019. 
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Figure 6. Dot plots of three indices of seasonal precipitation estimates from each product over the HRB during 2016–2019. 






Figure 6. Dot plots of three indices of seasonal precipitation estimates from each product over the HRB during 2016–2019.



[image: Remotesensing 14 01458 g006]







[image: Remotesensing 14 01458 g007 550] 





Figure 7. Taylor diagrams of seasonal precipitation estimates from each product in comparison with observations at stations over the HRB during 2016–2019. 
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Figure 8. Radar plots of six indices of seasonal precipitation estimates from each product between observations at stations for different seasons and regions during 2016–2019. 
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Figure 9. Time series diagram of monthly mean precipitation of estimates from each product and observations at stations over the (a) entire HRB and (b) upper, (c) middle and (d) lower reach area during 2016–2019. 
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Figure 10. Bar plots of 6 indices of monthly precipitation estimates from each product between observations at stations over the HRB in different months during 2016–2019. 
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Figure 11. Spatial distributions of RMSE of monthly precipitation estimates from each product for stations over the HRB during 2016–2019. 
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Figure 12. Spatial distributions of KGE’ of monthly precipitation estimates from each product for stations over the HRB during 2016–2019. 
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Figure 13. Box plots of four indices of monthly precipitation estimates from each product over the HRB during 2016–2019. 
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Table 1. Summary of high-resolution gridded precipitation products used in this study.
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	Dataset
	Resolution
	Period
	Coverage
	Data Source





	CMORPH
	0.25°, daily
	1998-present
	60°N–60°S
	https://rda.ucar.edu/, accessed on 23 March 2021



	CRU
	0.5°, monthly
	1901–2020
	90°N–90°S
	http://www.cru.uea.ac.uk/, accessed on 23 March 2021



	ERA5
	0.1°, monthly
	1979-present
	90°N–90°S
	https://cds.climate.copernicus.eu/, accessed on 25 March 2021



	GSMaP
	0.1°, monthly
	2014-present
	60°N–60°S
	https://hokusai.eorc.jaxa.jp/, accessed on 26 March 2021



	IMERG
	0.1°, monthly
	2000–2021
	60°N–60°S
	https://disc.gsfc.nasa.gov/, accessed on 28 March 2021



	MSWEP
	0.1°, monthly
	1979-present
	90°N–90°S
	http://www.gloh2o.org/mswep/, accessed on 10 April 2021



	PERSIANN
	0.25°, daily
	1982-present
	60°N–60°S
	https://www.ncei.noaa.gov/, accessed on 28 March 2021



	TRMM
	0.25°, monthly
	1998–2020
	50°N–50°S
	https://disc.gsfc.nasa.gov/, accessed on 3 April 2021
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